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Background: Circulating microRNAs are promising noninvasive biomarkers in oncology.
Notable gaps remain in relevant serum-focused research on early-stage breast cancer;
therefore, this study integrated transcriptomic data to identify a signature with both diagnostic
and prognostic value.
Methods: We retrieved serum microRNA data from the publicly available microarray data
set GSE73002, which includes 1270 patients with early-stage breast cancer and 2686 healthy
controls. We used limma’s empirical Bayes method to analyze differential expression,
predicted target genes using miRWalk, performed functional enrichment analysis, and
assessed prognostic relevance using survival data from the TCGA-BRCA tissue cohort as
a supportive, non-independent line of evidence.
Results: At an FDR threshold of 0.05, we identified 1450 upregulated microRNAs and 898
downregulated microRNAs. Core upregulated microRNAs, including hsa-miR-614, showed
enrichment of predicted target genes, and high hsa-miR-614 expression was associated with
shorter overall survival (HR, 2.81; 95% CI, 1.24-6.39; P = .0098).
Conclusion: Early breast tumorigenesis may be characterized by systemic dysregulation of
circulating microRNAs that govern epigenetic and transcriptional networks. These specific
signatures, notably hsa-miR-614, may serve as promising candidates for liquid biopsy-based
diagnostic and prognostic biomarkers, pending further experimental and prospective clinical
validation. The survival association reported here was derived from a tissue-based cohort
(TCGA-BRCA) and should be interpreted as supportive evidence rather than independent
validation in circulating samples; prospective studies using independent serum or plasma
cohorts are needed to confirm prognostic utility in liquid biopsy settings.

© 2026 The Author(s). This open-access article is distributed under the Creative Commons Attribution-NonCommercial 4.0 International License, which permits sharing and
adapting the material for any purpose except commercial purposes, provided appropriate credit is given, a link to the license is provided, and any changes are indicated.

INTRODUCTION
Breast cancer is the most common cancer worldwide,
and it is also the leading cause of cancer-related
deaths among women.1 At present, the core diagnostic
methods used in clinical practice center on imaging
and tissue biopsy, but these approaches face two
key problems: they pose significant challenges for
early diagnosis, and they lack sufficient accuracy
for prognostic stratification.1 In particular, early-
stage lesions exhibit only molecular changes, so
the academic community urgently needs minimally
invasive biomarkers to address this gap.
MicroRNAs (miRNAs) are small noncoding

RNAs approximately 22 nucleotides long that
regulate gene expression at a posttranscriptional
level and participate in the processes of tumorigenesis,
including, but not limited to, proliferation, invasion,
immune modulation, and angiogenesis.2–4 Serum- and
plasma-based circulating miRNAs display substantial
stability and are, therefore, ideal candidates for
use as liquid biopsy-based indicators of cancer
diagnosis or prognosis.4–6 Numerous studies have
previously advocated for miRNA signatures for
breast cancer; however, many reports are limited by
small sample size, lack of independent validation,
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and inadequate consideration of the integration of
differential expression with functional inferences or
clinical outcome evaluation.7–11

Accordingly, a significant gap remains in the
implementation of an integrative end-to-end data-
driven framework that links large-cohort differential
expression profiling with target inference, pathway-
level interpretation, interaction network context, and
supportive survival analysis.12 Therefore, the aim of
this study was to use a bioinformatic workflow to
discover differentially expressed circulating miRNAs
in early-stage breast cancer, characterize their
predicted target genes and the enriched biological
pathways associated with them, and explore their
prognostic relevance using TCGA-BRCA survival
data.

