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Abstract

Background: Breast cancer (BC) is the leading malignancy among women
worldwide.

Aim: This work aimed to present a comprehensively bioinformatic analysis of
gene expression profiles and to identify the hub genes during BC tumorigenesis,
providing potential biomarkers and targets for the diagnosis and therapy of BC.
Materials & Methods: In this study, multiple public databases, bioinformatics
approaches, and online analytical tools were employed and the real-time reverse
transcription polymerase chain reaction was implemented.

Results: First, we identified 10, 107, and 3869 differentially expressed genes
(DEGS) from three gene expression datasets (GSE9574, GSE15852, and GSE42568,
covering normal, para-cancerous, and BC samples, respectively), and investi-
gated different biological functions and pathways involved. Then, we screened
out 8, 16, and 29 module genes from these DEGs, respectively. Next, 10 candidate
genes were determined through expression and survival analyses. We noted that
seven candidate genes JUN, FOS, FOSB, EGRI1, ZFP36, CFD, and PPARG were
downregulated in BC compared to normal tissues and lower expressed in aggres-
sive types of BC (basal, HER2*, and luminal B), TP53 mutation group, younger
patients, higher stage BC, and lymph node metastasis BC, while CD27, PSMB9,
and SELL were upregulated. The present study discovered that the expression
levels of these candidate genes were correlated with the infiltration of immune
cells (CD8™ T cell, macrophage, natural killer [NK] cell, and cancer-associated fi-
broblast) in BC, as well as biomarkers of immune cells and immune checkpoints.
We also revealed that promoter methylation, amplification, and deep deletion
might contribute to the abnormal expressions of candidate genes. Moreover, we
illustrated downstream-targeted genes of JUN, FOS, FOSB, EGR1, and ZFP36 and
demonstrated that these targeted genes were involved in “positive regulation of

9

cell death”, “pathways in cancer”, “PI3K-Akt signaling pathway”, and so on.
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1 | INTRODUCTION

Breast cancer (BC) is currently the most commonly diag-
nosed cancer according to Global Cancer Statistics 2020
covering 36 cancers in 185 countries, the new cases of
which were up to 2,261,419, and the new deaths were
684,996.' Women are the main sufferers with the high in-
cidence and mortality, obviously increasing female extra
cancer burden. According to the morphological, molecu-
lar, and genetic heterogeneities,” BC is divided into four
major subtypes with the expression of markers (estrogen
receptor, ER; progesterone receptor, PR; human epider-
mal growth factor receptor 2, HER2): luminal A (ER*
and/or PR*, HER2™, Ki-67"), luminal B (ER* and/or PR,
HER2*,Ki-67%), HER2* (ER™ and PR, HER2"), and basal
or triple-negative (ER™, PR™ and HER2).> Numerous
studies proved that therapeutic approaches and patients’
outcomes of BC varied largely based on cancer stages
and subtypes at diagnosis, as well as ages, tumor grades,
and lymphovascular status.* The 5-year overall survival
(OS) rates for stage I and II patients were over 90%, re-
ceiving surgery with or without adjuvant radiation and
chemotherapy. However, it was less than 30% for stage IV
patients treated with palliative/noncurative-intent ther-
apy or radiation/chemotherapy alone. Compared with
ER*/PR" and HER2" BC patients benefiting from endo-
crine and targeted therapies with chemotherapy, triple-
negative, or basal BC patients have poorer prognoses due
to limited treatment options.*™® In the last decades, PD-L1
inhibition has been proved to ameliorate the progression-
free survival (PFS) of triple-negative BC (TNBC) patients.’
However, the mechanisms of carcinogenesis and progres-
sion of BC are still ambiguous, which need to be further
elucidated. More effectively therapeutic targets are as well
essential to be explored.

In the last two decades, high-throughput technologies
and next-generation sequencing® have developed rap-
idly, as well as bioinformatics,’ which make it possible to
deeply explore the etiology, pathogenic mechanism, prog-
ress, treatment of diseases at the genetic level. Moreover,
public databases, data processing software, and online
tools'®! make it convenient for researchers to brainstorm
all over the world. Nevertheless, the common practices are

Discussion & Conclusion: We presented differential gene expression profiles
among normal, para-cancerous, and BC tissues and further identified candidate
genes that might contribute to tumorigenesis and progression of BC, as potential
diagnostic and prognostic targets for BC patients.
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to identify differentially expressed genes (DEGs) between
normal and aberrant tissues as potential biomarkers for di-
agnosis, prognosis, or therapeutic targets of diseases with
bioinformatic approaches.'*"” In this study, we also inves-
tigated the differences between para-cancerous (histologi-
cally normal) tissues from BC patients and normal tissues
from cancer-free patients in addition to the well-studied
changes between histologically normal and cancer tissues,
attempting to reveal the main disturbances and any subtle
clues from normal breast tissue to BC based on differen-
tial gene expression profiles among them. And further to
identify candidate genes that contribute to tumorigenesis
and progression of BC, and are associated with the prog-
nosis of BC patients as potential diagnostic and therapeu-
tic targets.

First, we screened and selected three gene expression
datasets GSE9574 (containing normal and para-cancerous
samples), GSE15852 (containing para-cancerous and BC
samples), and GSE42568 (containing normal and BC sam-
ples) from Gene Expression Omnibus (GEO) database, and
identified DEGs from them, respectively. Then, the corre-
sponding functions and pathways enriched by these DEGs
were explored using the Gene Ontology (GO) function
and Kyoto Encyclopedia of Genes and Genomes (KEGG)
pathway enrichment analyses. The corresponding mod-
ule genes were screened out from these DEGs based on
networks and module analysis. Next, the candidate genes
were determined through expression validations of these
module genes with The Cancer Genome Atlas (TCGA)
and survival analysis. Subsequently, we evaluated ex-
pression levels of these candidate genes based on clinical
features and TP53 mutation status, and also investigated
the correlations between their expression and immune
cell infiltration in BC, as well as biomarkers of immune
cells and immune checkpoints. Moreover, we estimated
genetic alteration and methylation of candidate genes and
explored targeted genes of transcription factors (TFs) in
them. More convincingly, we further assessed candidate
gene expression levels in clinical samples. In summary,
our work implemented a comprehensive bioinformatic
analysis on BC, showing different transcriptional varia-
tions in para-cancerous and BC tissues, and enriching our
understanding of the mechanisms of BC tumorigenesis,
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invasion, relapse, progression, and prognosis. Our results
provided promisingly diagnostic and therapeutic targets
for BC patients.

