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Abstract
The high mortality rate in Breast Cancer (BC) is largely due to the di�culty of early detection and
inadequate accuracy of the current diagnostic approaches. In this study, we investigated serum and
tumor miRNA pro�les of 1800 breast cancer miRNA expression pro�les of GEO (Gene Expression
Omnibus) and also more than 2500 patients in TCGA (The Cancer Genome Atlas) database. After data
analysis by some packages like Limma, and WGCNA, we selected 6 hub miRNAs. Then by collecting
serum samples of 100 breast cancer patients, real-time PCR was performed and the diagnosis
performance of hub miRNAs was evaluated by ROC curve. Due to more validation, Kaplan-Meier Plot of
hub miRNAs was evaluated by 1262 BC samples using METABRIC database. The target genes of 6 hub
miRNAs were investigated using Mirbase, Mirtarbase, Targetscan, and TransmiR and after the
identi�cation of target genes, their expression was evaluated in 1600 BC samples using GEO database.
Finally, six miRNAs including Hsa-miR-151a-5p, Hsa-miR-34a-5p, Hsa-miR-1307-3p, Hsa-miR-450b-5p,
Hsa-miR-501-3p, and Hsa-miR-532-5p were introduced as effective biomarkers of BC.

Introduction
Despite all the advances in the recent decades, Breast Cancer (BC) more than ever is running in the
women’s population(1). According to the recent demographic studies, approximately 15% of women with
cancer and 30% of all cancer patients are suffering from this malignancy(2). Additionally, it has the
highest incidence rate more than 2 million and an annual death rate is about 700,000 women worldwide
(3). BC is a heterogeneous disease with different histopathological and biological hallmarks (4, 5). The
most common histological subtypes of BC are ductal and lobular carcinoma that is measuring with
different grades and stages (6). Moreover, the molecular classi�cation of BC is introduced based on
status of hormone receptors (HR; Estrogen/Progesterone Receptor), human epidermal growth factor 2
(ERBB2/HER2) and the proliferation marker Ki-67(7, 8). So, an urgent issue for effective treatment is an
early detection and appropriate therapy, which mainly depends on BC morphologies, molecular
characteristics, early diagnosis, prognosis, and therapeutic targets(9). Clinical decisions as well are
principally done on the basis of the molecular subtypes, the expression rate of the receptors, tumor stage
and grade, lymph node involvement, and response to therapy(10). Numerous clinical predicting
approaches, varying from breast self-examination to mammography screening, are recommended for the
early diagnosing of BC(11, 12). Currently, mammography assisted with invasive needle biopsy is utilized
as a gold standard for BC screening and provides early detection of BC(13). But, the accuracy of all used
methods is insu�cient to achieve the required characteristics for diagnosis of BC(14). For example,
because of the high- density of breast tissues in young women, mammography is usually di�cult (15).
Consequently, by increasing the studies about molecular mechanisms and pathways associated in the
formation and progression of the tumor, novel biomarkers involved in gene expression must be
recognized to promote effective diagnostic techniques and therapeutic approaches for patients with
BC(16, 17). Nowadays With the advent of microarray-based methods and high-throughput sequencing,
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genomic and expression pro�ling �ndings have led to understanding of pathways involved in BC
strengthen targeted treatment(18, 19).

Non coding RNAs (ncRNAs) have been identi�ed as a large segment of the human transcriptome and
represent to play an important role in gene expression regulating, cellular physiology, and disease
pathogenesis(20, 21). MicroRNAs (miRNAs), a class of ncRNAs are about ~ 22 nt that essentially execute
a role in the post-transcriptional regulation and durability of messenger RNA (mRNA) by cooperating with
the RNA Induced Silencing Complex (RISC) to join to the complementary sequences (3’-untranslated
region (UTR)) region of mRNA(22). Furthermore, miRNAs have been proved to have an effective function
in cell growth, proliferation, migration, invasion, apoptosis, metastasis, and being also implicated in
tumorigenesis by adjusting the expression of oncogenes and tumor suppressor genes(23). The prevailing
studies about miRNA expression have been expanded into varieties of neoplasms(24). The expression of
miRNAs in BC patients' tissues and serum have been widely examined to con�rm their potential roles as
predictive tools and however diagnostic and prognostic biomarkers(25, 26). The largest number of the
tumor biomarkers and therapeutic targets recognized up to now is on coding genes, while ∼98% of the
genome comprises non-coding sequences as well as 90% of transcriptions are performed via the non-
coding sequences which produce wide number of non-coding RNAs (27). Hence, the purpose of our
research is to study the groups of expressed miRNAs in BC samples in comparison to the paired-normal
controls to discover novel biomarkers for early detection and future treatment advances.