METHODS
Data acquisition and study design
This study used publicly available serum miRNA
expression profiles obtained from the Gene Expres-
sion Omnibus (GEO) database (accession number
GSE73002) (View GEO Dataset GSE73002). The
data set comprised microarray data generated using the
highly sensitive 3D-Gene Human miRNA V20_1.0.0
platform (Toray Industries, Japan; GEO platform
GPL18941). The initial dataset included 4684
serum samples. To ensure a case-control comparison,
rigorous inclusion and exclusion criteria were applied
based on the provided clinical metadata. The final
analytical cohort consisted of 1,270 samples from
patients with early-stage breast cancer and 2,686
samples from healthy controls. Samples were
excluded from analysis based on the following explicit
criteria: (i) patients with benign breast diseases (n =
53); (ii) patients with other malignancies (n = 514);
and (iii) samples with incomplete or missing clinical
annotations. The designation of early-stage breast
cancer was adopted from the original GSE73002 study
design and annotations, which focused on identifying
serum miRNA biomarkers for early breast cancer
detection. Breast cancer and healthy control samples
were selected based on the disease-status labels in
the GEO metadata (Shimomura et al., Cancer Sci,
2016). Molecular subtype, age, sex, and sample
collection date were not used as exclusion criteria,
as complete individual-level demographic metadata
were not uniformly available in the GEO submission.
Institutional review board approval and patient consent
were not required, as this study entailed the secondary
analysis of publicly available, deidentified data.

Preprocessing and normalization of microar-
ray data
Gene expression microarray data were preprocessed
using R (version 4.1.2). First, log2 transformation and
quantile normalization were applied to reduce techni-
cal variation and stabilize variance across arrays, after
which quality control was carried out to assess sam-
ple structure and identify technical outliers. Because
all samples were generated using standardized exper-

imental workflows on the same microarray platform,
no batch effect correction was applied. Ultimately, all
3956 valid samples (1270 breast cancer cases and 2686
controls) were included in the downstream differential
expression analysis.

Differential expression analysis
Differential miRNA expression between the breast
cancer and healthy control groups was quantified
using the empirical Bayes method implemented in the
limma framework. Linear models were fitted to the
normalized expression data using the lmFit function,
and a specific contrast was designed to compare
the ”Tumor” group with the ”Non-Cancer” control
group. Moderated t-statistics and log2 fold changes
(logFC) were calculated using the eBayes function.
Differentially expressed miRNAs were identified
using a Benjamini–Hochberg false discovery rate
(FDR) threshold of 0.05. Upregulated miRNAs
were defined as those with logFC > 0, whereas
downregulated miRNAs were defined as those with
logFC < 0.
Given the large cohort size (n = 3,956), no arbitrary

fold-change threshold was applied to avoid excluding
consistently deregulated miRNAs exhibiting modest
but potentially biologically relevant expression
changes. Significantly differentially expressed
miRNAs were subsequently ranked according to
the absolute magnitude of their logFC values. The top
10 upregulated and top 10 downregulated miRNAs
were selected for downstream analyses, prioritizing
the most strongly deregulated candidates while
maintaining analytical feasibility for downstream
functional analyses. This prioritization strategy
was adopted to identify high-confidence candidate
biomarkers for subsequent independent validation and
detailed functional investigation. Fold-change values
were calculated as 2log2FC. To assess the robustness of
this prioritization strategy, a sensitivity analysis was
performed using expanded ranking thresholds (top 15
and top 20 differentially expressed miRNAs ranked
by absolute logFC). The resulting candidate lists were
compared with the original top 10 selection.

Target gene prediction and prioritization
To elucidate the potential biological roles of the
top 10 significantly upregulated miRNAs, putative
mRNA targets were predicted using the miRWalk
v3.0 database. To minimize the inclusion of false-
positive interactions, the target prediction was refined
by intersecting the results with interactions recorded
or predicted in at least one additional database
(eg, miRTarBase or TargetScan) integrated within
the miRWalk platform. The predicted target genes
were then mapped to their respective binding regions,
including the 3′-untranslated region (3′-UTR), 5′-
untranslated region (5′-UTR), and coding sequence
(CDS). Target genes were designated high-confidence
candidate regulatory hubs if they satisfied at least one
biological support criterion: (i) being targeted by ≥2
of the top 10 upregulated miRNAs, or (ii) having
predicted interactions in ≥2 distinct binding regions (3′-
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UTR, 5′-UTR, or CDS) within the same gene. In all
cases, candidate targets were required to be supported
by intersection of miRWalk predictions with at least
one additional database (miRTarBase or TargetScan).