2 | MATERIALS AND METHODS

2.1 | Raw data acquisition

Three gene expression datasets (GSE9574, GSE15852, and
GSE42568) of BC were screened and selected from GEO
(https://www.ncbi.nlm.nih.gov/geo/),"® including raw
CEL files and their corresponding platform annotation
files (i.e., GPL files). In dataset GSE9574 based on GPL96
platforms ([HG-U133A] Affymetrix Human Genome
U133A Array), 29 samples were obtained from histologi-
cally normal breast epithelium, of which 14 samples were
from epithelium adjacent to a breast tumor, and 15 sam-
ples were from patients undergoing reduction mammo-
plasty without apparent BC." In dataset GSE15852 also
based on GPL96 Platforms, 86 sets of gene expression data
were obtained from 43 pairs of tumors and adjacent-tumor
tissues.”” The GSE42568 dataset was based on GPL570
Platforms ([HG-U133_Plus_2] Affymetrix Human
Genome U133 Plus 2.0 Array) and contained 104 primary
BC and 17 normal breast biopsies gene chips.*!

2.2 | Raw data quality control

The normalized unscaled standard error (NUSE) plots22
were selected to test the consistency of the data, and RNA
degradation plots were to estimate the RNA degradation
of the microarray gene chips with affyPLM and affy pack-
ages in R (version 4.0.3). For box charts of NUSE, the me-
dian standard error across gene chips close to 1 and not
higher than 1.05 indicated good consistency. The chips
not meeting the criteria were omitted to assure the data
quality. As for RNA degradation plots, in a general way,
much higher slope and poor uniformity with other chips,
especially the latter, indicated that their RNA degradation
was outrageous and substantially impacts data quality.**

2.3 | Raw data preprocessing

The log scale robust multi-array analysis® was applied to
transform probe intensity data of gene chips stored in CEL
files into expression values, including three main steps:
background correction, normalization, and log2 transfor-
mation of PM values, through rma function of R package
affy. Probe IDs were then turned into gene symbols by R
with the expression files of probe set and their relevant
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GPL files. The mean of their expression values was used
to avoid more than one probe corresponding to one gene.
Finally, K Nearest Neighbors algorithm®* was used to esti-
mate and impute missing value of gene expression matrix
carried out by R package impute after the rows without
gene symbols were deleted.

2.4 | DEG identification

The limma® package of R was used to identify DEGs from
processed data according to the cutoff criterion of adjusted
p value <0.05 and log2(fold change) > 1 or log2(fold
change) < —1. To visualize the discrepancy, we invoked
ggpubr package based on ggplot2 and ggthemes package of
R to draw volcano plots. Furthermore, the Venn diagram
was portrayed using an online tool (http://bioinformatics.
psb.ugent.be/webtools/Venn/) to observe the relation-
ships among three DEGs groups clearly. Meanwhile, the
concrete overlapping and nonoverlapping genes among
them were also obtained.

2.5 | GO function and KEGG pathway
enrichment analyses of DEGs

The GO function’®?” and KEGG pathway”® enrichment
analyses of DEGs were accomplished using R packages
org. Hs.eg.db, AnnotationDbi, and clusterProfiler with
adjusted p value cutoff = 0.05 and merged terms of bio-
logical process in GO by the cutoff = 0.7. Furthermore,
bubble diagrams were drawn using R packages to make
the results more intuitionistic.

2.6 | Network construction and
module analysis

The STRING online database (version 11, http://string-db.
org/)* was used to construct protein-protein interaction
(PPI) networks of DEGs identified from GSE9574 and
GSE15852 datasets with minimum required interaction
score: medium confidence (0.400) and applied TSV files
containing the detail information of the networks. The
weighted gene co-expression network analysis(WGCNA)*
was performed to obtain the detail information of the gene
co-expression network for DEGs from GSE42568 dataset
through the corresponding R package WGCNA>*! (version
1.70-3) with signed R*> 0.85. Cytoscape (version 3.8.2)*
was then employed to reproduce PPI networks via im-
porting the TSV files and building a gene co-expression
network. Subsequently, plug-in MCODE™® of Cytoscape
was used to detect the densely connected regions (i.e.,
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modules) of networks, the criteria of which were a de-
gree cutoff = 2, MCODE scores > 4, Max. Depth = 100,
k-score = 2, and node score cutoff = 0.2. The online tool
Metascape (https://metascape.org/gp/index.html#/main/
step1)** was applied to conduct functional enrichment
analysis of module DEGs, and the R package clusterPro-
filer (version 3.16.1) was applied to explore cellular com-
ponent terms of GO and KEGG pathways enriched by
these module genes with adjusted p value cutoff = 0.05.

2.7 | TF analysis

Transcription factor information was downloaded from
Transcriptional Regulatory Relationships Unraveled by
Sentence-based Text mining® (TRRUST; www.grnpe
dia.org/trrust). The online tool Draw Venn Diagram was
applied to identify TFs from module genes screened out
from the three datasets.

2.8 | Expression validation and
survival analysis

Allidentified module genes were validated with UALCAN>®
(http://ualcan.path.uab.edu/) among a total of 114 normal
and 1097 primary breast tumor samples based on TCGA,”’
with a threshold of p < 0.05. For validated genes, the Breast
Cancer Gene-Expression Miner v4.7°® (bc-GenExMiner
v4.7; http://begenex.ico.unicancer.fr/BC-GEM/GEM-Accue
il.php?js=1) were used for survival analysis based on DNA
microarrays (n = 11,359) in “PROGNOSIS” of “ANALYSIS
Module”. Clearly, the OS for all module genes was primarily
performed among all BC patients and then for genes whose
expression levels were significantly associated with OS, and
the disease-free survival (DFS) and distant metastasis-free
survival (DMFS) analysis were performed. Next, we down-
loaded TCGA dataset of BC, consisting of gene expression
RNAseq data (n = 1218), clinical phenotype data (n = 1247),
curated survival data (n = 1236), and somatic mutation data
(MC3 gene-level non-silent mutation, n = 791) from UCSC
Xena web (https://xenabrowser.net/ DATAPAGES/) for
the univariate and multivariate OS analysis of genes associ-
ated with OS above using Cox Proportional Hazards model
carried out by R package survival. Briefly, we first applied
separate univariate Cox regressions to assess the statistical
significance for each gene, BC patient stage, age, ER/PR/
HER2 status, molecular subtype, tumor/node/metasta-
sis (TNM) status, and TP53 mutation status in relation to
OS, then performed multivariate Cox regression analysis
for each significant gene combining with all the variables.
Expression analysis based on BC patients’ clinical pheno-
type and TP53 status.

Subsequently, the be-GenExMiner v4.7 resource™ was
applied to explore candidate gene expression levels with
DNA microarrays data (n = 11,359) in the “EXPRESSION”
of “ANALYSIS Module” based on intrinsic molecular sub-
types (PAMS50 subtypes), patient's ages, nodal metastasis
statuses, and TP53 mutation statuses. Then, the UALCAN
web resource was employed to investigate candidate gene
expression levels among 1,097 BC samples of TCGA data
based on individual cancer stages with the “Expression
Link” of “TCGA analysis module”.

