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A B S T R A C T

Breast cancer requires non-invasive biomarkers for accurate detection and risk stratification. We comprehen
sively profiled plasma cell-free RNA (cfRNA) from 41 patients with malignant and 42 with benign breast lesions 
using SLiPiR-seq. Multiple cfRNA subtypes displayed distinct expression patterns, and machine-learning models 
were developed with repeated stratified four-fold cross-validation. The integrated cfRNA model achieved a mean 
AUC of 0.795, while the cf-miRNA model performed best (AUC: 0.814) and was externally validated in an in
dependent cohort (AUC: 0.867). A three-gene tissue expression signature comprising DLST, DOCK4, and EGFL7 
further stratified patients by overall survival in TCGA-BRCA. High-risk tumors showed increased PIK3CA mu
tations, PI3K-AKT pathway activation, and altered immune features. Single-cell analysis revealed distinct 
localization of the three genes across epithelial cells, tumor-associated macrophages, cancer-associated fibro
blasts, and T-cell populations. Collectively, multi-modal plasma cfRNA profiling may enable non-invasive breast 
cancer detection and provide candidate markers for prognostic risk stratification and future precision oncology 
applications.

1. Introduction

Breast cancer is one of the most prevalent malignancies worldwide 
and a leading threat to women's health [1,2]. Despite significant prog
ress in early detection and therapeutic intervention, breast cancer con
tinues to pose a substantial clinical challenge due to its inherent 
molecular heterogeneity, and the diverse biological mechanisms driving 

its initiation and progression [3,4]. Current diagnostic approaches pri
marily rely on invasive biopsies, mammography, and immunohisto
chemical (IHC) evaluation of biomarkers including estrogen receptor 
(ER), progesterone receptor (PR), and human epidermal growth factor 
receptor 2 (HER2) [5,6]. These methods, however, are associated with 
invasiveness, limited sensitivity at early-stage of tumors, and an 
inability to dynamically monitor disease progression or therapeutic 
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responses [7,8].
Early detection is pivotal for improving outcomes of breast cancer, as 

localized breast cancer exhibits a 5-year survival rate exceeding 90%, 
compared to 27% for metastatic cases [9,10]. Yet conventional imaging 
techniques, such as mammography and ultrasound, frequently miss 
small tumors or morphologically ambiguous lesions [11–13]. In addi
tion, conventional molecular subtyping based on ER/PR/HER2 expres
sion, combined with the Ki-67 proliferation index, provides insight into 
tumor behavior but falls short in offering a detailed prognosis for certain 
aggressive subtypes, such as TNBC patients who currently has limited 
targeted therapeutic options [14,15]. Consequently, there is a critical 
need to develop novel biomarkers that can capture the dynamic bio
logical processes during tumor progression.

Liquid biopsy, which analyze circulating biomarkers in blood, has 
recently emerged as a promising non-invasive approach for cancer 
detection and monitoring. Cell-free DNAs (cfDNAs) has been extensively 
explored for mutation detection, minimal residual disease (MRD) 
monitoring, and treatment response assessment [16–18]. However, the 
clinical utility of cfDNA is constrained by its relatively short half-life 
(16–160 min) and often low abundance, which may limit its sensi
tivity for early detection and continuous monitoring [19,20]. In 
contrast, cell-free RNAs (cfRNAs) encompassing miRNAs, mRNAs, 
lncRNAs, tRNAs, and other species exhibits remarkable stability in 
plasma due to its encapsulation within extracellular vesicles (EVs) or 
association with RNA-binding proteins [21–23]. Unlike cfDNA, cfRNA 
can enter circulation via active secretion mechanisms, such as exosome- 
mediated signaling; circulating RNA originates from a mixture of cell 
types, including tumor cells, immune cells, and other host cells [24,25]. 
Furthermore, cfRNA may reflect the real-time transcriptional activity of 
its cellular origins, including the tumor and its microenvironment, of
fering a rich source of diagnostic and prognostic insights. Several studies 
have demonstrated that specific cfRNA signatures can distinguish ma
lignant from benign conditions, as well as predict clinical outcomes. For 
instance, circulating miRNA panels (e.g., miR-21, miR-106b, miR-181a, 
miR-484 and miR-1260b) have achieved an AUC of 0.908 in dis
tinguishing malignant from benign breast lesions [25]. While tumor- 
derived mRNAs enable non-invasive detection of cancer [26], non- 
coding RNAs (ncRNAs), such as lncRNAs and tRNAs, also contribute to 
oncogenesis by modulating immune responses and signaling pathways, 
underscoring their biomarker potential [27,28].

Despite these advances, most of the investigations focused on a single 
class of cfRNAs, potentially overlooking the synergistic insights that 
could be gained by analyzing the entire cfRNA landscape. In this study, 
we sought to address this gap by conducting comprehensive profiling of 
the plasma cfRNA transcriptome in patients with breast cancer. To this 
end, we applied SLiPiR-seq, a cfRNA library preparation method 
developed by our group that is independent of RNA terminal modifi
cations and enables the simultaneous capture of both small and long 
cfRNA species (cf-miRNA, cf-tRNA, cf-ysRNA, cf-rsRNA, cf-piRNA, cf- 
mRNA, and cf-lncRNA) from as little as 200 μL of plasma [29]. By 
simultaneously assessing a wide array of cfRNAs, including circulating 
miRNAs, mRNAs, lncRNAs, tRNAs, ysRNAs, rsRNAs, and piRNAs, we 
aimed to develop a diagnostic model using machine learning, identify 
potential prognostic biomarkers linked to tumor microenvironment 
remodeling, and establish a framework for molecular subtyping to refine 
risk stratification. By integrating multi-omics analysis, we also intended 
to decipher the interplay among cfRNA dynamics, immune evasion 
mechanisms, and signatures of somatic mutations. As protein-coding 
genes possess well-annotated biological functions amenable to tissue- 
level follow-up in public cohorts, cf-mRNAs was further explored for 
its potential prognostic relevance in tumor tissue.