Functional enrichment
Functional annotation of the prioritized high-confi-
dence target genes was performed using the Enrichr
web server. The analysis included Gene Ontology
(GO) terms (Biological Process, Molecular Function,
and Cellular Component) from the GO 2025 database,
as well as pathway enrichment analyses using the
Kyoto Encyclopedia of Genes and Genomes (KEGG
2021), Reactome, and WikiPathways databases.
Statistical significance for enrichment analysis was
assessed using Benjamini–Hochberg adjusted P values
(FDR-adjusted P < .05) as reported by the Enrichr
platform. Results were further prioritized by the
Enrichr combined score (−log10 P-value × z-score).
The enriched functional categories and pathways were
subsequently visualized using standardized bar charts
and clustergrams to illustrate the relationship between
the target genes and their associated biological themes.

Construction of the miRNA-mRNA interaction
network
An miRNA–mRNA regulatory network was con-
structed using the top upregulated miRNAs and their
high-confidence functional target genes. Comprising
164 miRNA–target pairs, the network was generated
via miRNet 2.0, a comprehensive web-based platform
that integrates data from miRTarBase, TarBase, and
miRDB. This interaction network was exported and
visualized in Cytoscape (version 3.9.1) to identify
central nodes and regulatory hubs in the breast cancer-
associated miRNA signature. To determine whether
there are patterns of network regulation by candidate
miRNAs, the miRNA-mRNA interaction network
was constructed using hierarchical clustering and
presented as a heatmap.

Survival analysis and prognostic validation
To evaluate the prognostic significance of the
identified circulating miRNAs, we used the miRPower
module of Kaplan Meier Plotter (View Kaplan Meier
Plotter), which integrates transcriptomic and clinical
outcome data from The Cancer Genome Atlas
breast invasive carcinoma cohort (TCGA BRCA;
View GDC Data Portal). Patients were stratified
into high- and low-expression groups based on the
median expression level of each specific miRNA. No
optimal cut-point selection algorithm was employed
to prevent statistical overfitting. Overall survival
(OS) was assessed using Kaplan-Meier survival
curves, and the statistical difference between the
survival distributions was determined using the log-
rank test. Hazard ratios (HR) and corresponding
95% confidence intervals (CIs) were calculated
in a univariate framework without adjustment for
clinicopathological covariates. A log-rank P value
< .05 was considered statistically significant. It
should be noted that this survival analysis is based on
tissue-derived expression data from the TCGA-BRCA

cohort and, therefore, constitutes a supportive line
of evidence regarding the clinical relevance of hsa-
miR-614, rather than an independent validation of its
circulating expression pattern.

Statistical analysis and data visualization
All statistical analyses were conducted using R. The
supplied R script for miRNA microarray prepro-
cessing, differential-expression analysis and volcano
plotting is included in the Supplementary Material.
Data visualization, including volcano plots, heatmaps,
and bar charts, was performed using the ggplot2,
EnhancedVolcano, and pheatmap packages. The raw
data and processed expression matrices from the
GSE73002 dataset are publicly accessible via the
GEO repository. All customized analytical scripts
and derived data tables supporting the findings of
this study will be deposited in a public GitHub
repository and assigned a formal digital object
identifier (DOI) via Zenodo to ensure complete
computational reproducibility.

RESULTS
The GEO dataset GSE73002 was used, comprising
4684 serum samples tested on the 3D-Gene Human
miRNA V20_1.0.0 platform. After applying the
inclusion criteria, the 1270 breast cancer samples and
the 2686 healthy control samples were retained. To
ensure cohort homogeneity, samples associated with
benign breast disease, other non-malignant conditions,
or non breast cancer types were excluded. This
filtering approach provided a very strong case-control
comparison for patients with breast cancer and healthy
controls (Figure 1).
Differential expression analysis using the limma

package identified numerous miRNAs that were
significantly deregulated between serum samples
from breast cancer and healthy controls (FDR <
0.05). In total, 1450 miRNAs showed positive
log2 fold changes and 898 showed negative log2
fold changes versus controls, while 192 were not
statistically significant. The large sample size (n =
3,956) enabled the limma analysis to detect consistent
and significant differences in circulating miRNA
expression between groups. Most observed log2
fold changes were modest, suggesting coordinated
systemic dysregulation rather than extreme expression
alterations. Therefore, subsequent analyses focused
on the most strongly deregulated and top-ranked
miRNAs (Figure 2).
The volcano plot (Figure 2A) demonstrates a clear

predominance of upregulated miRNAs. The top 10
most deregulated miRNAs are shown in Figure 2B,
including hsa-miR-4532, hsa-miR-614, and hsa-miR-
4734 among the upregulated miRNAs, and hsa-miR-
3157-3p, hsa-miR-4776-5p, and hsa-miR-8067 among
the downregulated miRNAs.
Sensitivity analysis demonstrated complete reten-

tion of all top 10miRNAswithin both top 15 and top 20
candidate sets, indicating that the principal candidate
set were robust to alternative ranking thresholds.
For the top 10 miRNAs significantly upregulated
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A Serum Sample Distribution by Category
Total GSE73002 Dataset (N = 5035)