In recent years, WGCNA are widely utilized to determine miRNAs cancer biomarkers. For example, Zhou et
al. described two gene modules and one miRNA module associated with the different stages of colorectal
cancer. and introduced hsa-let-7c-5p as a signal regulator which can count as a prognostic
biomarker(28). In another study Wei et al. analyzed mRNA and miRNA expression pro�les by WGCNA.
Then based on their interaction networks, reported hsa-mir-17-5p, hsa-mir-20a-5p, hsa-mir-92a-3p, and
hsa-mir-93-5p as Probable biomarkers in prostate cancer(29). Pascut et al. reported MiR-3185 and miR-
4507 as candidate biomarkers for longer survival in hepatocellular carcinoma. They showed higher
expression rate of MiR-3185 and miR-4507 in serum samples lead to higher survival rate(30).

By focusing on two points we run this study, �rstly collecting a large number of BC samples data from
different databases, secondly de�ciency of introduced biomarkers in prognosis, diagnosis, and treatment
of BC. In this study, we extracted the serum and tissue microarray datasets of miRNA platforms and
employed the limma and WGCNA tools to identify core miRNAs between BC samples and non-tumor
controls, 6 hub miRNAs were found and validated with real-time PCR and TCGA database. Then we
de�ned these miRNAs as the diagnostic and prognostic signatures by using ROC curve and kaplan meier
survival analysis. Eventually we speci�ed miRNA targets and demonstrated their interaction network
based on CyTargetLinker tool and miRTarBase, Targetscan and TransmiR databases.

Material And Method
Selection of GEO datasets, processing and construction of networks
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Gene Expression Omnibus (GEO), a high-throughput genomic and transcriptomic database (11) was
queried for miRNAs expression pro�les in Breast Cancer. The search was performed with the following
strategy [(healthy) OR control) OR normal) OR "non tumor") OR adjacent)) AND (("breast cancer") OR
breast neoplasm)) AND "Homo sapiens" Filters: Non-coding RNA pro�ling by array]. The criteria for
choosing the quali�ed datasets includeddatasets with miRNAs platforms that each one simultaneously
include breast cancer tissues (or serums) and healthy (or adjacent non tumor samples). Considering the
quality of raw data �ve datasets including GSE113740, GSE113486, GSE83270, GSE73002, and
GSE57897 were selected for the rest of study.

Differentially expressed miRNAs screening (DEMs)

Selected datasets were employed to specify differentially expressed Micro RNAs (DEMs) between the
Breast Cancer tissues and healthy or non-tumor controls using limma package. The miRNAs selection
thresholds were considered p-value <0.05 and logFC > 1.

Weighted gene co-expression network construction and module detection

Three datasets including GSE113740, GSE113486, and GSE57897 were selected due to the desired
number of samples and raw data �exibility. With using WGCNA R package, co-expression networks
wereconstructed (34). This construction was carried out in several steps: �rst, a similarity matrix was
created from correlation of gene pairs.Then for evaluation the scale-free topology, we calculated soft-
thresholding power bypickSoftThreshold function of WGCNA R package. After that, to decrease the noise
and spurious association’s impact, adjacency was converted to the topological overlap matrix and related
heterogeneity was computed. Then hierarchical clustering of genes was demonstrated on dendrogram.
Signi�cancy of each module with clinical status was measured with correlation values and p-values in
previous steps. Afterward, we de�ned Gene Signi�cance (GS), the absolute value of correlation of gene
and trait of interest (status) that indicatethe genes and status association. Also, we determined a
quantitative amount of module membership (MM) for each module that shows the correlation of module
eigengene with gene expression pro�le.Thus, we could quantify the conformity of genearray to each
module. In �nal step, we utilized MM and GS to identify high signi�cant genes for each status as well as
high MM values in selected modules.