2. Materials and methods

2.1. Clinical cohort and sample collection

Blood samples from patients with malignant (n = 41) and benign (n 
= 42) breast lesions were obtained at the time of diagnosis from 
Huazhong University of Science and Technology Union Shenzhen Hos
pital. All blood samples were collected at the time of first diagnosis, 
before any treatment (surgery, chemotherapy, radiotherapy, or endo
crine therapy) and without any pretreatment. Whole blood samples 
were collected by experienced nurses using anticoagulant tubes. Fresh 
peripheral blood was gently inverted several times to ensure proper 
mixing and immediately placed on ice. Samples were balanced and 
centrifuged (4 ◦C, 1000 rpm, 5 min) to separate components. A fresh 50 
mL centrifuge tube was prepared for each sample and labeled. 10 mL of 
lymphocyte separation medium was added to each tube. After centri
fugation, 4–5 mL of the upper yellow layer (plasma) was carefully 
aspirated. The plasma was aliquoted into pre-labeled 1.5 mL EP tubes 
(0.5–1 mL per tube). Tubes were immediately placed on ice for short- 
term storage, then transferred to a − 80 ◦C freezer for long-term pres
ervation. All patients in this study signed an informed consent document 
approved by the Institutional Review Board before entering any study. 
Clinical characteristics for all participants in this study were listed in 
Table 1 and Table S1.

2.2. cfRNA extraction and sequencing library construction

Following established protocols [29], cfRNA extraction and library 
construction were performed with slight modifications. In brief, 200 μL 
of plasma was processed using the Apostle MiniMax™ High Efficiency 
cfRNA Isolation Kit (Apostle), and the cfRNA was eluted in 10 μL of 
RNase-free water for subsequent library preparation. For the simulta
neous polyadenylation and reverse transcription (RT) reactions, a 10 μL 
reaction was assembled in 0.2 mL PCR tubes containing 6.75 μL of the 
extracted cfRNA, 1.25 μL of 4× polyA/RT buffer, 1 μL of a 5 nM RT 
primer, and 1 μL of a premixed solution of poly-A polymerase (Enzy
matics) and M-MLV reverse transcriptase (Fapon Biotech). The mixture 
was incubated at 37 ◦C for 30 min, then supplemented with 1 μL of 
Exonuclease I (New England BioLabs) to remove residual primers, fol
lowed by an additional incubation at 37 ◦C for 30 min and a subsequent 
80 ◦C incubation for 20 min. After a 5-min denaturation at 95 ◦C to 
generate single-stranded cDNA, the 11 μL RT product was transferred to 
a ligation reaction. This reaction contained 1 μL T4 DNA ligase, 1 μL of 

Table 1 
Clinical information of the participants in this study.

BEN cohort MAL cohort

n 42 41
Age 22–53 24–71
Gender F (42,100%) F (41,100%)
T Stage N/A T1 (19, 46.3%) 

T2 (12, 29.2%) 
T3 (4, 9.8%) 
T4 (2, 4.9%) 
N/A (4, 9.8%)

N Stage N/A N0 (23, 56%) 
N1 (9, 22%) 
N2 (2, 4.9%) 
N3 (3, 7.3%) 
N/A (4, 9.8%)

M Stage N/A M0 (36, 89%) 
M1 (1, 2.4%) 
N/A (4, 9.8%)

Stage N/A Stage I (16, 39%) 
Stage II (11, 26.8%) 
Stage III (10, 24.4%) 
Stage IV (1, 2.4%) 
N/A (3, 7.3%)
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10× T4 DNA Ligase buffer (New England BioLabs), 2 μL of 50% poly
ethylene glycol 4000 (Thermo), 2 μL of 10 mM ATP (Enzymatics), 1 μL of 
a 10 μM pre-mixed synthetic adapter, and 2 μL of double-distilled water. 
Ligation was carried out at 20 ◦C for 1 h, followed by a 10-min incu
bation at 65 ◦C. Subsequently, 1 μL of USER enzyme (New England 
BioLabs) was added and the mixture was incubated at 37 ◦C for 15 min. 
Amplification of the final libraries was performed in a 50 μL reaction 
using 2× KAPA HiFi HotStart ReadyMix (Roche Diagnostics) under the 
following cycling conditions: an initial denaturation at 95 ◦C for 3 min, 
then 16 cycles of 98 ◦C for 20 s, 60 ◦C for 30 s, 72 ◦C for 30 s, and a final 
extension at 72 ◦C for 1 min. Purification was achieved using AMPure XP 
beads (Beckman Coulter) at 1.8× volume, and libraries were sequenced 
on an Illumina NovaSeq 6000 (HaploX, Shenzhen) to yield at least 20 
million paired-end reads per sample. Pre-analytical variables were 
strictly controlled: plasma was isolated within 3 h of blood collection, 
hemolyzed samples were discarded, and all 200 μL aliquots were sub
jected to only one freeze-thaw cycle before use. A fixed-volume input 
(200 μL) was adopted to circumvent quantification-induced bias, and 
the post-amplification library concentrations are listed in Supplemen
tary Table S1.

2.3. Raw reads processing and cfRNA annotation

Raw sequencing reads were processed through a bioinformatics 
pipeline adapted from previously established methods to generate 
expression matrices for each cfRNA sub-species [29]. Initially, raw reads 
underwent quality control using Cutadapt (v2.10) and Trimmomatic 
(v0.32) to remove adapter sequences, low-quality reads, and any reads 
shorter than 15 nucleotides. The remaining high-quality reads were 
sequentially aligned to reference databases for cf-rsRNA, cf-ysRNA, cf- 
tRNA, cf-miRNA, and cf-piRNA using a custom Python script as previ
ously described. Reads not mapping to these RNA references were then 
aligned to the GRCh38 (hg38) reference genome using Bowtie2 [29]. 
mRNA and lncRNA expression levels were annotated using Featur
eCounts with the GENCODE annotation (release 41 [30]).