Healthy controls

Breast cancer

Others

Benign disease

2686 (53.4%)

1270 (25.2%)

1026 (20.4%)

53 (1.1%)

0 15% 30% 45% 60%

Proportion of dataset, %
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Figure 1. Study Design and Sample Filtering Flowchart for Dataset GSE73002.
Distribution of serum samples from the GSE73002 dataset following quality control and eligibility filtering. A, Overall
sample classification across 4 primary categories: healthy controls (n = 2686 [53.4%]), breast cancer (n = 1270
[25.2%]), other non-breast conditions (n = 1026 [20.4%]), and benign breast disease (n = 53 [1.1%]). B, Cohort
stratification retaining early-stage breast cancer cases and healthy controls (n = 3956 [78.6%]) for case-control
differential expression analysis while excluding non-eligible disease categories (n = 1079 [21.4%]).
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Figure 2. Differential Expression of Circulating miRNAs in Serum Samples From Patients With Breast Cancer vs
Healthy Controls.
A, Volcano plot of differentially expressed serum miRNAs. The x-axis indicates log2 fold change and the y-axis
indicates −log10(FDR). Upregulated miRNAs (log2 fold change > 0, FDR < .05) are shown in red and downregulated
miRNAs (log2 fold change < 0, FDR < .05) are shown in blue. B, Horizontal bar chart of the top 10 upregulated
and top 10 downregulated miRNAs ranked by absolute log2 fold change. Top upregulated candidates include hsa-
miR-4532, hsa-miR-614, and hsa-miR-4734 (magenta bars, log2 fold change > 1.4); top downregulated candidates
include hsa-miR-6868-5p, hsa-miR-6783-5p, and hsa-miR-4431 (dark slate bars, log2 fold change < −1.7).

in breast cancer vs healthy control samples, we
performed target prediction using miRWalk and
filtered the results by retaining only overlapping
predictions from two independent databases to
minimize false-positive interactions. The predicted
targets were distributed across mRNA binding regions,
with the majority mapping to the 3′-UTR and CDS,

whereas relatively few targets were assigned to
the 5′-UTR (Figure 3A). Notably, a limited set of
genes appeared repeatedly across regions, indicating
convergent post-transcriptional regulation by multiple
miRNAs. To prioritize putative regulatory hubs, target
genes were ranked by the number of top-ranking
miRNAs predicted to regulate them, revealing a small
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A Overlap of miRNA Target Genes (Filtered miRWalk)
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Figure 3. Predicted Target Genes of the Top 10 Upregulated miRNAs and Prioritization of Regulatory Hubs.
A, Venn diagram illustrating the distribution and overlap of predicted mRNA target genes across binding regions (3′-
UTR, 5′-UTR, and CDS) for the top 10 upregulated miRNAs based on miRWalk predictions filtered by two-database
intersection. B, Lollipop plot showing prioritization of recurrent target genes ranked by the number of regulating
miRNAs. Transcripts regulated by ≥2 miRNAs and supported across distinct binding regions were categorized as
high-confidence candidate regulatory hubs (dark pink points; eg, TNRC6B, MIDEAS, HOXB8, CELF4).