2.9 | Immune infiltration analysis

The “gene module” of “Immune Association” in Tumor
Immune Estimation Resource, version 2.0*° (TIMER2.0,
http://timer.cistrome.org/)* was used to estimate the cor-
relations between the expression levels of candidate genes
and the infiltration of CD8" T cells, macrophages, NK cells,
and cancer-associated fibroblasts (CAFs) among four major
subtypes of BC using all algorithms provided, like EPIC,
TIMER, CIBERSORT, CIBERSORT-ABS, QUANTISEQ,
XCELL, and MCPCOUNTER algorithm with Spearman’s
rank correlation coefficient and statistical significance:
p < 0.05. Moreover, for CD8* T cells and macrophages,
we further employed the Breast Cancer Gene-Expression
Miner v4.7 tool to estimate the correlations between the
expression of candidate genes and the biomarkers of these
two immune cells, as well as six immune checkpoints
(PDCD1, CD274, CTLA4, TIGIT, LAG3, and BTLA).

2.10 | Promoter methylation, genetic
alteration, and TF-targeted genes analysis

Promoter methylation analysis was implemented using
UALCAN web based on TCGA data containing 793 BC
and 97 normal samples. The genetic alteration analysis
of candidate genes was carried out in cBioPortal*! web
(https://www.cbioportal.org/) based on 8196 BC samples.
For TF candidate genes, we applied TRRUST web to pre-
dict the potential downstream-targeted genes and visual-
ized with Cytoscape software. Meanwhile, the functional
annotation of them was investigated with Metascape.

211 | BC sample collection, mRNA
extraction, and reverse transcription
polymerase chain reaction

Four BC samples (1 luminal A, 2 luminal B, and 1 HER2"
subtypes) and paired normal breast samples, as well as
five samples of benign breast disease, were obtained from
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patients at Zhongnan Hospital of Wuhan University with
informed consent. The Ethics Committee of Zhongnan
Hospital of Wuhan University approved the use of these
samples for total RNA isolation and reverse transcription
polymerase chain reaction (RT-PCR) analysis. The tissues
were instantly frozen by liquid nitrogen and then stored
at —80°C until used. Total RNA was isolated from the tis-
sues and then converted to complementary DNA (cDNA)
with the HiScript IT Q RT SuperMix (Vazyme) according to
the manufacturer's instruction. The real-time RT-PCR was
implemented using the Universal SYBR Green Fast qPCR
Mix in triplicates. The 24T method was used to normal-
ize each gene with GAPDH as internal control. The primer
sequences for RT-PCR used in this study were designed
and selected from Primer designing tool (http://www.ncbi.
nlm.nih.gov/tools/primer-blast/) and listed in Table S1.

212 | Gene set enrichment analysis

Gene set enrichment analysis (GSEA)* was used to assess
pathway variations in these three datasets via dividing
para-cancerous and BC samples into high/low-expression
groups according to the median expression value of FOS,
respectively, and with the cutoff: false discovery rate
(FDR) g < 0.25.

3 | RESULTS

3.1 | Raw data quality control

Based on the box charts of NUSE, there was no aberrant
chip in the GSE9574 dataset, 1 aberrant chip from para-
cancer tissues in GSE15852, and 13 aberrant chips in
GSE42568, consisting of three normal breast tissue and 10
BC chips. After excluding the abnormal samples, the me-
dian standard error of all gene chips shown in the NUSE
boxplots (Figure S1A-C) was close to 1 and no more than
1.05, indicating a good agreement among the rest samples.
With RNA degradation plots, one chip from tumor paired
normal tissues in GSE15852 was inconsistent with others
and had a lower slope compared to the other chips. RNA
degradation of the remaining gene chips was considered
to be acceptable (Figure S1D-F). Therefore, we guaran-
teed the quality of raw data and made them more rigorous.

3.2 | Raw data standardization and probe
set annotation

Raw data were processed with the rma algorithm of R
package affy and interpreted probe set expression to
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gene expression profile. As a result, a total of 12,413
genes were detected in GSE9574 and GSE15852 based
on GPL96, while 20,460 genes in GSE42568 based on
GPL570.

3.3 | DEG identification

In GSE9574 dataset, only 10 DEGs were extracted, and all
of them were downregulated in the para-cancerous com-
pared with breast normal tissues (Figure 1A). In GSE15852
dataset, 14 upregulated and 93 downregulated genes in
BC compared with para-cancerous tissues were identi-
fied (Figure 1B), while 2936 upregulated and 933 down-
regulated genes in BC compared with normal tissues were
obtained in GSE42568 (Figure 1C). In addition, through
further comparison among these DEGs, we found that two
downregulated DEGs (FOS and FOSB) were overlapped
within all the three datasets. In addition, there were other
three common downregulated DEGs (ZFP36, EGRI, and
JUN) between GSE9574 and GSE42568 datasets, and 95
shared DEGs between GSE15852 and GSE42568 data-
sets, of which 13 were upregulated and 82 downregulated
(Figure 1D; Table 1).

3.4 | GO terms and pathways enriched
by DEGs

To further explore the mechanism of the occurrence
and development of BC, we conducted GO function
and KEGG pathway annotation for the DEGs extracted
from these three datasets. We discovered that 112 main
biological processes (BP) were significantly affected in
para-cancerous compared to normal tissues with ad-
justed p < 0.05, of which the top three were cellular
response to extracellular stimulus, cellular response to
external stimulus, and response to starvation. Compared
to para-cancerous tissues, 175 main BP were affected
in BC tissues, of which the top three were response to
acid chemical, lipid localization, and lipid transport.
Compared to normal tissues, 164 main BP were influ-
enced in BC tissues, the top three of which were orga-
nelle fission, leukocyte migration, and extracellular
matrix organization (Figure 2A). Most DEGs identified
from GSE9574 or their corresponding proteins were el-
ements of transcription regulator complex, RNA poly-
merase II transcription regulator complex, and mRNA
cap-binding complex (top three of 10 in total). While
the majority of DEGs from GSE15852 were mainly con-
stituents of collagen-containing extracellular matrix,
lipid droplet, platelet alpha granule, and platelet alpha
granule membrane, and most DEGs from GSE42568
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FIGURE 1 Differentially expressed gene (DEG) identification for each GEO dataset. (A-C) Volcano plots of all genes detected by probes
in GSE9574, GSE15852, and GSE42568 datasets, according to the criterion: 11og2FC| > 1 and adjusted p < 0.05. The red dots represent
upregulated DEGs, the gray dots represent genes without significant difference between groups, and the blue dots represent downregulated
DEGs. (D) The Venn diagram of DEGs identified from the three datasets

were main contributors of collagen-containing extra-
cellular matrix, cell-cell junction, and apical part of
cell (Figure 2B). Meanwhile, these DEGs from these
datasets also had diversely main molecular functions
(Figure 2C).