2.4. Calculation of coverage and fragment length distribution

Coverage analysis for RNY and rRNA was performed by mapping 
reads to their corresponding parent RNAs (RNY1, RNY2, RNY4, RNY5; 
28S rRNA, 18S rRNA, 5S rRNA, 5.8S rRNA, mt12s rRNA, mt16s rRNA). 
Coverage calculations were based on reads mapped across the entire 
length of these RNA sequences. Fragment length distributions were 
determined by analyzing the size and depth of aligned reads across 
different RNA sub-species using a custom Python script as described 
previously [29].

2.5. Differential expression analysis

Raw count matrices were filtered to retain genes expressed in over 
75% of the samples. The filtered count data were then analyzed for 
differential expression using the DESeq2 R package [31], which models 
count data using a negative binomial distribution. Differentially 
expressed cfRNAs (DE-cfRNAs) were identified based on a significance 
threshold of p-value <0.05, determined using the Wald test. Visualiza
tion of expression patterns was performed using volcano plots generated 
with the ggplot2 R package and clustering heatmaps produced with the 
pheatmap R package [32].

2.6. Development and evaluation of breast cancer diagnostic models

To avoid data leakage, all data-dependent steps were performed 
strictly within each training fold. Briefly, cfRNA expression matrices 
were normalized to counts per million (CPM). Within each training fold, 
differentially expressed cfRNAs (DE-cfRNAs) were identified by the 
Mann-Whitney U test (p-value < 0.05) with |log2FoldChange (log2FC)| 

> 1 for cf-ysRNA and cf-rsRNA and |log2FC| > 0.60 for the other cfRNA 
sub-species, and the top 10 features of each cfRNA type were selected; 
ratio features constructed from negatively correlated gene pairs 
(Spearman r < − 0.35, up to eight pairs per type) and per-fold mean- 
centering batch correction were additionally applied. Features were 
scaled using the QuantileTransformer before model fitting. Random 
Forest (RF), Logistic Regression (LR) and HistGradientBoosting (HGB) 
models were trained with the scikit-learn library in Python under strong 
regularization (RF: maximum depth of 3, minimum samples per leaf of 8, 
500 estimators, balanced class weights; LR: C = 0.01, L2 penalty, 
balanced class weights; HGB: maximum depth of 2, learning rate of 0.03, 
L2 regularization of 10, balanced class weights) [33]. Each model un
derwent 100 iterations of training, employing stratified shuffle split 
cross-validation to maintain class distribution. Model hyper-parameters 
were optimized as follows. RF and GB: maximum depth of 3, minimum 
samples required to split an internal node set to 10, minimum samples 
required at a leaf node set to 5, 500 estimators, and balanced class 
weights. LR: up to 1000 iterations with balanced class weights. Models 
were evaluated by repeated stratified 4-fold cross-validation (20 repeats; 
80 independent evaluations) on the 83 study samples. For each cfRNA 
type and for the integrated all-RNA feature set, the best-performing 
model was selected based on the mean cross-validated area under the 
receiver operating characteristic curve (AUC), and out-of-fold (OOF) 
predictions were collected for ROC visualization. For external valida
tion, the cf-miRNA models trained on the present cohort were applied to 
an independent cohort (GSE270497; n = 180) after quantile trans
formation of both datasets. The top 10 features for each cfRNA type were 
visualized using boxplots generated with the matplotlib and seaborn 
libraries in Python [34,35].

2.7. Survival analysis

Prognostic relevance of the top cf-mRNAs contributing to the diag
nostic models was evaluated using clinical data from the TCGA-BRCA 
dataset [36]. Univariate Cox proportional hazards regression analysis 
was performed to identify genes associated with overall survival. Pa
tients were stratified by cumulative gene expression of the three signa
ture genes (DLST, DOCK4, EGFL7): patients with ≥2 of the three genes 
expressed above the cohort median were defined as high-risk, and those 
with ≤1 gene above the cohort median were defined as low-risk. Kaplan- 
Meier (KM) survival curves were plotted to visualize associations be
tween identified RNA signature and patient survival outcomes. Analysis 
was conducted using the “survival” and “survminer” R packages, with 
survival curves generated using the ggSurv function from the survminer 
package.

2.8. Immune infiltration analysis

The tumor microenvironment (TME) of breast cancer was charac
terized using multiple computational methods. The relative abundance 
of various immune cell types in tumor samples was estimated using the 
CIBERSORT algorithm [37]. For this analysis, the LM22 signature matrix 
was employed, encompassing 22 immune cell types. The ESTIMATE 
(Estimation of STromal and Immune cells in MAlignant Tumor tissues 
using Expression data) algorithm was applied to assess stromal and 
immune cell content within tumor tissues, which generates three scores: 
stromal score, immune score, and estimate score.

2.9. Genomic mutation analysis in risk groups

Somatic mutation profiles in high- and low-risk patients were ob
tained from the TCGA-BRCA dataset and analyzed using the maftools R 
package to visualize mutation landscapes and assess the potential 
impact of mutations on gene function and patient prognosis [38].
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2.10. Single-cell analysis of the prognostic RNA signature

Single-cell RNA sequencing data from the GEO dataset GSE161529
were analyzed to investigate the expression of the prognostic RNA 
signature (DLST, DOCK4, and EGFL7) and their roles in the TME. Cell 
annotation was performed using established marker genes. Analysis was 
conducted using the Seurat5 R package for data normalization, clus
tering, and visualization, with cell-cell trajectory analysis performed 
using the CytoTRACE and Monocle R packages [39,40], and cell-cell 
communication analysis was conducted using the CellChat R package 
[41].