subset of genes that were recurrently targeted (Figure
3B). Genes classified as high-confidence targets
(i.e., those targeted by ≥2 miRNAs or supported
across multiple binding regions) were designated as
high-confidence candidate regulatory hubs based on
recurrent targeting patterns.
The miRNA–mRNA interaction heatmap illustrates

the presence or absence of predicted regulatory
interactions between the top 10 upregulated miRNAs
and their prioritized target genes, based on filtered
miRWalk predictions. Rows represent miRNAs and
columns represent target genes, with colored cells
indicating predicted interactions. The heat map
does not show random miRNA targeting of genes,
with one class of miRNAs specifically targeting
certain genes rather than others. Importantly, several
miRNAs have been shown to target multiple genes,
suggesting that these miRNAs are regulatory hubs.
The similarities in targeting patterns are further
accentuated by hierarchical clustering of targeting
patterns, indicating common tendencies in targeting
regulation within subsets of the most upregulated
miRNAs (Figure 4).
Gene Ontology (GO) enrichment analysis was con-

ducted using Enrichr to functionally characterize high-
and moderate-confidence predicted mRNA targets of
the top upregulated miRNAs (Figure 5). The analysis
revealed significant enrichment of GO biological pro-
cess terms related to transcriptional regulation and cel-
lular stress responses, including negative regulation of
RNA biosynthesis and responses to hypoxia and xeno-
biotic stimuli.
GO molecular function analysis indicated predom-

inant enrichment of transcription-related activities,

particularly cis-regulatory region binding, sequence-
specific DNA binding, and chromatin-associated
enzymatic functions, such as histonemethyltransferase
activity.
GO cellular component analysis showed enrichment

of nuclear and chromatin-associated structures, as
well as cytoskeletal and membrane-related complexes,
suggesting a broad subcellular distribution of predicted
miRNA targets.
Overall, the enrichment results indicate that the up-

regulated miRNAs converge on the posttranscriptional
regulation of genes involved in transcriptional control,
chromatin organization, and stress-related cellular pro-
cesses. Clustergrams illustrating the relationships be-
tween enriched GO terms and predicted target genes
are provided in Supplementary Figure S1.
Pathway enrichment analysis was performed using

Enrichr to further characterize the functional pathways
associated with high- and moderate-confidence
predicted mRNA targets of the upregulated miRNAs
(Figure 6). Reactome pathway analysis revealed
significant enrichment of pathways related to RNA
metabolism and post-transcriptional regulation,
including processing of capped intron-containing pre-
mRNA, post-transcriptional silencing by small RNAs,
and regulation of RNA stability. Additional enriched
Reactome pathways were involved in transcriptional
regulation and cell communication.
Consistently, pathways related to histone modifica-

tion, RNA polymerase II–mediated transcription, fo-
late metabolism, sphingolipid metabolism, and cellu-
lar stress-related signaling were significantly enriched
across all analyses performed using the WikiPathways
platform. Pathway enrichment clustergrams are pro-
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Figure 4. Predicted miRNA–mRNA Interaction Heatmap and Hierarchical Clustering.
Binary interaction heatmap displaying predicted regulatory interactions between the top upregulated circulating
miRNAs (rows) and prioritized target genes (columns). Magenta filled cells indicate the presence of a predicted
interaction, and light gray cells indicate absence. Hierarchical clustering dendrograms highlight co-regulatory
miRNA clusters and target gene modules with convergent miRNA regulation (eg, TNRC6B, KMT2D, and
SUV39H1).
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Figure 5. Gene Ontology (GO) Functional Enrichment Analysis of Predicted miRNA Target Genes.
Horizontal bar plots showing top enriched terms across Gene Ontology categories identified by Enrichr (P < .05):
A, GO Biological Process terms, highlighting negative regulation of RNA biosynthesis, transcriptional control,
and cellular stress responses; B, GO Molecular Function terms, emphasizing cis-regulatory region binding,
sequence-specific DNA binding, and histone methyltransferase activity; and C, GO Cellular Component terms,
showing enrichment of nuclear, chromatin-associated, and cytoskeletal structures. Bars are ordered by statistical
significance (−log10 P value).

vided in Supplementary Figure S2. Taken together, the
pathway-level enrichments provide evidence for pre-
dicted miRNA targets to modulate transcription, epige-
netic regulation, RNA processing, and metabolic path-

ways, suggesting converging post-transcriptional con-
trol points regulated by upregulated miRNAs.
Kaplan–Meier survival analysis demonstrated

that high hsa-miR-614 expression was significantly
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Figure 6. Pathway Enrichment Analysis of Predicted miRNA Target Genes.
Horizontal bar plots showing significantly enriched pathways identified by Enrichr (P < .05) ranked by −log10 P
value: A, Reactome pathways, highlighting pre-mRNA processing, posttranscriptional silencing by small RNAs,
and cell-cell communication; and B, WikiPathways (2024 Human), emphasizing histone modifications, 16p11.2
deletion syndrome, folate/alcohol pathways, and bioactive sphingolipid signaling.