With KEGG pathway analysis, we found 40 pathways
significantly gathered by DEGs of GSE9574, the top three
of which were human T-cell leukemia virus 1 infection,
amphetamine addition, and IL-17 signaling pathway. The
DEGs of GSE15852 were mainly gathered in the peroxi-
some proliferator-activated receptors (PPAR) signaling
pathway, AMPK signaling pathway, adipocytokine signal-
ing pathway, and pyruvate metabolism pathway. The eight
pathways significantly enriched by DEGs of GSE42568
were human papillomavirus infection, focal adhesion, cell
cycle, ECM-receptor interaction, pyruvate metabolism,

valine, leucine and isoleucine degradation, fatty acid deg-
radation, and propanoate metabolism (Figure 2D).

3.5 | Network construction and module
gene identification

To estimate the relationships or interactions among prod-
ucts encoded by DEGs and further screen out candidate
genes, we constructed PPI networks by DEGs identified
from GSE9574 and GSE15852. A network containing nine
nodes and 30 edges were created with DEGs of GSE9574
(Figure 3A), from which a module was recognized with
MCODE scores = 7.429 including eight nodes (i.e., eight
downregulated DEGs, NR4A2, FOSB, immediate early re-
sponse 2 [I[ER2], ZFP36, FOS, EGR1, ATF3, and JUN) and
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TABLE 1 Overlapping differentially

expressed genes in each dataset Datasets Upregulated genes Downregulated genes
GSE9574&GSE15852& FOS FOSB
GSE42568
GSE9574&GSE42568 ZFP36 EGR1 JUN
GSE15852&GSE42568 DSP GATA3 CD24 ESYT1 DPT CHRDLI1
KRT18 BUBIB PRKAR2B ITIH5 ECM2
KRTI19 EFNA1 ITGBI1BP1 LEP SERPINF1
SLC38A1 S100A14 ECH1 RBP4 S100A4
SPP1 CD9 TFF3 PYGL EPB41L2 GHR
EPCAM GNAIl GBE1 LGALS1
MAOA ALDH2 IGFBP6
PPAP2A PALMD AKAP12

26 edges (Figure 3B). Furthermore, multiple function en-
richment analysis was performed on module genes using
Metascape resource, which mainly gathered in PID-AP1
pathway, HTLV-1 infection, and response to extracellular
stimulus (Figure 3C; Table S2). In addition, FOS, NR4A2,
and JUN are members of the transcription regulator com-
plex. JUN also participates in transcription repression,
and ZFP36 was reported to compose mRNA cap-binding
complex (Figure 3D). JUN and FOS were involved in lots
of pathways, including MAPK signaling pathway, PD-L1
expression and PD-1 checkpoint pathway in BC, colo-
rectal cancer, and even coronavirus disease-——COVID-19
pathway (Figure 3E).

From the network structured by 74 nodes and 194
edges with DEGs of the GSE15852 dataset (Figure 4A),
three modules were identified, of which the first two were
selected to further analysis with MCODE scores = 9.400
and 4.000. One was formed by 11 nodes (i.e., 11 down-
regulated DEGs, ACSL1, PCK1, CIDEC, RBP4, CFD, LEP,
LPL, FABP4, PLIN1, ADIPOQ, and PPARG) and 47 edges
(Figure 4B). The other was composed of five nodes and
eight edges, and all DEGs (KRT18, CD24, KRT19, EPCAM,
and GATA3) were upregulated (Figure 4C). These module

CD36 ASSI CAV1 EGFL6
ACSLI PPARG PC PDZD2
ADIRF HBB GNG11 FHLI
SRPX COX7A1 C2CD2
FTL NEK7 PLSCR4
ABCA8 AOC3 ADH1B
AKRICI PEMT MMD

LPL PTPRM VIM FABP4
ACACB TNMD PPPIRIA
ADCK3 PCKI RGCC
CIDEC RRAS HSD11B1
PFKFB3 AKRIC3 ITGA7
SPARC ECHDC3 F3 G0S2
PCOLCE2 ADAMTS5
RETSAT WASF3 GYG2
FOXO1 CDH5 CFD
TMEM100 FAM13A
EFEMPI PLIN1 COPG2IT1
ADIPOQ

genes were mainly enriched in adipogenesis pathway, re-
sponse to acid chemical term of GO, lipid localization of
GO (Figure 4D; Table S3). Moreover, we also found that
PLIN1, FABP4, and CIDEC were located in lipid droplet
(Figure 4E) and PPARG, PLIN1, ADIPOQ, LPL, FABP4,
ACSL1, and PCK1 were involved in the PPAR signaling
pathway.

As for the DEGs of the GSE42568 dataset, the number of
them was too large to create a PPI network using STRING.
Therefore, we performed WGCNA to generate a gene co-
expression network with power = 6, minimum size = 4,
and threshold = 0.4 (Figure S2), and subsequently to mine
module genes via applying plug-in MCODE in Cytoscape.
In consequence, five modules including 29 genes were
sorted out with MCODE scores = 5.333, 5.000, 5.000,
4.500, and 4.000, respectively (Figure 5A-F). Involved
genes were mainly aggregated in “immunoregulatory in-
teractions between a Lymphoid and a non-Lymphoid cell”
of “Reactome Gene Sets”, “lymphocyte activation” of “GO
BP”, and “pathogenesis of SARS-CoV-2 mediated by nsp9-
nsp10 complex” of “WikiPathways” (Figure 5G; Table S4).
In addition, HLA-B, HLA-C, and HLA-F contributed to
multiple cellular components, like MHC protein complex,
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FIGURE 2 Gene Ontology (GO)
function and Kyoto Encyclopedia of
Genes and Genomes (KEGG) pathway
enrichment analyses of DEGs. (A) The

top 18 biological process terms of GO
enriched by most differentially expressed
genes (DEGs) in GSE9574, GSE15852, and
GSE42568 datasets, respectively. (B) The
major cellular components terms of GO
enriched by DEGs in GSE9574, GSE15852,
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functions of DEGs in GSE9574, GSE15852,
and GSE42568. (D) The significantly
enriched KEGG pathways of DEGs in
GSE9574, GSE15852, and GSE42568.

BP, biological processes; CC, cellular
components; MF, molecular functions
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ER to Golgi transport vesicle membrane, early endosome,
and others. Meanwhile, CCR7, CD27, CD2, CD3G, and
CD8A were constituents of external side of plasma mem-
brane, as well as HLA-B, HLA-C, and HLA-F (Figure 5H).
Moreover, CD247, CD3G, HLA-B, HLA-C, and HLA-F
took part in various pathways, including Th1 and Th2 cell
differentiation, PD-L1 expression and PD-1 checkpoint
pathway in cancer, Th17 cell differentiation, antigen pro-
cessing presentation, allograft rejection, and cell adhesion
molecular (Figure 51).

Furthermore, through TRRUST database we found
that seven genes (JUN, FOS, FOSB, ATF3, EGR1, NR4A2,
and ZFP36) identified from GSE9574, two genes (GATA3
and PPARG) from GSE15852, and one gene EOMES from
GSE42568 were TFs (Figure 57).