2.11. Gene function and pathway enrichment analysis

The R package clusterProfiler was employed for Gene Ontology (GO) 
analysis, assessing enrichment in Biological Processes (BP), Cellular 
Components (CC), and Molecular Functions (MF). Additionally, this 
package was used for Kyoto Encyclopedia of Genes and Genomes 
(KEGG) pathway analysis and Gene Set Enrichment Analysis (GSEA) to 
explore associated signaling pathways [42,43]. For the analysis of DE-cf- 
mRNA, GO terms with a minimum of two enriched genes were selected 
for subsequent further analysis and visualization using the R package 
clusterProfiler.

For the GSEA analysis, DERNAs were utilized as input. Subsequently, 
the terms for each ontology in GO and KEGG were selected for visuali
zation using R package ggplot2.

3. Results

3.1. Comprehensive cfRNA profiling revealed distinct expression patterns 
in malignant and benign breast lesions

To comprehensively investigate the cfRNA landscape in breast can
cer, plasma samples were collected from 41 patients with stage I-IV 
malignant breast cancer and 42 age-matched patients with benign breast 
lesions between 2018 and 2019. Plasma cfRNAs were profiled using the 
previously established SLiPiR-seq method [29]. Multiple RNA sub- 
species were identified in both malignant (MAL) and benign (BEN) 
breast lesion cohorts, including cf-miRNA, cf-mRNA, cf-lncRNA, cf- 
tRNA, cf-ysRNA, cf-piRNA, and cf-rsRNA. Notably, cf-tRNA and cf- 
ysRNA represented the most abundant fractions, accounting for 
approximately 45.30% and 26.50% of the mapped cfRNA respectively 
(Fig. 1A and Table S2).

Principal component analysis (PCA) of both the overall cfRNA 
transcriptome and individual cfRNA sub-species revealed clustering of 
MAL and BEN samples (Fig. 1B and S1A). Correlation analysis demon
strated a high overall concordance in cfRNA expression between the 
MAL and BEN cohorts (R = 0.98, Fig. 1C and S1B), a pattern that was 
consistently observed across individual cfRNA sub-species. These find
ings indicate robust intra-group reproducibility with no detectable batch 
effects, suggesting the inter-group differences reflect intrinsic biological 
variations between MAL and BEN samples.

To investigate co-expression patterns of tRNAs, we categorized cf- 
tRNA species based on their parent tRNAs. Interestingly, cf-tRNA 
derived from phenylalanine (tRNA-Phe), glycine (tRNA-Gly), methio
nine (tRNA-Met), tryptophan (tRNA-Trp), and arginine (tRNA-Arg) 
exhibited mutually antagonistic expression profiles (Fig. S1C), suggest
ing potential competition during biogenesis. Further analysis of parent 
RNA abundance for cf-ysRNA, cf-tRNA, and cf-rsRNA revealed that 
tRNA-Phe was significantly reduced in MAL compared to BEN cohort, 
while tRNA-Gly and tRNA-Met showed elevated trends (Fig. 1D). No 
significant differences were observed for other cfRNA sub-species.

Moreover, mapping of cf-ysRNA and cf-rsRNA reads to their parent 
RNAs demonstrated conserved fragmentation patterns in both MAL and 
BEN cohorts (Fig. 1E, S1D, and Table S3). Fragment length distribution 
analysis of cfRNA sub-species revealed distinct size ranges: cf-mRNA and 

cf-lncRNA ranged from 15 to 150 bp, cf-miRNA peaked at 22 bp, and cf- 
tRNA centered at 17 bp. Despite these differences, fragment length 
profiles were consistent between MAL and BEN cohorts (Fig. 1F and 
Table S4), reinforcing high intra-group homogeneity and supporting the 
reproducibility of the initial analysis.

3.2. Development of a cfRNA-based diagnostic model for breast cancer 
prediction

To investigate whether cfRNA profiles could distinguish MAL from 
BEN cases, we first identified differentially expressed cfRNAs (DE- 
cfRNAs) between cohorts. Using stringent criteria (expression in 
≥75% of samples, |log2FC| ≥ 1, and p-value <0.05), we detected 978 
DE-cfRNAs (Fig. 2A− B and Table S5). As anticipated, cf-rsRNA, cf-tRNA, 
and cf-ysRNA constituted the largest proportions of DE-cfRNAs, 
reflecting their abundance and dysregulation in malignancy (Fig. 2B).

Gene Set Enrichment Analysis (GSEA) of the DE-cf-mRNAs identified 
several pathways distinguishing MAL and BEN patient groups, including 
cytoplasmic translation (false discovery rate (FDR) = 7.801 × 10− 08), cell 
morphogenesis involved in neuron differentiation (FDR = 0.021), and 
ribosome biogenesis (FDR = 9.778 × 10− 05) (Fig. 2C).

To construct the diagnostic models while preventing information 
leakage, all feature-selection steps were performed strictly within each 
training fold, and models were evaluated by repeated stratified 4-fold 
cross-validation (20 repeats; 80 independent evaluations; details in 
Section 2.6). Under this protocol, cf-miRNA achieved the highest mean 
AUC (0.814 ± 0.088, Random Forest), cf-ysRNA the lowest (0.700 ±
0.122), and the remaining cfRNA species ranged from 0.756 to 0.789; 
the model integrating all cfRNA species achieved a mean AUC of 0.795 
± 0.090 (Fig. 2D− E and S2A). To further assess generalizability, the cf- 
miRNA models were applied to an independent external cohort 
(GSE270497; n = 180, 120 screening-positive and 60 negative), in 
which the logistic-regression model achieved an AUC of 0.867 (95% CI: 
0.81–0.92) (Fig. 2F).