Survival analysis

We combined the results of co-expression networks and DEMs for identi�cation of core miRNAs. Then
their survival plotswere evaluated via OncoLnc database(31).

Expression validation of core miRNAs by TCGA database

We con�rmed the expression level of core miRNAs in TCGA data mir-TV(32). This dataset includes 1103
breast cancer patients and 104 healthy control.

Experimental method
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Subjects and sample preparation

BC serums of 100 patients were collected at Noor-Nejat Hospital of Tabriz city, and immediately stored at
-80 °C. Patients with a history of chemotherapy and radiotherapy for the malignancy were excluded from
the study. All participants were requested to sign informed consent forms. The Ethics Committee of
Tabriz University of Medical Sciences approved the study (Code: IR.TBZMED.REC.68120).

RNA extraction from serum samples

Total RNA was extracted from the serum samples of each group using the miRNeasy Serum/Plasma Kit
(Qiagen Cat No. /ID: 217184),the quality of the extracted RNA was evaluated usingOD260/OD280 ratio
detection and 2% gel electrophoresis, and its concentration was measured using NanoDrop ND-1000 UV-
Vis spectrophotometer (NanoDrop Technologies, Wilmington, DE, USA). Eventually, the complementary
DNA (cDNA) was synthesized using reverse transcription enzyme. The cDNA was treated with DNase I
enzyme to remove the genomic DNA.

Primer design and Real-Time PCR

Primer design was conducted using online miRNA design tool
(http://genomics.dote.hu:8080/mirnadesigntool/). Preparing the primer was followed by adding sterile
distilled water to the tubes containing lyophilized forms of the primer (Cinaclone, Iran) according to the
manufacturer’s instruction, and then stored at -20 °C. Real-time PCR assay was conducted to measure the
expression levels of the studied miRNAs using the RT-PCR thermal cycler (Applied Biosystems, CA, USA)
and SYBR green kit (Takara, China). Ultimately, the results were normalized using 5srRNA. The �nal
solution volume was 15 μL, which included 1 μL cDNA, 1 μL forward and 1 μL reverse primers, 10 μL Taq
polymerase enzyme, and 2 μM DEPC water. The reactions were conducted in 40 cycles including a single
primary denaturation (95 °C, 2 min), and then denaturation (95 °C, 30 sec), annealing (60 °C, 40 sec), and
extension (60 °C, 40 sec). As well, we set up a negative control for each miRNA to examine possible
contaminations. The expression fold change of the miRNAs was evaluated using the threshold cycle (CT)
method by the following formulae.

Validation and diagnostic performance of the core miRNAs

According to qPCR data, ROC curve displayed the diagnostic and prognostic performance of each 6 core
miRNAs. The miRNAs with p-value < 0.05 and the estimated area under the curve (AUC) > 0.8 were
considered strong biomarkers.

Validation of core miRNAs based onMETABRIC database
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A cohort of 1262 Breast Cancer patients miRNA expression pro�les was utilized for extraction of survival
plot of hub miRNAs using METABRIC database (Molecular Taxonomy of Breast Cancer International
Consortium)(33).

MiRNA-mRNA network construction

CyTargetLinker(34)was used to model miRNAs-Targets network in a graphical map. The network was
established by core miRNAs and target genes around them. To present the network of miRNAs-Targets,
miRTarBase(35), Targetscan(36), and TransmiR(37)databases were utilized.

Target genes expression evaluation by other datasets

After construction of MiRNA-mRNA network, target genes were detected and their expression values was
evaluated in other independent datasets. 12 GEO series including GSE10797, GSE20711, GSE29431,
GSE31448, GSE3165, GSE38959, GSE42568, GSE45827, GSE57297, GSE65216, GSE65194, and
GSE61724 were employed to explore the aberrant expression between BC cases and healthy controls.