associated with poorer overall survival in patients
with breast cancer (HR, 2.81; 95% CI, 1.24-6.39; log-
rank P = .0098). Patients were stratified according
to median miRNA expression levels. This analysis
was performed in a univariate framework using the
Kaplan–Meier Plotter (miRPower) platform and
did not include adjustment for clinicopathological
covariates such as age or tumor stage. Elevated
miR-614 expression was therefore associated with
unfavorable clinical outcomes (Figure 7).

DISCUSSION
In the present study, a comprehensive bioinformatics
framework was employed to systematically charac-
terize the dysregulation of circulating miRNAs in
early-stage breast cancer using large-scale serum
microarray profiling. Differential expression analysis
revealed a distinct bias toward the upregulation
of circulating miRNAs, whereas the functional
enrichment of their predicted targets converged on the
transcriptional regulation, chromatin remodeling, and
RNA metabolism pathways. Furthermore, survival
modeling using a tissue-based TCGA-BRCA cohort
identified hsa-miR-614 as a significant predictor of
adverse prognosis. These results together suggest that
the changed miRNA expression profile in the early
stages of breast cancer development could be part of
a larger system of regulation than a simple genetic
aberration, though further validation experiments are
necessary to prove this.
The observed upregulation of serum miRNAs is

consistent with previous liquid biopsy studies, which
have demonstrated active miRNA secretion during
early-stage cancer development.13,14 This process
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Figure 7. Kaplan–Meier Overall Survival Analysis of
High vs Low hsa-miR-614 Expression in Breast Cancer
(TCGA Cohort).
Overall survival curves generated via Kaplan–Meier
Plotter for patients with breast invasive carcinoma in
the TCGA cohort stratified by median hsa-miR-614
expression level. High hsa-miR-614 expression (red
curve) was significantly associated with poorer overall
survival compared with low expression (black curve)
(univariate hazard ratio, 2.81 [95% CI, 1.24-6.39]; log-
rank P = .0098). The table below the plot indicates
the number of patients at risk at 50-month follow-up
intervals.
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occurs partly due to the packaging of miRNAs into
EVs or their binding to proteins such as Ago2, which
protect them from RNase cleavage and helps maintain
their integrity in blood plasma.15 The secretion
of oncogenic miRNAs (oncomiRs) into the blood
circulation is increasingly considered a strategy for
intercellular communication, microenvironmental
remodeling, and stress responses in many types of
cancers.8,16 Herein, we demonstrate active molecular
regulatory reprogramming associated with serum
miRNA levels in patients with early-stage breast
cancer, thereby emphasizing the potential of miRNAs
as diagnostic biomarkers of this disease.5

The predictive map of target enrichment for the
highly upregulated microRNAs showed a strong corre-
lation with biological pathways related to epigenetics
and RNA processing, rather than with conventional
proliferation pathways such as PI3K/AKT and MAPK.
Notably, the computationally predicted target set
included key chromatin modifiers, such as KMT2D
and SUV39H1, which are established contributors to
breast cancer progression, transcriptional plasticity,
and therapy resistance.17–19 However, the specific
miRNA–mRNA interactions involving KMT2D and
SUV39H1 identified in the present study are based
on in silico prediction using miRWalk with multi-
database filtering and have not been experimentally
validated. Therefore, these observations should
be interpreted as hypothesis-generating rather than
confirmed regulatory relationships. Alterations in
histone methyltransferase activity and chromatin
structure are increasingly recognized as early drivers of
tumorigenesis that facilitate phenotypic adaptation.20

Additionally, the enrichment of RNA metabolism
pathways, particularly small RNA-mediated silencing,
suggests feedback amplification loops within RNA
regulatory networks, potentially involving core
components of the silencing complex, such as
TNRC6/GW182.21 These findings suggest that
circulating miRNA dysregulation may be associated
with broader transcriptomic and epigenetic alterations.
Among the highly deregulated miRNAs, hsa-miR-