Feature importance analysis revealed that the top contributors 
exhibited marked expression differences between MAL and BEN samples 
(Fig. S2B and Table S6). Notably, cf-ysRNA and cf-tRNA dominated the 
discriminative signature in the overall DE-cfRNA diagnostic model, 
aligning with their abundance in the plasma cfRNA. Collectively, these 
findings underscore the utility of cfRNA-based biomarkers in differen
tiating malignant from benign breast lesions. The integrated diagnostic 
model, combining multi-class cfRNA signatures, demonstrates prom
ising clinical potential for non-invasive detection of breast cancer.

3.3. Tissue-level prognostic relevance of cfRNA-derived biomarkers in 
breast cancer

To evaluate whether diagnostic cfRNA markers harbor prognostic 
relevance, we investigated the association between the top cf-mRNA 
contributors from our diagnostic model and clinical outcomes in 
breast cancer. Univariate Cox regression analysis of the TCGA-BRCA 
dataset (n = 1194) identified high expression (FPKM>1) of DLST, 
DOCK4, and EGFL7 as potential prognostic markers for reduced overall 
survival (Fig. 3A), with each gene showing a statistically significant 
hazard ratio: DLST (HR = 1.522, 95% CI: 1.050–2.207, p = 0.027), 
DOCK4 (HR = 1.407, 95% CI: 1.107–1.788, p = 0.005), and EGFL7 (HR 
= 1.196, 95% CI: 1.053–1.360, p = 0.006). To evaluate the tissue-level 
prognostic relevance of the signature, we stratified TCGA-BRCA patients 
into high-risk (n = 560, ≥ 2 of the three genes expressed above cohort 
median) and low-risk (n = 634, ≤ 1 gene expressed above cohort me
dian) groups. Kaplan-Meier analysis revealed markedly poorer survival 
in the high-risk cohort (median OS: 8. 386 years [95% CI: 7.6–10.8] vs. 
17. 676 years [95% CI: 10.6-NA], log-rank p-value = 0.005) with 5-year 
survival rates of 74.7% vs. 83.0% (Fig. 3B).

To delineate biological mechanisms linking these cfRNA-derived 
signatures to tumor progression, differential expression analysis (| 
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Fig. 1. Comparative profiling of plasma cfRNAs in MAL and BEN breast lesion cohorts. A. Composition of plasma cfRNA sub-species, including cf-miRNA, cf- 
mRNA/cf-lncRNA, cf-rsRNA, cf-ysRNA, cf-piRNA, and cf-tRNA, were shown as proportional distributions for BEN (n = 42) and MAL (n = 41) cohorts. B. Principal 
component analysis (PCA) of the overall cfRNA transcriptome, with PC1 (17.14% variance) and PC2 (8.4% variance) illustrating the clustering of BEN and MAL 
samples. C. Correlation of log2-transformed RPM (reads per million) value between BEN and MAL cohorts; each point represents the expression level of a transcript at 
the cohort level. D. Subtype-specific proportions of cf-ysRNA, cf-tRNA, cf-rsRNA in both BEN and MAL cohorts. E. Genome browser visualization of read coverage 
profiles of cf-rsRNA mapped to human ribosomal RNA (rRNA), and cf-ysRNA mapped to human Y RNA loci. Solid lines denote mean RPM values, shaded regions 
represent standard deviation (SD). F. Density plots showing fragment length distribution for each cfRNA sub-species between groups.
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log2FC| ≥ 1, FDR < 0.05) between risk groups was performed in this 
study (Fig. S2C). Gene Ontology (GO) enrichment of 149 DEGs in high- 
risk tumors highlighted processes including extracellular matrix orga
nization (FDR = 1.421397e-06), angiogenesis (FDR = 5.083e-03), and 
cytokine activity (FDR = 0.014) (Fig. 3C). KEGG pathway analysis 

further implicated high-risk tumors in ECM-receptor interaction (FDR =
0.018), AMPK signaling (FDR = 0.018), and PI3K-Akt activation (FDR =
0.039) (Fig. 3D).

Collectively, these analyses show that the DLST/DOCK4/EGFL7 
signature is associated with extracellular matrix remodeling-, 

Fig. 2. Evaluation of plasma cfRNA signature in breast cancer detection. A. Unsupervised clustering heatmap of differentially expressed cfRNAs (DE-cfRNAs) 
between malignant (MAL, n = 41) and benign (BEN, n = 42) cohorts. MAL samples are annotated by clinical stage (I–IV). Expression levels are z-score normalized. B. 
Volcano plot of DE-cfRNAs (|log2FC| ≥1, p-value <0.05). Dots colored red (upregulated in MAL) and blue (downregulated in MAL) met significance thresholds; gray 
dots indicate non-significant (NS) cf-RNAs. C. Gene Set Enrichment Analysis (GSEA) of differential cf-mRNAs between MAL and BEN. Left panel: running enrichment 
score trajectory across ranked gene list (x-axis: rank position, y-axis: enrichment score). Right panel: bubble plot of significant pathways (x-axis: GeneRatio, y-axis: 
pathway terms; bubble color: adjusted p-value, size: enriched gene count). D. Receiver operating characteristic (ROC) curves of the best-performing models for 
individual cfRNA sub-species and the integrated allRNAs model (out-of-fold predictions from 80 independent evaluations). The dashed line represents the perfor
mance expected by random chance. E. Distribution of AUC values across 80 independent cross-validated evaluations for RF, LR, and HGB models. F. External 
validation of the cf-miRNA models in an independent cohort (GSE270497; n = 180, 120 screening-positive vs 60 negative controls). Boxplots show bootstrap dis
tributions of AUCs (1000 resamples) for the Random Forest (RF), Logistic Regression (LR), and HistGradientBoosting (HGB) models trained on the present cohort. 
(For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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angiogenesis- and metabolism-related programs in high-risk tumors.