Enrichment of target genes

ClueGO software version 2.5.3(38)was employed to perform the pathway enrichment analysis of the
genes, and the most important signaling pathways based on the KEGG database were detected(39).

Results
Differentially expressed miRNAs screening

We screened out 12 common miRNAs by using |log2FC| > 1 and p < 0.05 threshold between 5 miRNA
expression arrays, GSE113740, GSE113486, GSE83270, GSE73002, and GSE57897. All of them were
upregulated (Figure 1).

Weighted co-expression network construction and key modules identi�cation

GSE113740 (Figure 2A), GSE113486 (Figure 3A), and GSE57897 (Figure 4A) were selected for
WGCNA analysis. pickSoftThreshold function speci�ed β = 18 for GSE113740, β = 7 for GSE113486 and
β = 7 for GSE57897 choose for reaching scale-free topology �t index (scale free R2 = 0.9). Hierarchical
clustering of GSE113740 represented �ve differently modules, including blue (120 miRNAs), brown (260
miRNAs), grey (503 miRNAs), turquoise (112 miRNAs), and yellow (181 miRNAs) (Figure 2B and Figure
2C). Hierarchical clustering of GSE113486 represented six modules including yellow, blue, brown, green,
turquoise and grey (Figure 3B and Figure 3C). Hierarchical clustering of GSE57897 represented six
modules including turquoise, blue, yellow, and brown, green and grey (Figure 4B and Figure 4C). The
signi�cant association of modules and clinical status (disease status) were identi�ed. Then eigengene
and clinical traits correlation was demonstrated on a color-coded table. Also, miRNAs and clinical traits
correlation were displayed on scatterplot. We choosed turquoise module of GSE113740 (correlation= 0.76
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and P.value <1e-200) (Figure 2D). For GSE113486, turquoise module was selected (correlation = 0.57 and
P.value =2.2e-16) (Figure 3D) and for GSE57897, yellow module was selected (correlation = 0.21 and
P.value = 0.017) (Figure 4D). At last, we merge the common miRNAs of selected modules with DEMs and
11 core miRNAs were identi�ed, Hsa-miR-151a-5p, Hsa-miR-185-5p, Hsa-miR30c-2-3p, Hsa-miR-22-3p,
Hsa-miR-181c-5p, Hsa-miR-501-3p, Hsa-miR-34a-5p, Hsa-miR-532-5p, Hsa-miR-450b-5p, Hsa-miR-1307-3p,
and Hsa-miR-30a-5p. All of them were upregulated and considered for other analysis.

Survival analysis of core miRNAs

We combined the results of co-expression networks and DEMs and then extracted the survival plot of 11
core miRNAs including Hsa-miR-151a-5p, Hsa-miR-185-5p, Hsa-miR30c-2-3p, Hsa-miR-22-3p, Hsa-miR-
181c-5p, Hsa-miR-501-3p, Hsa-miR-34a-5p, Hsa-miR-532-5p, Hsa-miR-450b-5p, Hsa-miR-1307-3p, and
Hsa-miR-30a-5p via OncoLnc database. As it is clear from plots 6 out of 11 miRNAs show meaningful
P.Value, therefore are good candidates for next steps of analysis. 6 core miRNAs are hsa-MiR-450b-5p,
hsa-MiR-1307-3p, hsa-MiR-34a-5p, hsa-MiR-151a-5p, hsa-MiR-501-3p, and hsa-MiR-532-5p (Figure 5).

Evaluation of core miRNAs expression using TCGA

To con�rm the e�cacy of 6 core miRNAs, we detected the expression of them by mirtv database (Figure
6). As it is clear from the �gure the expression of six miRNAs including Hsa-miR-151a-5p, Hsa-miR-34a-
5p, Hsa-miR-1307-3p, Hsa-miR-450b-5p, Hsa-miR-501-3p, and Hsa-miR-532-5p are concordant with the
previous results. 