3.6 | Module gene expression
validation and prognostic values for
BC patients

A total of 50 unique module genes in PPI and gene co-
expression networks were identified from three GEO
datasets covering breast tissues in different statuses. To
further confirm our findings, UALCAN web was applied
to investigate the distinctions of their transcriptional lev-
els between BC and normal samples based on TCGA. The
expressions of all module genes were significantly discrep-
ant by comparing normal samples with tumor, including
three genes (ATF3, IER2, and NNR4A2) downregulated
in para-cancerous compared to normal tissues, which
were also low expressed in BC compared to normal sam-
ples. Whereas, we noted that five genes (HLA-J, NLRC3,
CD247, CD3G, and CD8A) turned to be downregulated in
BC compared with normal tissues, which were opposite
to the result of GSE42568 of the GEO database (Table S5).
Thus, they were excluded from the following analysis.
Subsequently, the OS, DMFS, and RFS were analyzed
using the bc-GenExMiner v4.7 resource based on all DNA
microarray data. For module genes from GSE9574, five
genes JUN, FOS, FOSB, EGR1, and ZFP36 were positively
associated with OS and DFS, among which four genes
(FOS, FOSB, EGR1, and ZFP36) were also positively as-
sociated with DMFS with statistical significance p < 0.05.
For module genes from GSE15852, 13 genes were asso-
ciated with OS, of which the high expressions of CFD,
LEP, LPL, FABP4, PLIN1, ADIPOQ, PPARG, and GATA3
predicted better prognosis, while ACSLI, CD24, KRT18,
KRT19, and EPCAM were reverse. Among them, eight
and 10 genes were significantly correlated with DMFS
and DFS, respectively. For module genes from GSE42568,
except for the overlapping gene PLINI, 11 genes were re-
lated to OS, of which PVRIG, CD27, GPDI1, PLIN4, and
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SELL were positively associated with OS, while PSMB9,
CMPK2, RSAD2, MX1, IFI44, and IFI44L were reverse.
Among them, nine and 11 genes were also significantly
correlated with DMFS and DFS, respectively. (Figure 6;
Table S5).

Moreover, we further predicted the prognostic values
of these genes associated with OS in BC patients with
different stages, ages, molecular subtypes, ER/PR/HER2
status, TNM status, and TP53 mutation status, in addition
to their expression levels using Cox Proportional-Hazards
model based on TCGA cohorts. As a result, a total of 789
BC patients were enrolled, and the clinical characteristics
and TP53 status are listed in Table S6. According to the
univariate Cox regression analysis, we found that stage,
age, tumor status, node status, metastasis status, and the
expression levels of CD24 were significantly negatively
correlated to OS as risk factors, while the expression levels
of JUN, FOS, FOSB, ZFP36, CFD, LEP, PLIN1, ADIPOQ,
PPARG, PVRIG, CD27, PSMB9, GPDI1, PLIN4, and SELL
were significantly positively correlated to OS as protec-
tive factors (Table S7). Then, according to multivari-
ate analysis, only CFD (HR = 0.84, p = 0.0327), PPARG
(HR = 0.80, p = 0.0478), CD27 (HR = 0.75, p = 0.0001),
PSMB9 (HR = 0.73, p = 0.00299), and SELL (HR = 0.77,
p = 0.0062) were still significantly positively associated
with OS as potentially independent prognostic factors in
BC patients (Table S8).

3.7 | Expression

pattern of candidate genes based on
clinical features and association with
immune microenvironment in BC

Through expression validation and survival analysis,
10 candidate genes (JUN, FOS, FOSB, EGRI1, ZFFP36,
PPARG, CFD, CD27, PSMB9, and SELL) were deter-
mined. To dissect their variations and roles in BC, we
further explored their expression levels based on clini-
cal features, and whether their aberrations were corre-
lated with BC immune microenvironment (CD8" T cell,
macrophage, NK cell, and CAF) in four main subtypes of
BC. As a result, seven candidate genes (JUN, FOS, FOSB,
EGRI1, ZFP36, CFD, and PPARG) were significantly up-
regulated in luminal A type of BC and normal breast-like
samples compared with luminal B, HER2", and TNBC,
while CD27, PSMB9, and SELL were opposite (Figure 7),
as well as in TP53-normal relative to TP53-mutant group
(Figure S3). The expressions levels of FOS, FOSB, EGR1,
JUN, ZFP36, PPARG, and CFD were lower as the stage
got worse, whereas the expression of PSMB9 was higher
(Figure S4). Meanwhile, JUN, FOS, EGRI1, ZFP36, CFD,
and PPARG were lower expressed in patients aged 21-40
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FIGURE 3 PPInetwork and module analysis of differentially expressed genes (DEGs) identified from GSE9574 dataset. (A) PPI network
constructed by DEGs from GSE9574 dataset. Each node represents a gene. The blue nodes denote the downregulated genes in adjacent-
tumor tissues compared with normal tissues. The darker the nodes, the more differentially expressed the genes between groups. The degrees
between them indicate their interactions. (B) A module identified from PPI network. (C) Multiple functions and pathways enriched by
module genes. (D) cellular components (CC) terms of Gene Ontology enriched by module genes. (E) Kyoto Encyclopedia of Genes and

Genomes pathways enriched by module genes

compared to 40-70 and 70-97, while CD27, PSMB9, and
SELL were higher expressed (Figure S5). In addition, FOS
and FOSB were downregulated when lymph node metas-
tasis was present, while CD27 and SELL were upregulated
(Figure S6).

Next, we estimated the correlations of candidate gene
expression levels with infiltration levels of four immune
cells (CD8* T cell, macrophage, NK cell, and CAF) in
four subtypes of BC, respectively. Multiple algorithm re-
sults displayed that JUN was negatively correlated with
CD8* T cell infiltration in basal BC, while positively
with CAF infiltration in basal and luminal A type of
BC (Figure 8A,D). FOS, FOSB, EGR1, ZFP36, CFD, and
PPARG were positively correlated with M2 macrophage
and CAF infiltration in basal BC, while they were pos-
itively correlated with CD8* T cells, activated NK cells,
and CAFs, and negatively correlated with resting NK
cells in luminal A type of BC (Figure 8A,D). Of inter-
est, the correlations of CD27, PSMB9, and SELL expres-
sion with immune cell infiltration were almost the same
among four subtypes of BC (Figure 8). Additionally, we
noted that CFD and PPARG were positively correlated
with CD8* T cells, macrophages, activated NK cells, and
CAFs in HER2" type of BC, but only with macrophages
in luminal B type of BC (Figure 8B,C). FOS, FOSB,
EGRI1, and ZFP36 were positively correlated with CAFs
in luminal B type of BC (Figure 8C). Furthermore, CD27,
PSMB9, and SELL were positively correlated with the
biomarkers of CD8* T cells and macrophages, as well as
immune checkpoints, such as CTLA4, TIGIT, and BTLA
(Figure S7).