3.4. Exploratory analysis of the association between risk groups and 
immune features

As an exploratory analysis, we compared computationally inferred 
immune infiltration profiles between high- and low-risk patients using 
bulk tumor tissue transcriptomes from TCGA-BRCA. Although the 
overall immune landscape across 22 immune cell subsets was broadly 
similar, 12 immune subsets exhibited significant differences. Notably, 
the low-risk group showed elevated infiltration of M0 and M1 macro
phages (Fig. 4A− B), indicative of enhanced antitumor and anti-infective 
immune activity. In contrast, the high-risk group was characterized by 
increased infiltration of resting CD4+ memory T cells, plasma cells, and 

activated mast cells, a profile associated with immunosuppression and 
poor clinical outcomes (Fig. 4B).

Correlation analysis between the cf-mRNA risk signature and im
mune cell infiltration revealed significant negative correlations with M0 
macrophages, M1 macrophages, and follicular helper T cells (Fig. 4C). 
These computational findings suggest that elevated expression of the 
risk-associated RNA signatures may be associated with reduced anti
tumor immune activity. Tumor microenvironment (TME) characteriza
tion further revealed that the low-risk group had significantly higher 
tumor purity but lower immune and stromal scores compared to the 
high-risk group (Fig. 4D).

Collectively, these exploratory analyses suggest potential immuno
modulatory roles of the mRNA signature within the TME, providing 
hypotheses for future functional validation.

Fig. 3. Construction and validation of candidate cf-mRNAs as prognostic biomarkers. A. Univariate cox proportional hazards regression analysis of 18 non- 
redundant cf-mRNAs (top 10 contributors from three cf-mRNA training models) in the TCGA-BRCA dataset. Hazard ratio (HR) with 95% confidence intervals 
(CI) were shown. Genes with HR > 1 (red) represented mortality risk factors, while HR < 1 (blue) indicated protective factors. Significance was determined by the 
Wald test. B. Kaplan-Meier survival curves stratified by cumulative risk score (high-risk: ≥ 2 upregulated risk genes; low-risk: ≤ 1 upregulated risk genes). Log-rank 
test demonstrated significant survival difference (p-value = 0.005). C. Bubble plot showed gene ontology (GO) enrichment analysis of DEGs between risk groups. Top 
enriched terms span Biological Processes (BP), Cellular Components (CC), and Molecular Functions (MF). D. KEGG pathway analysis visualized using a chord plot, 
showing significant pathway (FDR < 0.05) and associated DEGs. Outer arcs represent pathways, with connecting ribbons indicating linked genes. (For interpretation 
of the references to color in this figure legend, the reader is referred to the web version of this article.)
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3.5. Genomic mutation landscape and pathway activation differences 
between risk groups

To further delineate the genomic determinants underlying breast 

cancer progression in distinct risk groups, we analyzed somatic mutation 
profiles and their functional implications. Comparative analysis 
revealed significant differences in mutation patterns between high- and 
low-risk groups, with distinct molecular pathways associated with 

Fig. 4. Differential immune landscape and tumor microenvironment features stratified by the cf-mRNA risk signature. A. Immune cell composition of 22 
functionally distinct subpopulations in high-risk and low-risk groups. B. Differential abundance of immune cell subtypes between risk groups. Statistical significance 
was assessed using a two-sided Wilcoxon rank-sum test (*p-value <0.05; **p-value <0.01; ***p-value <0.001; ***p-value <0.0001). C. Correlation analysis between 
expression of risk-associated gene signatures (DLST, DOCK4, EGFL7) and levels of immune cell infiltration. D. Immune score, stromal score, and tumor purity 
estimated by the ESTIMATE algorithm in the high-risk and low-risk groups.
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disease progression.
Analysis of mutation types demonstrated that missense mutations, 

predominantly single nucleotide variants (SNVs), were the most 
frequent alteration in both groups (Fig. S3). Among the top 10 mutated 
genes, PIK3CA emerged as the most frequently altered oncogene in the 
high-risk group (42%), followed by TP53 (23%) (Fig. 5A− B). Notably, 
the high-risk group exhibited a significantly higher prevalence of C > T 
transitions (p-value = 0.013), a hallmark of DNA methylation-associated 
mutagenesis resulting from spontaneous deamination of methylated 
cytosines (Fig. 5C).

Tumor variant allele frequency (VAF) analysis further distinguished 
the risk groups, with the high-risk group showing elevated VAFs in key 
oncogenes (Fig. 5D). Specifically, PIK3CA missense mutations were 
enriched in the high-risk group (41.94% vs. 28.71% in low-risk; p-value 
= 0.027), with clustering in functional domains critical for PI3K 
signaling, including the kinase and helical domains (Fig. 5E). This 
domain-specific mutation pattern suggests enhanced activation of PI3K- 
driven oncogenic pathways.

To validate this hypothesis, we conducted GSEA, which revealed 
significant activation of the PI3K-AKT signaling pathway in the high-risk 
group (FDR = 2.917e-05, Fig. 5F). These findings implicate PIK3CA 
mutations as potential drivers of pathway dysregulation in high-risk 
tumors, suggesting their prognostic relevance and potential utility for 
risk stratification.

3.6. Single-cell resolution of prognostic RNA signature expression in the 
breast cancer microenvironment

As a further exploratory analysis, we examined the expression of the 
prognostic cf-mRNA signature (DLST, DOCK4, EGFL7) in a single-cell 
RNA sequencing (scRNA-seq) dataset from an integrated cohort of es
trogen receptor (ER)-positive, human epidermal growth factor receptor 
2 (HER2)-positive, and triple-negative breast cancer (TNBC) patients 
(GSE161529, n = 26,196 high-quality cells). Unsupervised clustering 
resolved six major cell populations: epithelial cells, tumor-associated 
macrophages (TAMs), B cells, cancer-associated fibroblasts (CAFs), T 
cells, and T/NK cells (Fig. 6A). Cell identities were confirmed by ca
nonical markers (e.g., CAFs: COL1A1, POSTN; TAMs: FPR3, C1QC; 
epithelial cells: LY6D, FDCSP).