Real-time PCR

In order to verify the differential expression of the core miRNAs in breast cancer patients experimentally,
by applying 100 BC serum samples and 100 healthy controls, Real-Time PCR was performed that showed
signi�cant expression difference in breast cancer patients compare to the healthy controls (Figure 7).

E�cacy of diagnosis of hub miRNAs

Using ROC curve, we evaluated the diagnostic e�cacy of six hub miRNAs based on Real-time PCR result.
The AUC showed that miRNAs indicated excellent diagnostic e�ciency for breast cancer in comparison
with healthy samples (Figure 8). As it is clear from the �gure P.value of all six hub miRNAs is meaningful
(P.value < 0.05) and the AUC of six hub miRMAs including Hsa-miR-151a-5p (0.93), Hsa-miR-34a-5p
(0.67), Hsa-miR-1307-3p (1.00), Hsa-miR-450b-5p (0.76), Hsa-miR-501-3p (0.84), and Hsa-miR-532-5p
(0.88) show excellent diagnosis e�cacy.  

Validation of core miRNAs based on METABRIC database

To further validation of hub miRNAs, we evaluated the survival plot of them using METABRIC database
that present an integrated analysis of copy number and gene expression in a discovery and validation set
of 1262 primary breast tumors, with long-term clinical follow-up (Figure 9). As, it is clear from plots �ve of
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them including Hsa-miR-151a-5p, Hsa-miR-34a-5p, Hsa-miR-1307-3p, Hsa-miR-501-3p, and Hsa-miR-532-
5p have meaningful P.Value, while Hsa-miR-450b-5p has P.Value = 0.086 which is meaningless.

MiRNA-mRNA network of hub miRNAs

We apply six hub miRNAs and constructed miRNA-mRNA network by CyTargetLinker, based on
miRTarBase, Targetscan, and TransmiR databases (Figure 10). All hub miRNAs are upregulated which are
presented in red while the target genes of hub miRNAs are downregulated and are presented in green.

Target genes expression evaluation by other datasets

The expression status of target genes was evaluated using 12 GEO series including GSE10797,
GSE20711, GSE29431, GSE31448, GSE3165, GSE38959, GSE42568, GSE45827, GSE57297, GSE65216,
GSE65194, and GSE61724 that in total cover the expression data of 1600 BC patients. The result was
shown as heatmap (Figure 11). Target genes of hub miRNAs are downregulated and their expression is
concordant with the expectations. 

Enrichment of target genes

Target genes were enriched, and then analyzed through the cytoscape plug-in ClueGo. According to the
KEGG database, these genes are predicted to play role in several cellular processes like p53 signaling
pathway, insulin resistance, melanoma, central carbon metabolism in cancer, prostate cancer, longevity
regulating pathway, amphetamine addiction, and cocaine addiction, and adipocytokine signaling
pathway (Figure 12).

Discussion
Each tumor tissue as same as normal tissues has speci�c expression signatures. Every of these amounts
that linked a biological case with a potential hazard, is called biomarker. There are several main attributes
for an ideal biomarker, such as 1) non-invasive survey (present in the body �uid or peripheral tissues), 2)
easy detection assay, 3) affordable and rapid test, and 4) related to speci�c result. Accordingly, miRNAs
have cancer speci�c expressions, small size (rapid and cost effective experiment), resistance potency to
degradation, and can be measured in serum or plasma samples easily (circulating miRNAs) (40, 41).
Furthermore, miRNAs dysregulation disrupts the expression of oncogene or tumor suppressor genes and
microenvironment balance agents, hence they are considered metastasis factors and prognosis
predictors. (42). On the other hand, nowadays BC has exceeded lung cancer as the most commonly
diagnosed cancer, recently (43). Therefore, many of researches concentrate to detect DEMs as candidate
biomarkers that can be utilized to BC predisposition or management and reduce the disease burden.