3.8 | Promoter methylation, genetic
alteration, and downstream-targeted
genes of candidate genes

Then, we explored the mechanism of candidate gene ex-
pression changes from DNA promoter methylation status
and genetic alteration. The promoter methylation levels
of three genes PPARG, CFD, and SELL were significantly
higher in BC than normal samples (Figure S8A-C), and
the main genetic alterations of these candidate genes in
BC were amplification and deep deletion. Nine genes ex-
isted amplification with the highest alteration frequency,

especially SELL with almost 14% amplification, while
CFD existed more deep deletion.

After TF identification, we noted that seven out of
eight module genes from GSE9574 were TFs, and through
survival analysis, five of them (JUN, FOS, FOSB, EGRI,
and ZFP36) were associated with the OS of BC patients.
Therefore, we explored their downstream-targeted genes
(Figure 9A) and investigated functions and pathways
enriched by these targeted genes (Figure 9B), including
“positive regulation of cell death”, “pathways in cancer”,
and “PI3K-Akt signaling pathway”. Among these targeted
genes, we noted TP53 regulated by JUN, and PPARG reg-
ulated by EGRI were included (Figure 9A). Thereby, we
further estimated expression correlations of candidate
genes (Figure 9C) and found that the Pearson correla-
tion coefficient between EGRI and PPARG was 0.37 with
p < 0.05 based on the TCGA cohort. Therefore, we further
validated their correlation using the bc-GenExMiner v4.7
resource with r = 0.24 and p < 0.0001 (Figure 9D).

3.9 | Expression validation of candidate
genes among BC samples by RT-PCR

To validate our findings in this study, we collected four BC
samples (one luminal A, two luminal B, and one HER2"
subtype) and four paired normal breast samples, and five
samples of benign breast disease. JUN, FOS, FOSB, EGRI,
ZFP36, and PPARG were detectable in luminal A, lumi-
nal B, and HER2* BC patients. All of them were down-
regulated in HER2+ and at least one luminal B patients by
comparing cancer tissue to the corresponding normal tis-
sue, except that FOSB was only downregulated in HER2¥,
and that PPARG was downregulated in luminal A and
one luminal B patients (Figure S9A-F without p-value).
For CFD, CD27, PSMB9, and SELL, whose expression
data were only available in HER2" BC, and the results
were consistent with those predicted by microarray data
(Figure S9G without p-value). Next, we compared expres-
sion levels of candidate genes in BC and non-BC tissues
obtained from patients with benign breast disease. All
downregulated genes were lower expressed in cancer tis-
sues from the HER2* BC patient compared to non-BC tis-
sues, and all upregulated genes were obviously higher in
cancer tissues from one luminal B BC patient (Figure S10).
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FIGURE 4 PPInetwork and module analysis of differentially expressed genes (DEGs) identified from GSE15852 dataset. (A) PPI
network constructed by DEGs from GSE15852 dataset. Each node represents a gene. The blue nodes represent the downregulated genes,

and the red nodes represent the upregulated genes in BC tissues compared with adjacent-tumor tissues. The darker the nodes, the more
differentially expressed the genes between groups. The degrees between them indicate their interactions. (B, C) Two modules identified from
PPI network. (D) Multiple functions and pathways enriched by module genes. (E) Cellular components terms of Gene Ontology enriched by
module genes. (F) Kyoto Encyclopedia of Genes and Genomes pathways enriched by module genes

3.10 | Pathway variations correlated
with the expression of FOS

FOS was identified as a DEG in all the three datasets and
positively associated with the OS, DMFS, and PFS in BC
patients, as well as immune cell infiltration. FOS might
play vital roles in neoplasia and progression in BC as a
TF and immune-associated gene. Thereby, we performed
GSEA based on the expression values of FOS and dis-
covered that nine pathways (containing “Leishmania
infection”, “Fc gamma r mediated phagocytosis”, and
“Antigen processing and presentation”) were positively
correlated with the expression of FOS and one pathway
(“Linoleic acid metabolism”) was negatively correlated in
para-cancerous samples of GSE9574 with the cutoff: FDR
q < 0.25 (Figure 10A,B; Table S9). Diversely, in BC sam-
ples of GSE15852, two pathways (“Focal adhesion” and
“Retinol metabolism”) were positively correlated with the
expression of FOS (Figure 10C; Table S9), while in BC
samples obtained from GSE42568, 14 pathways were posi-
tively correlated with the expression of FOS, of which the
top three were “Focal adhesion”, “Adherens junction”,
and “Colorectal cancer” according to normalized enrich-
ment score (Figure 10D-F; Table S9).

4 | DISCUSSION

BC is the most common carcinoma in women worldwide
with the leading cause of cancer death.' With the quick
development of medical care, the mortality of BC has
sharply decreased and approximately 70%-80% BC can be
curable in recent years.4 However, a complete cure for BC
patients is not yet possible with currently available thera-
pies due to the ambiguous mechanism of tumorigenesis
and tumor progression in BC. Consequently, it is neces-
sary and a trend to dissect mechanisms of tumorigenesis
and progression of BC more explicitly at the level of genes.
In the present work, we focused on the transcriptional ab-
errations from normal tissues to BC.

First, we revealed different gene expression profiles
among normal, para-cancerous, and BC tissues, and
initially identified 10 downregulated genes in para-
cancerous compared with normal samples, 14 upregu-
lated and 93 downregulated genes in BC compared with
para-cancerous samples, and 2936 upregulated and 933

downregulated genes in BC compared with normal sam-
ples. Since para-cancerous tissue is the intermediate
stage from normal to BC. If the para-cancerous tissue
is not removed, cancer definitely will return.** Thus,
the disturbance in para-cancerous tissue could help us
unmask tumor formation. Following the thought, we
further implemented function and pathway annotation
analysis for these genes and found they participated in
various BP, located in different cellular components, pos-
sessed diverse molecular functions, and were involved
in different pathways, suggesting that in the process of
tumor development, different stages had different main
functional changes caused by these DEGs. Thereby, we
next constructed PPI and gene co-expression networks
to show interrelationships among these DEGs, and fur-
ther identify key genes (module genes). As a result, for
the GSE9574 dataset, eight module genes were stood
out and mainly involved in the AP1 pathway, HTLV-1
infection, and response to extracellular stimulus. For
GSE15852, 16 module genes were screened out and
mainly involved in adipogenesis, response to acid chem-
ical, regulation of cell-cell adhesion, etc. For GSE42568,
29 module genes were identified and mainly involved
in immunoregulatory interactions between a lymphoid
and a non-lymphoid cell, NXK cell activation, and NF-
kappa B signaling. These module genes might play cru-
cial roles during tumorigenesis and progression of BC,
through biological function and pathway perturbances
caused by them.