Expression mapping revealed distinct spatial localization of the 
prognostic RNA signature within the TME (Fig. 6B− C). DLST was pre
dominantly expressed in epithelial cells and T cells, while DOCK4 
localized to TAMs and EGFL7 to CAFs. This cell type-specific expression 
pattern indicates compartmentalized functions of the three genes within 
the tumor microenvironment, which warrant further functional 
characterization.

To characterize functional consequences of dysregulated prognostic 
RNA signature, we stratified cells into high- and low-expression sub
groups (Fig. 6D and Table S7). Differential expression analysis identified 
44 upregulated and 6 downregulated genes in the high-expression group 
(FDR < 0.05; |avg_log2FC| > 1). Pathway enrichment revealed signifi
cant activation of ribosome biogenesis and MAPK signaling (Fig. 6E), 
aligning with prior results of elevated translational activity and MAPK- 
driven proliferation in MAL patients. Collectively, these exploratory 
results suggest that the prognostic RNA signature may exert pleiotropic 
effects across TME compartments, potentially modulating protein syn
thesis, stromal activation, and proliferative signaling.

Comprehensive subtyping of cancer-associated fibroblasts (CAFs) 
was performed, with definitive marker genes identified for each sub
population (Fig. S4A). The CytoTRACE algorithm was employed to 
predict the differentiation trajectory of CAF subtypes during breast 
cancer progression (Fig. S4B and S4C). Our analysis suggested that 
DLST, DOCK4, and EGFL7 may be associated with the phenotypic 
transition from epithelial-like fibroblasts to tumor endothelial- 
associated fibroblasts during breast cancer progression. This differenti
ation pattern was further characterized using Monocle pseudotemporal 

analysis (Fig. S4D).

4. Discussion

The molecular heterogeneity of breast cancer and the limitations of 
conventional diagnostic tools underscore the requirement of non- 
invasive biomarkers. In this study, we established a novel, non- 
invasive approach for both diagnosing breast cancer and stratifying 
patients into prognostically distinct subgroups. By profiling plasma 
cfRNA in 41 MAL and 42 BEN breast lesion patients, we uncovered 
striking differences in cfRNA composition between groups. Malignant 
tumors exhibited dysregulation of cfRNA, with tRNA-Phe significantly 
depleted and tRNA-Gly/Met elevated in MAL cohorts. These subtype- 
specific cfRNA alterations enabled the development of machine 
learning models integrating multiple cfRNA sub-species, which achieved 
exceptional diagnostic accuracy in distinguishing MAL from BEN lesions 
(mean AUC of 0.795 for the integrated model and 0.814 for the cf- 
miRNA model, with external validation AUC of 0.867). These results 
support the potential of cfRNA profiling as a non-invasive tool for breast 
cancer detection.

Furthermore, we identified potential prognostic markers composed 
of DLST, DOCK4, and EGFL7, whose intra-tumoral expression levels 
stratify patients into high- and low-risk groups based on survival out
comes. High-risk tumors were characterized by a higher prevalence of 
PIK3CA mutations, significant activation of the PI3K-AKT signaling 
pathway, and an immunosuppressive tumor microenvironment. Single- 
cell RNA sequencing, as an exploratory analysis, provided additional 
insights, revealing that these genes are compartmentalized within the 
tumor microenvironment: DLST predominantly in epithelial cells and T 
cells, DOCK4 in tumor-associated macrophages, and EGFL7 in cancer- 
associated fibroblasts. Collectively, these findings highlight the diag
nostic utility of cfRNA profiling and the potential prognostic relevance 
of the cf-mRNA-derived signature in tumor tissue.

The machine learning models in this study integrated multiple cfRNA 
sub-species. Although direct comparisons across studies are constrained 
by differences in cohort composition and study design, the external 
validation performance of our cf-miRNA diagnostic model (AUC =
0.867) remained robust and was comparable to previously reported 
panels, including a 4-up-regulated miRNA panel (AUC ≈ 0.930) and a 5- 
down-regulated miRNA panel (AUC ≈ 0.920) [44], as well as a cf-mRNA 
panel based on EVs protein and mRNA markers AUC ≈ 0.923) [45]. 
These findings support the generalizability of cfRNA-based diagnostic 
signaures. Moreover, the dysregulation of cf-tRNA, cf-ysRNA, and cf- 
miRNA in MAL cohorts aligns with emerging evidence that non-coding 
RNAs are actively secreted by tumors via extracellular vesicles, reflect
ing dynamic transcriptional activity [46,47]. Specifically, the depletion 
of tRNA-Phe and elevation of tRNA-Gly/Met in malignant plasma may 
mirror tumor metabolic reprogramming, as tRNA fragmentation is 
closely linked to gene regulation and protein translation [48,49]. Our 
findings corroborate the hypothesis that multi-RNA integration captures 
broader molecular signatures of malignancy, offering a superior diag
nostic tool to single-analyte approaches.

GSEA of the differentially expressed cf-mRNAs revealed enrichment 
of cytoplasmic translation (FDR = 7.8e-08), ribosome biogenesis (FDR 
= 9.8e-05) and cell morphogenesis involved in neuron differentiation 
(FDR = 0.021) in malignant relative to benign samples. Although these 
results derive from circulating transcripts and must be interpreted with 
caution, the enrichment of translation- and ribosome-related programs 
is consistent with the elevated protein synthesis demand of proliferating 
tumor cells, while the neuron-differentiation morphogenesis term may 
reflect cytoskeletal gene programs shared between neural morphogen
esis and tumor cell remodeling rather than bona fide neuronal differ
entiation. Whether these pathway perturbations causally contribute to 
breast tumorigenesis remains to be established in future functional 
studies.