Evangelista et al. examined miRNA and mRNA microarray hybridization on different cell lines according
to molecular subtypes and reported miR-193 and miR-210 as potential biomarkers in BC. Also, CCND1
and RUNX3 were exhibited as miRNAs targets. Despite they considered several cell lines for each
molecular subtype, they didn’t utilize any serum or tissue samples to further con�rm their predictions.
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Hence, sensitivity and speci�city rate were not screened. At the next step, they validated their �ndings via
513 breast tissues (456 cancer tissue and 57 normal adjacent) from TCGA database. Their miRNAs
selection protocol included ANOVA test (p.value < = 0.01), and signi�cant differentiation between two
separate cell lines, (p.value < = 0.05). But their TCGA report, was only regarded second step of the
protocol. In addition, they skipped the other signi�cant miRNAs that resulted from one individual cell line.
Eventually, they didn’t examine the miR-193 and miR-210 survival rate (44).

Furthermore, another study conducted by Mahmoudian et al. reported miR-25-3p, miR-29a-5p, miR-105-
3p, miR-181b1-5p, miR-335-5p, and miR-339-5p as candidate biomarkers in BC. They extracted those
miRNAs from literature reviews and BC experimental studies, but they didn’t clarify their selection criteria.
The qPCR �nally results from 50 BC tumor tissues and 50 adjacent non-tumor controls, showed p.value < 
0.0001 for miRNAs. However, they had to consider bigger sample size and high-throughput data analysis
to support their �ndings more reliable. Then the survival estimation was performed and Kaplan Meier
analysis rejected prognostic values of two miRNAs (miR-25-3p with p.value = 0.058 and miR-339-5p with
p.value = 0.36). At last, all miRNAs diagnostic values were signi�cant (p.value < 0.0001, 0.77 < = AUC), but
they were not assessed in serum samples (45).

Orlandella et al. showed miR-622 was downregulated in plasma and tissue samples of patients with BC,
and NUAK1 was validated as a direct target of miR-622. They selected miR-622 from other studies as a
tumor suppressor and utilized two GEO microarray datasets to determine the mir622-NUAK1 correlation
and TCGA data was used to reveal survival rate between different molecular subtypes. But none of them
were implemented to predict the role of miR-622 in BC. Moreover, the signi�cance of miR-622 was only
examined on 20 BC specimen and 39 BC serum samples through real-time PCR, diagnosis potency was
not conveyed as well. Finally, they didn’t determine other mir622 targets, because their main goal was to
investigate the mir622- NUAK1 controversary (46).

In further study was done in 2021, it was highlighted that miR-30b-5p plays a role as a signi�cant
diagnostic biomarker in BC. They utilized miR-30b-5p through other researches, because miR-30b-5p was
non evaluated in tissue and plasma concurrently and its prognosis and functions are still controversial,
particularly in BC investigations. Then they assisted their �ndings with 769 BC tissues and 74 healthy
normal ones from TCGA database. However, they didn’t use microarray datasets to further support their
results, especially for serum samples that TCGA inspection was not possible. Furthermore, miR-30b-5p
expression was measured in three cohorts, �rst BC tissues, the second and third plasma samples, with
qPCR. Also, ROC curve analysis con�rmed sensitivity and speci�city value in the tissue and plasma
samples but the relapse-free survival analysis was not performed. Finally, the targets of miR-30 family or
miR-30b were brie�y discussed, however miR-30b-5p direct targets and interactions were not displayed
clearly (47).

Li et al. emphasized the overexpression of miR-19b in BC tissues and introduced it as a prognostic
candidate. miR-19b and its targets were selected from researches. However, the authors didn’t validate the
miR-19b by any microarray and RNA sequencing datasets. They examined 124 cancer tissues and 124
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adjacent normal tissues by qPCR, though serum samples were not imported. miR-19b Prognostic value
was showed signi�cant e�cacy (log-rank P = 0.002) on cancer tissues but diagnosis potency was not
measured. At last, according to previous studies, PI3K/AKT members were chosen as targets of miR-19b
and p-PI3K, p-AKT, and CCND1 showed upregulation along with miR-19b overexpression (48).