614 demonstrated a significant association with poor
overall survival in the TCGA-BRCA tissue cohort,
providing supportive evidence rather than independent
validation of its circulating serum expression. This
finding is supported by experimental evidence
demonstrating that elevated miR-614 expression
enhances breast cancer cell motility and promotes
epithelial-mesenchymal transition (EMT)-driven
phenotypes.22 Furthermore, miR-614 upregulation
has been linked to increased cell proliferation
and anti-apoptotic signaling in other malignancies,
including ovarian and gastric cancers.23 The observed
association between early serum upregulation and
adverse survival outcomes supports the biological
plausibility of miR-614 as a marker of aggressive
tumor behavior. This supportive survival analysis
used TCGA-BRCA tissue-derived transcriptomic

data.11,24 An important consideration in interpreting
these findings is the biological distinction between
circulating serum miRNAs and tissue-derived miRNA
expression profiles. While there have been reports
in several investigations indicating the existence of
partial correlation between serum miRNAs and tumor-
associated miRNAs, it is not always a straightforward
relationship. Serum miRNAs could have several
sources, including tumor cells, stromal cells, immune
cells, and non-cancerous host cells. Furthermore,
serum miRNAs may be selectively released from
various cell types either via extracellular vesicles or as
protein-bound complexes (eg, with AGO2). Therefore,
the expression patterns observed in tissues may not
reflect the actual serum miRNA levels. Survival
analysis done with TCGA-BRCA tissues should thus
only provide a relevant biological context and not
confirm the activity of serum miRNAs. An additional
limitation of the survival analysis is the markedly
unbalanced distribution of miR-614 expression within
the TCGA-BRCA cohort, which resulted in a relatively
small high-expression subgroup following the default
Kaplan–Meier Plotter stratification. Although the
association remained statistically significant, the
limited number of patients in the high-expression
category may reduce the stability of subgroup-specific
estimates. Consequently, these findings should be
interpreted as exploratory prognostic evidence and
warrant confirmation in larger prospective cohorts
with matched serum and tissue miRNA profiling.
In addition to their potential prognostic utility, the

findings of this study hold considerable significance
for the translation of hsa-miR-614 into a useful,
clinically relevant biomarker. Notably, the nature
of the prognostic signal observed, detected in serum
from individuals suffering from early-stage disease
and supported by the TCGA-BRCA tissue survival
analysis, suggests that hsa-miR-614 is more suited to
be considered as a promising prognostic biomarker
than a diagnostic one. Clinically speaking, its
applicability in this regardwould involve its usefulness
in the post-diagnosis process, that is, stratifying those
individuals who are diagnosed with early-stage breast
cancer but whose biological characteristics suggest
increased risk of adverse outcomes. The growing
body of evidence on the potential value of circulating
miRNA signatures following diagnosis in assessing
risk beyond clinicopathological variables (tumor size,
nodal involvement, and subtype, among others) lends
additional support to their use in this regard.25

Moreover, the serum-based detection of the
current signal enhances its utility, given the inherent
advantages of this method compared with tissue-
based assessment via biopsy. In this context, hsa-
miR-614 is a candidate for dynamic monitoring
of treatment response and disease trajectory, as
well as for early detection of disease recurrence or
progression. The utility of circulating miRNAs as
serial liquid biopsy analytes in breast cancer has been
substantiated by recent clinical studies demonstrating
their capacity to reflect real-time tumor behavior
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and predict therapy resistance before radiographic
progression.26 Importantly, the integration of hsa-
miR-614 into a multi-analyte liquid biopsy panel,
combining established circulating markers such as
CA 15-3, circulating tumor DNA (ctDNA), and other
co-dysregulated miRNA candidates identified in the
present study, may further enhance overall prognostic
resolution and diagnostic sensitivity relative to any
single biomarker alone.27 It must be emphasized,
however, that all translational projections presented
here are hypothesis-generating. Prospective validation
in independent, adequately powered cohorts with
complete clinicopathological annotation, matched
serum and tissue samples, and standardized pre-
analytical protocols will be essential before hsa-miR-
614 can be considered for integration into clinical
practice.
Several miRNAs consistently upregulated in this