TFs regulate gene expression and their regulatory
networks are dynamic.** In the study combined with
the existed database of TFs, we found that seven mod-
ule genes (JUN, FOS, FOSB, ATF3, EGR1, NR4A2, and
ZFP36) identified from GSE9574 were TFs, while only
two module genes (GATA3 and PPARG) from GSE15852
and one module gene EOMES from GSE42568 were TFs,
indicating that JUN, FOS, FOSB, ATF3, EGRI, NR4A2,
and ZFP36 might be responsible for tumor initiation
even early before pathological diagnosis, and existed tu-
mors might first control the expression of TFs and then
influence the expression of their downstream target
genes to create a suitable environment for survival and
expansion.

Subsequently, with validations of the expression levels
of these module genes and survival analysis, we further
screened out 10 candidate genes for the following analysis.
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FIGURE 5 Gene co-expression network and module analysis of differentially expressed genes (DEGs) identified from GSE42568

dataset and transcription factor screening. (A) Gene co-expression network formed by DEGs from GSE42568 dataset. Each node represents
a gene. The blue nodes represent the downregulated genes, and the red nodes represent the upregulated genes in BC tissues compared

with adjacent-tumor tissues. The darker the nodes, the more differentially expressed the genes between groups. The degrees between

them indicate their co-expressive relationships. (B-F) Five modules identified from the co-expression network. (G) Multiple functions and
pathways enriched by module genes. (H) Cellular components terms of Gene Ontology enriched by module genes. (I) Kyoto Encyclopedia of
Genes and Genomes pathways enriched by module genes. (J) Venn diagram of transcription factors download from TRRUST database and
module genes extracted from GSE9574, GSE15852, and GSE42568 datasets

Five candidate genes (JUN, FOS, FOSB, EGR1, and ZFP36)
were differentially expressed in para-cancerous compared
with normal tissues, and significantly associated with the
OS of BC patients. The other five candidate genes (CFD,
PPARG, CD27, PSMB9, and SELL) could be indepen-
dent prognostic factors in BC. Among them, seven genes
(JUN, FOS, FOSB, EGR1, ZFP36, CFD, and PPARG) were
downregulated in BC compared to normal tissues, and in
aggressive BC (basal, HER2*, and luminal B), TP53 mu-
tation group, younger patients, higher stages, and lymph
node metastasis, while CD27, PSMB9, and SELL were
upregulated, suggesting that these candidate genes could
be indicators of aggressive types of BC, like HER2" and
TNBC, and might be responsible for the characteristics of
invasive BC.

Prior studies noted that the immune system mod-
ulated the development and progression of BC, and in
turn, cancer influenced the immune microenvironment.*’
Previous studies discovered that immunity at early stages
of cancer showed anticancer profiles, while as the tumor
progressed, it could transfer to the tumor-protective pro-
file.** Moreover, immune cell infiltrations, especially
lymphocytes, were reported to be positively correlated
with patients’ outcomes at early stages of HER2+ BC
and TNBC.**"*® On the contrast, the infiltration of CAFs
and M2 macrophages may contribute to cancer progres-
sion.**® The present study discovered that the expression
levels of candidate genes were correlated with the infiltra-
tion of immune cells (CD8" T cell, macrophage, NK cell,
and CAF) in four subtypes of BC, especially in luminal A
type of BC. We noted that correlations of three upregu-
lated genes (CD27, PSMB9, and SELL) with immune cell
infiltrations were almost the same in four subtypes of BC,
while seven downregulated genes were not. Moreover,
CD27, PSMB9, and SELL were also highly correlated with
biomarkers of CD8* T cells and macrophages, as well as
immune checkpoints. These findings suggested that these
candidate genes might be involved in tumor immuno-
editing and promisingly therapeutic targets for advanced
BC.

Abnormal gene expression is regulated by genetic and
epigenetic mechanisms in cancer.’”* Here, we further
estimated promoter methylation and genetic alteration of
candidate genes and found that the promoters of PPARG,

CFD, and SELL were hypermethylated, while almost all
of them existed amplification with highest frequency ex-
cept for CFD with the high deep deletion. These results
might partly explain the expression aberrations of candi-
date genes. Moreover, JUN, FOS, FOSB, EGR1, and ZFP36
were differentially expressed in para-cancerous compared
with normal tissue and associated with OS of BC patients,
which may participate in BC tumorigenesis. As all of them
were TFs, we further explored downstream- targeted genes
of them and found that JUN-regulated TP53 expression o,
while EGRI-regulated PPARG expression. These targeted
genes were mainly involved in “positive regulation of
cell death”, “pathways in cancer”, and “PI3K-Akt signal-
ing pathway”. These findings further revealed that these
genes might be important for us to understand BC initi-
ation. Moreover, we observed that the expression of FOS
(one of the candidate genes and differentially expressed
among breast tissues of three distinct statuses) was associ-
ated with different pathway variations in para-cancerous
and BC tissues through GSEA, indicating its various func-
tions in BC.

In addition, for gene perturbations in para-cancerous
tissues, the original study identified 105 DEGs in histo-
logically normal tissues near breast tumors compared
to the normal tissues using Cyber-T-test and concluded
that the characteristics of para-cancerous tissues were
more like BC tissues.'® Another study elucidated that ex-
pression profiles varied with distance from the tumor in
eight BC patients.”® In our study, using R package limma
with statistical significance: adjusted p < 0.05 and |log2
fold changel > 1, 10 DEGs were identified, and all of
them were downregulated in tumor adjacent compared
with the normal tissues, of which eight DEGs (JUN,
FOSB, FOS, ATF3, EGRI, IER2, ZFP36, and NR4A2)
were overlapped with the original study mentioned
above.'” Whereas another study didn't discern differ-
ences between these two states in breast tissues, which
also applied limma package of R, but with the signifi-
cance of false discovery rate adjusted p < 0.01 and fold
change > 2.0, and this may partly explain the inconsis-
tency. In addition, though the original study™ found no
gene expression differences by unsupervised hierarchical
clustering or principal component analysis of all genes,
we were not sure if the aforesaid reason was included
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FIGURE 6 Associations of candidate genes with the overall survival (OS) in breast cancer (BC) patients. (A-E) Five candidate genes
JUN, FOS, FOSB, EGR1, and ZFP36 from the GSE9574 dataset significantly associated with the OS in BC patients. (E-J) Five candidate
genes CFD, PPARG, CD27, PSMB9, and SELL were significantly associated with the OS evaluated by multivariate Cox survival analysis in

BC patients

because the concrete cutoff of significance did not elu-
cidate. Therefore, the gene expression perturbations in
para-cancerous tissues are hard to be determined, which
might depend on how far away from the tumor to get the
tissue, analytical methods used, and a certain number of
samples. For DEGs between BC and para-cancerous or
normal tissues, we will not discuss them here, since they
have been extensively studied.