Finally, Zhu et al. reported miR-1908-3p as an oncogenic miRNA that can be used to diagnose and
prognose of BC. They didn’t use high-throughput data analysis to �nd their speci�c miRNA, but they
chose miR-1908-3p from other experiments. Then, they con�rmed miR-1908-3p by TCGA database.
However, they didn’t mention to the sample size. Also, any type of microarray and RNA-seq serum
samples were not recruited to support serum assessments. In order to prognostic prediction, Caplan Meier
survival plot just indicated miR-1908 and didn’t distinguish miR-1908-3p. Afterward, to validate the miR-
1908-3p in-silico �ndings, 50 tumor tissues and 60 cancer serum samples were examined by qPCR and
its sensitivity and speci�city quantities were displayed through the serum sample appraisal (49).

In the present study, we analyzed three serum samples (GSE73002, GSE113740, and GSE113486), two
tissue samples (GSE53179 and GSE57897) and one whole blood samples (GSE83270) datasets from
GEO microarray series. Then WGCNA was used to �lter hub miRNAs from DEMs and TCGA was applied
to con�rm signi�cance of hub miRNAs. Also, we constructed miRNA-mRNA interactions and de�ned hsa-
miR-34a-5p, hsa-miR-501-3p, hsa-miR-1307-3p, hsa-miR-450b-5p, hsa-miR-532-5p, and hsa-miR-151a-5p
as core miRNAs. At the next step, qPCR supported our in-silico results and ROC curve and overall survival
analysis validated hsa-miR-34a-5p, hsa-miR-501-3p, hsa-miR-1307-3p, hsa-miR-450b-5p, hsa-miR-532-5p,
and hsa-miR-151a-5p as candidate diagnosis and prognosis biomarkers.

Numerous studies have reported aberrant expression of these miRNAs associated with BC. Analysis of
the miRNA-mRNA network from multiple studies reveals that miR-34a-5P, with the cooperation of speci�c
proteins, plays a role in breast cancer and other gynecological cancers as well (50–52). As an example,
hsa-miR-34a-5p was discovered in two separate studies published in 2017 and 2020 as a potential
marker of metastasis (53, 54) and chemo-resistance (55, 56) in patients with BC. In a study published in
2019, by Hadavi et al. In a study published in 2019, by Hadavi et al. the role of miR-501-3p in BC
con�rmed (57). This research reported a negative correlation between miR-501-3p and its target genes,
suggesting that this miRNA could be a new candidate for TNBC targeted therapies. Additionally, the role
of this miRNA in other cancers and disorders has also been identi�ed by another researches (58–60). It
was also con�rmed that miR-1307-3p plays a role in tumorigenesis of multiple cancers (61–63). Han et
al. identi�ed miR-1307-3p as an oncogene and its role in the progression of BC (64). The role of miR-
1307-3p in the early diagnosis of BC has also been a�rmed (65). Another novel miRNA discovered as a
result of our research is miR-450b-5p, whose role in BC has not been studied but has been extensively
studied in other cancers such as cervical cancer (66), nasopharyngeal carcinoma (67), hepatocellular
carcinoma (68), etc. Moreover, miR-502-5p was concerned in BC. MiR-532-5p promotes proliferation and
migration in BC, according to a study by L et al. (69), and its role as an upregulated biomarker in early
stages was revealed by Tsai et al (70). Finally, the role of deregulated miR-151a-5p in various
malignancies has been demonstrated by the �ndings of many investigations. The data provided by Ragle
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Aure et al. showed that the overexpression of miR-151a-5p increases the proliferation of BC cell lines (71).
However, miR-151a-5p was con�rmed as a novel biomarker for BC diagnosis and prognosis (72). In
addition to BC, the function of this miRNA in other disorders and cancers has been reviewed and
presented (73–75).