study, including hsa-miR-4532, hsa-miR-4734,
hsa-miR-6131, and hsa-miR-5787, remain largely
undercharacterized in breast cancer. For instance,
although circulating miR-4532 has been proposed as
a potential biomarker for cholangiocarcinoma28 , its
specific role in early breast tumorigenesis requires
further investigation. The identification of these
understudied miRNAs underscores the value of
unbiased reanalysis of large public datasets, which
expands the candidate biomarker landscape beyond
well-known oncomiRs and may reveal early or
subtype-specific regulatory changes. Nevertheless,
we caution that our conclusions are exploratory and
should be considered hypothesis generating, not
confirmatory. The list of microRNAs obtained can
be considered potential targets whose functions must
be thoroughly validated through in vitro cell culture
experiments and animal studies.29 More importantly,
this study shows that just because certain microRNAs
exhibit high expression does not mean they are
independently predictive of clinical outcomes.30

Strengths and limitations
One key advantage of this study is the combination
of high-throughput, highly sensitive serum microarray
data with extensive bioinformatics analyses, thereby
providing sufficient statistical power to detect early
changes in the regulation of circulating miRNAs.
The TCGA-BRCA tissue survival analysis provides
supportive evidence across biological compartments
for the potential clinical relevance of these biomarkers,
especially hsa-miR-614.
To begin with, the differential expression analysis

in this study used microarrays, which, although quite
standardized, have a narrower dynamic range for
transcript detection than the more contemporary RNA-
seq technology. Secondly, most biological functions
and miRNA-target gene relationships were predicted
solely using bioinformatics tools. Even though
separate validation experiments will be conducted
using techniques such as qRT-PCR, Luciferase
reporter assay, and other gain/loss-of-function studies,

the results obtained should be treated as preliminary
for further hypothesis testing. Detailed technical
batch metadata were not uniformly available in the
public dataset; therefore, residual technical variation
cannot be completely excluded. Another limitation
is that the primary differential expression analysis
was performed as a case–control comparison without
adjustment for potential demographic and clinical
confounders. Variables such as age, menopausal
status, body mass index, and other patient-level
characteristics were not uniformly available in the
GEO-deposited metadata and therefore could not
be incorporated into the statistical model. Conse-
quently, residual confounding cannot be excluded.
Future prospective studies should employ matched
case–control designs and multivariable adjustment
strategies to further evaluate the robustness of the
identified miRNA signatures. Finally, the supportive
survival analysis was performed using the Kaplan–
Meier Plotter (miRPower) platform, which provides
univariate survival estimates but does not readily
support multivariable adjustment for potential clinical
confounders. Consequently, the observed prognostic
associations should be interpreted as exploratory rather
than independent prognostic effects. Future studies
should validate these findings using multivariable
Cox proportional hazards models incorporating
established clinicopathological variables, including
age, tumor stage, molecular subtype, and receptor
status. Although cross-compartment validation has
been used in previous biomarker-discovery studies
when matched serum cohorts with survival data are
unavailable, such an approach should be regarded
as supportive rather than definitive. Consequently,
the TCGA-BRCA analysis presented here provides
biological plausibility for the prognostic relevance
of candidate miRNAs, but does not constitute direct
clinical validation of their circulating serum expression
patterns.

CONCLUSION
This integrative bioinformatic analysis systematically
delineates the dysregulation of circulating miRNAs
in early-stage breast cancer, a pattern consistent
with potential systemic regulatory reprogramming
that may be detectable in the peripheral blood. The
pronounced upregulation of specific miRNAs, most
notably hsa-miR-614, alongside undercharacterized
candidates such as hsa-miR-4532 and hsa-miR-4734,
may be consistent with an early disruption of global
transcriptomic homeostasis, particularly involving
chromatin remodeling and RNAmetabolism pathways.
Importantly, the association of elevated hsa-miR-
614 expression with adverse overall survival in an
independent TCGA-BRCA tissue cohort provides
supportive evidence for its potential biological and
prognostic relevance, although direct validation in
matched serum cohorts remains necessary. Ultimately,
these findings provide preliminary computational
evidence supporting the potential of circulating
miRNA signatures as minimally invasive, candidate
liquid biopsy-based biomarkers for the early detection
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and risk stratification of breast cancer, establishing a
computational foundation for future experimental,
mechanistic, and prospective clinical validation
studies.
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