In fact, JUN, FOS, FOSB, and ATF3 are components
of TF activator protein-1 (AP-1), a type of dimeric TF
that has been widely studied and is formed by JUN,
FOS, ATF, and MAF protein families, which regulates a
variety of functions, such as cell proliferation, differen-
tiation, transformation, apoptosis, survival,”>** migra-
tion, and oncogenesis in the response to extracellular
and external stimuli such as cytokines, growth factors,
stress signals, bacterial and viral infections, and oncop-
roteins.””*® Moreover, previous studies concluded that
AP-1 was mainly associated with autoimmune disorders,
carcinomas, and hematological malignancies.58 Initially,
proteins of the AP-1 family, JUN, FOS, and ATF were
considered to be oncogenic, whereafter JUNB and FOS
were reported to suppress tumorigenesis.”* JUN was then
illustrated to suppress tumorigenesis.”* On the other
hand, some studies indicated that AP-1 might play im-
portant roles in tumor cell invasion®-®* and metastasis.®®
These studies as well confirmed different effects of FOS
on the tumor.

In BC, previous studies found that FOS and JUN were
downregulated in BC compared with adjacent and nor-
mal tissues,®*®> but FOSB had no difference.®’ In other
studies, FOS and FOSB were found to increase cancer cell
invasion,®! and JUN was involved in cancer cell invasion
and metastasis.’® Recently, researchers have further eluci-
dated the mechanisms of their functions in tumorigene-
sis, tumor cell invasion, and metastasis. For instance, Xie
et al.*” reported that JUN was upregulated in TNBC than
non-TNBC tumors, and the JUN N-terminal kinase (JNK)/
JUN signaling pathway might regulate cancer stem-like
cell phenotype and tumorigenesis through Notch1 signal-
ing pathway in TNBC, while Anders et al.®® demonstrated
that hyper-phosphorylation of JUN by JNK inhibited
tumor cell migration and invasion. Diann. et al. found that
FOS promoted the expression of CRADD and UQCRC2,
two apoptosis-effector genes, and was associated with bet-
ter survival outcomes.*® A recent study found that FOSB
was significantly decreased in different subtypes of BC
samples. Its higher expression was related to better RFS in

TNBC and Her2- BC based on Oncomine and TCGA data-
sets, and increased TNBC cell proliferation in the FOSB
knockout model conversely indicated its ability of tumor
inhibition.”” Furthermore, studies on drug-treated TNBC
cells showed that FOSB might be a pro-apoptotic protein
and led to BC cell death,”" whereas the upregulated FOS
in response to eribulin treatment in TNBC cells might be
responsible for the low drug sensitivity.”* ATF3 was highly
expressed when the organism encountered cancer cells as
an adaptive-response gene, which could induce apoptosis
asa tumor suppressor or enhance BC cell tumorigenicity as
an oncogene, contributing to epithelial-to-mesenchymal
transition and metastasis.”*’”* A current research showed
that ATF3 was downregulated in BC compared with ad-
jacent tissues, and overexpression of which enhanced BC
cell apoptosis and suppress cell growth, migration, and
invasion.”

Early growth response 1 (EGRI) was considered as a
tumor suppressor regulating the expressions of several
cancer suppressor genes, including TGFp1, IGF-1I, PTEN,
fibronectin, p53, and p73, while in prostate cancer as a
tumor enhancer.” The low expression of EGRI led to poor
prognosis and therapeutic resistance.”” Human IER2 was
upregulated in plenty of primary tumors compared with
paired adjacent normal tissues including BC,”® whereas
it was downregulated in hepatocellular carcinoma com-
pared with matched normal tissues, but enhanced hepa-
tocellular carcinoma cell motility and metastasis.”® ZFP36
is downregulated in the tumor compared with normal
samples, and co-expressed with JUN, JUNB, FOS, and
FOSB, downregulation of which was associated with
poor outcomes and BC progression. Thereby, ZFP36 was
regarded as a tumor suppressor, and several non-coding
RNAs could restrain tumor growth through it.***' Nuclear
receptor subfamily four group A member 2 (NR4A2) were
involved in cell proliferation, apoptosis, inflammation,
and cancer,*® and highly expressed in CD133" colorectal
carcinoma cells, which could be a tumor suppressor or
promoter depending on the tumor provenance,** and no
research linked it to BC yet. However, little emphasis was
put on the mechanisms of these low-expressed genes in
para-cancerous compared with normal tissues. Therefore,
our findings provided more evidence to lay a foundation
for that.

PPARs, a kind of transcriptional factors belong-
ing to nuclear receptor superfamily, are made up of
PPAR-a, PPAR-b/d, and PPAR-g, which are associ-
ated with adipocyte differentiation, lipid metabolism,
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FIGURE 10 Gene set enrichment analysis based on the expression levels of FOS and the gene sets of KEGG pathways. (A) The top
pathway positively correlated with the expression levels of FOS according to NES and false discovery rate (FDR) g < 0.25 based on the para-
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expression levels of FOS according to NES and FDR q < 0.25 based on the BC samples in GSE42568 dataset
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hyperlipidemia, insulin sensitization, cancer, inflamma-
tion, and atherosclerosis.** According to KEGG pathway
enrichment and module function analyses, the PPAR
signaling pathway was significantly enriched in our re-
search model. A recent study' combining four GEO and
TCGA databases of BC also identified PPAR signaling
pathway as a main pathway involved in BC, indicating
that the PPAR signaling pathway-regulated BC progres-
sion. As Figure 4F showed that seven module genes
were gathered in PPAR pathway, namely PCK1, PPARG,
PLIN1, ADIPOQ, FABP4, LPL, and ACSL1, of which
PPARG showed the highest degrees in the PPI network
and the upstream location in this pathway (Figure S11).
PPARG constitutes heterodimer with retinoid X recep-
tor and thus conducts transcription of multiple genes,
which mainly regulates adipocyte differentiation and is
related to cancer, inflammation, and atherosclerosis.®*
In BC, researches indicated that PPARG inhibited tumor
progression®*” as a promising antineoplastic agent in
the clinic.®®

Complement factor D (CFD), also known as ADIPSIN,
targeted by PPARG,* is secreted from adipocytes. It was
reported to be expressed in adipose tissues surrounding a
tumor, which could promote BC cell growth and cancer
stem cell-like properties.”> CD27 is an immune checkpoint
gene,”’ whose signal contributes to antitumor immunity
in humans. Ongoing clinical trial targeting CD27 has been
established.”? PSMB9Y, a kind of immunoproteasome gene,
consistent with our findings, was reported to be highly ex-
pressed in BC and associated with long survival.” Selectin L
(SELL) was also highly expressed in BC and associated with
better outcomes of BC patients according to public data.**

In summary, our work implemented a comprehensive
bioinformatic analysis on BC, showing different transcrip-
tional variations in para-cancerous tissues and BC. Our
findings deepened our understanding of the mechanisms
of tumorigenesis, invasion, relapse, progression, and
prognosis of BC, and provided promisingly diagnostic and
therapeutic targets for BC patients.
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