The potential prognostic markers DLST, DOCK4, and EGFL7 stratify 
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Fig. 5. Genomic alterations and pathway activation in high- and low-risk groups. A. Waterfall plot illustrates mutation profiles of frequently altered genes 
(TP53, PIK3CA, etc.), with color-coded mutation types (missense, truncating, etc.) and sample clusters stratified by risk groups. B. Mutation frequency comparison of 
top 10 mutated oncogenes between risk groups. C. Proportional distribution of base substitution (e.g., C > A, C > G) between risk groups. The y-axis represents the 
percentage of mutations. D. Tumor variant allele frequency (VAF) distribution for recurrently mutated genes between risk groups. The x-axis represents gene names, 
and the y-axis denotes tumor VAF. E. PIK3CA mutation landscape. Structural domains are annotated, with high-risk tumors harboring a higher proportion of missense 
mutations compared to low-risk tumors. Green dots denote missense mutations, while yellow dots indicate in-frame deletions. F. Enrichment analysis of the PI3K- 
AKT signaling pathway, with the enrichment score representing pathway enrichment significance. (For interpretation of the references to color in this figure legend, 
the reader is referred to the web version of this article.)
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Fig. 6. Single-cell transcriptomic characterization of the prognostic RNA signature in breast cancer microenvironment. A. Cell clustering and marker gene 
expression in the scRNA-seq dataset (GSE161529). Top panel: Uniform Manifold Approximation and Projection (UMAP) of scRNA-seq data colored by cell type (n = 6 
clusters). Bottom panel: Heatmap of canonical marker genes across clusters. Expression values normalized to Z-score. B. UMAP visualization of DLST (yellow), 
DOCK4 (red), and EGFL7 (blue) expression levels. Color intensity corresponds to log-normalized counts. C. Bar plots showing mean expression of DLST, DOCK4, and 
EGFL7 across cell types. D. Volcano plots showing differentially expressed genes (DEGs) between cell populations stratified by high and low expression of the 
prognostic RNA signature. Genes colored as upregulated (UP: log2FC > 1.0, FDR < 0.05; red), downregulated (DOWN: log2FC < − 1.0, FDR < 0.05; blue), or non- 
significant (NS; gray). E. Bubble plot of significantly enriched pathways among DEGs stratified by prognostic RNA signature expression. Dot color corresponds to 
adjusted p-values, and dot size reflects the proportion of enriched genes within each pathway. (For interpretation of the references to color in this figure legend, the 
reader is referred to the web version of this article.)

J. Wang et al.                                                                                                                                                                                                                                    Genomics 118 (2026) 111324 

11 



breast cancer patients into high- and low-risk groups with significant 
survival differences in tumor tissue. DLST, a key enzyme in the tricar
boxylic acid (TCA) cycle, has been implicated in metabolic adaptation in 
triple-negative breast cancer (TNBC) [50], while DOCK4, a regulator of 
Rho GTPases, promotes invasion by modulating cytoskeletal dynamics 
[51]. EGFL7, an angiogenic factor, is associated with stromal remodel
ing and poor prognosis in metastatic disease [52,53]. High-risk tumors 
exhibited a computationally inferred immunosuppressive TME charac
terized by macrophage polarization (reduced M1, elevated M2-like 
TAMs) and dysfunctional T-cell activity, consistent with prior studies 
linking PI3K-AKT activation to immune evasion [54,55]. These findings 
align with clinical observations that PI3K inhibitors show limited effi
cacy in tumors with hyperactivated stromal signaling [56,57], empha
sizing the need for combinatorial therapies targeting both oncogenic 
pathways and immune checkpoints. Although descriptive, these 
pathway associations are consistent with the known functions of DLST 
(TCA cycle), DOCK4 (cytoskeletal dynamics), and EGFL7 (angiogenesis/ 
stromal remodeling), collectively suggesting that the signature may 
capture concerted metabolic and stromal reprogramming in aggressive 
tumors. These links, however, remain to be functionally validated in 
future studies.

The enrichment of PIK3CA mutations (42.0% in high-risk vs. 28.7% 
in low-risk) was identified in high-risk tumors. These mutations cluster 
in functional domains, likely driving constitutive PI3K-AKT pathway 
activation, which may contribute to the resistance to endocrine thera
pies [58,59]. cfRNA profiling may offer a non-invasive method to 
explore such pathway-associated biology, although this application re
mains to be validated prospectively.

As an exploratory finding, single-cell resolution revealed 
compartment-specific expression of the prognostic RNA signature. These 
observations generate hypotheses that require functional validation, for 
instance, CAF-expressed EGFL7 may contribute to collagen deposition 
and immune exclusion [60,61], DLST may modulate tumor cell meta
bolism and T cell function, and DOCK4 may regulate macrophage po
larization. These hypotheses align with emerging methodology in 
precision oncology. Collectively, these exploratory insights lay the 
foundation for future studies on the translation of cfRNA-based bio
markers into precision oncology.

Despite these advances, several limitations must be acknowledged. 
First, the study was conducted on a moderate-size cohort (n = 83), 
which may affect the generalizability of the signatures; larger, multi- 
center cohorts are required to validate the robustness of the cfRNA 
diagnostic model. Second, independent external validation is currently 
available only for cf-miRNA (GSE270497, n = 180); external cohorts 
covering the other cfRNA sub-species are not yet available, and cross- 
platform standardization remains a challenge. Third, the prognostic 
analysis is indirect: the three-gene signature was derived from plasma cf- 
mRNA, but its survival associations were evaluated in TCGA tumor tis
sue; prospective plasma-based validation with longitudinal clinical 
follow-up is required before any prognostic clinical use can be claimed. 
In summary, while this proof-of-concept study demonstrates the feasi
bility of multi-modal cfRNA profiling for non-invasive breast cancer 
detection and risk stratification, its clinical application depends on 
further prospective validation.
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