Conclusion
Considering limitations in the performance of introduced biomarkers for breast cancer, we performed an
analysis on more than 5000 BC samples. By using packages like limma and WGCNA, we succeeded in
the identi�cation of six miRNAs including Hsa-miR-151a-5p, Hsa-miR-34a-5p, Hsa-miR-1307-3p, Hsa-miR-
450b-5p, Hsa-miR-501-3p, and Hsa-miR-532-5p. The mentioned miRNA biomarkers can be used for
prognosis, diagnosis, and treatment of breast cancer.
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Figures

Figure 1

Bipolar and healthy control differential gene expression. red color shows Upregulated miRNAs and green
color shows downregulated genes
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Figure 2

The result of weighted analysis of GSE113740. (A) Clustering dendrogram of samples based on their
Euclidean distance that shows how the clinical trait relate to the sample dendrogram. (B) hierarchical
clustering tree of genes, with dissimilarity based on topological overlap, together with assigned module
colors. (C) identi�cation of modules that are signi�cantly associated with the measured clinical traits.
Each row corresponds to a module eigengene, column to a trait. Each cell contains the corresponding
correlation and p-value. (D) A scatterplot of Gene Signi�cance vs. Module Membership in the turquoise
module. There is a highly signi�cant correlation between GS and MM in this module.
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Figure 3

The result of weighted analysis of GSE113486. (A) Clustering dendrogram of samples based on their
Euclidean distance that shows how the clinical trait relate to the sample dendrogram. (B) hierarchical
clustering tree of genes, with dissimilarity based on topological overlap, together with assigned module
colors. (C) identi�cation of modules that are signi�cantly associated with the measured clinical traits.
Each row corresponds to a module eigengene, column to a trait. Each cell contains the corresponding
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correlation and p-value. (D) A scatterplot of Gene Signi�cance vs. Module Membership in the turquoise
module. There is a highly signi�cant correlation between GS and MM in this module. 

Figure 4

The result of weighted analysis of GSE57897. (A) Clustering dendrogram of samples based on their
Euclidean distance that shows how the clinical trait relate to the sample dendrogram. (B) hierarchical
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clustering tree of genes, with dissimilarity based on topological overlap, together with assigned module
colors. (C) identi�cation of modules that are signi�cantly associated with the measured clinical traits.
Each row corresponds to a module eigengene, column to a trait. Each cell contains the corresponding
correlation and p-value. (D) A scatterplot of Gene Signi�cance vs. Module Membership in the yellow
module. There is a highly signi�cant correlation between GS and MM in this module.

Figure 5

Overall survival analysis of 6 hub miRNAs in Breast cancer (based on TCGA data in oncolnc).
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Figure 6

Validation of the 6 hub miRNAs expression in breast cancer compare to healthy controls based on TCGA
database in mirTV.
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Figure 7

Real time PCR analysis for hub miRNAs of breast cancer in comparison with healthy controls in blood
samples. Bar diagram shows fold change in expression of hub miRNAs. Statistical comparisons were
made with respective 5 s rRNA. For all miRNAs P < 0.05.
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Figure 8

ROC curve analysis of six hub miRNAs based on real-time PCR result. Receiver operating characteristic
(ROC) curve and area under the curve (AUC) statistics are used to evaluate the capacity to discriminate
breast cancer from healthy controls with excellent speci�city and sensitivity.
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Figure 9

Kaplan-Meier Plot of 6 hub miRNAs in Breast cancer (based on METABRIC).
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Figure 10

Hub miRNAs-mRNA network in Breast cancer. Upregulated miRNA and target mRNAs network of the six
hub miRNAs. Red circle represent upregulated hub miRNAs and green circles represent downregulated
target mRNAs. 
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Figure 11

The heatmap representing the expression values corresponding the target genes of hub miRNAs using
GSE10797, GSE20711, GSE29431, GSE31448, GSE3165, GSE38959, GSE42568, GSE45827, GSE57297,
GSE65216, GSE65194, and GSE61724 datasets. Red color shows up regulated genes while
downregulated genes are presented in green.
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Figure 12

Enriched KEGG pathways using the ClueGo plugin of Cytoscape. Functionally grouped networks based on
the KEGG database of genes with terms as nodes linked based on their κscore level (≥ 0.35).


