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A B S T R A C T

Background: Giant juvenile fibroepithelial tumors of the breast are rare lesions that mainly affect adolescent girls. 
Their pathogenesis is poorly understood, and current management relies almost entirely on surgery, which may 
interfere with breast development. To clarify the biological basis of these tumors, we performed single-cell RNA 
sequencing.
Methods: We profiled 15,295 cells from three juvenile cases (ages 12–16) and 11,442 cells from one adult patient 
(age 42) using the BD Rhapsody™ platform. This dataset provided a detailed cellular atlas of fibroepithelial 
lesions and enabled direct comparison of tumor microenvironments between juvenile and adult cases.
Results: Distinct molecular signatures in epithelial cells and fibroblasts: Juvenile FT epithelial cells exhibited 
significant enrichment of proliferation-associated pathways (e.g., PI3K-Akt signaling, p = 3.2 × 10− 5; GnRH 
signaling, p = 1.8 × 10− 4), whereas adult lesions were dominated by estrogen receptor pathways 
(p = 2.6 × 10− 6). Juvenile-specific antigen-presenting fibroblasts: Comprising 18.7 % of stromal cells (vs. 
<1 % in adults), these were immunohistochemically validated to express high levels of HLA-DRA and CD74. 
Enhanced intercellular communication networks: Juvenile lesions showed active stromal-epithelial crosstalk 
mediated by ligand-receptor interactions such as PTN-SDC4 (p < 0.001) and MDK-NCL (p = 0.003), suggesting a 
role in tumor progression.
Conclusions: Our findings reveal molecular features that may underlie the rapid growth of juvenile giant 
fibroepithelial tumors. The data point to hormone-independent proliferative programs and immune-modulating 
fibroblast subtypes as key contributors. These insights broaden our understanding of tumor biology and may 
guide the development of targeted, less invasive treatments for young patients.

1. Introduction

Fibroepithelial tumors (FTs) of the breast include fibroadenomas 
(FAs) and phyllodes tumors (PTs), both featuring proliferation of 
epithelial and stromal components [1]. Among them, giant juvenile 

fibroadenomas are fast-growing benign masses that usually appear 
during early breast development. Because they compress normal tissue, 
these lesions can cause both physical discomfort and psychological 
distress in adolescents [2]. Giant juvenile fibroadenomas are a leading 
cause of unilateral breast enlargement in adolescent girls. Although 
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benign, they are associated with a higher long-term risk of breast cancer 
[3] and frequent recurrence [4]. Safer, non-surgical treatments are 
therefore needed, but the biological origin of these lesions remains 
poorly defined.

Phyllodes tumors are less common than fibroadenomas and tend to 
occur in older women. They are classified as benign, borderline, or 
malignant according to their histological appearance and behavior [5]. 
In adults, fibroadenomas are thought to arise from estrogen stimulation 
[6]. Yet, clinical responses to estrogen receptor modulators such as 
tamoxifen have been disappointing [7], and surgical excision, though 
routine, can lead to scarring and tissue loss [8,9]. Understanding their 
pathogenesis is crucial for the development of safer and more effective 
therapies.

Previous genomic sequencing studies have identified recurrent mu
tations, such as those in the MED12 gene, and other genomic alterations 
in breast fibroepithelial lesions [3,6]. Additionally, pediatric fibroade
nomas exhibit morphological differences compared to adult fibroade
nomas, and molecular studies have revealed distinct gene mutations 
between juvenile and conventional fibroadenomas [10]. Single-cell 
studies have explored epithelial components of adult fibroadenomas 
and their resistance to estrogen modulators [11]. Recent single-cell 
transcriptomic analyses of breast cancers have also identified 
metastasis-related cellular subsets and clarified tumor–microenviron
ment interactions [12]. Yet, how epithelial and stromal cells differ 
transcriptionally in fibroepithelial lesions remains unclear, in part due 
to the lack of suitable human models. Single-cell sequencing has trans
formed our ability to examine the genome and transcriptome at high 
resolution. It enables detailed mapping of cellular diversity and in
teractions, providing new insight into disease mechanisms [13,14]. 
Since Tang and colleagues first introduced single-cell transcriptome 
sequencing (scRNA-seq) in 2009 [14], advances such as BD Rhapsody 
[15], CITE-seq [16], and 10 × Genomics [17] have driven major prog
ress in this field. The single-cell sequencing workflow involves isolating 
highly active single cells from tissues, lysing the cells to capture RNA, 
preparing single-cell suspensions, converting mRNA into cDNA for 
sequencing, and using unique molecular identifiers (UMIs) to quantify 
gene expression at the single-cell level [18]. This technology makes it 
possible to profile gene expression in individual cells, offering insight 
into tumor biology and the cellular complexity of the tumor microen
vironment [19]. Despite these advancements, the specific roles of 
different cell subsets and their interactions in disease pathogenesis 
remain unresolved.

In this work, we performed single-cell sequencing and bioinformatic 
analysis of tumor samples from juvenile and adult patients with breast 
fibroepithelial lesions. To avoid potential harm to breast development in 
adolescent patients, adjacent normal breast tissue was not sampled. Our 
goal was to characterize the cellular subsets that contribute to the 
pathogenesis of juvenile and adult fibroepithelial lesions, identify key 
genes and pathways in juveniles, and define differences in cellular dif
ferentiation between the two groups. By investigating the interactions 
between different cell subsets, we aim to elucidate the pathogenesis of 
juvenile breast fibroepithelial lesions.

2. Methods

2.1. Subjects patient number sex age pathological diagnosis mass size 
(Table S1)

This study enrolled three juvenile patients and one adult patient with 
breast fibroepithelial lesions. Tissue samples were obtained from the 
First Department of Breast Surgery, Third Affiliated Hospital of Kunming 
Medical University. The study was approved by the hospital's Medical 
Ethics Committee, and informed consent was obtained from all partici
pants or their legal guardians (Approval No. KYCS2024-083, Date: 2024- 
03-06). Histopathological examination confirmed fibroepithelial lesions 
in all cases (Table S1).

2.2. Experimental instruments and reagents

Detailed information on reagents and instruments used in this study 
can be found in Supplementary Material (Tables S2 and S3).

2.3. Single-cell RNA sequencing

2.3.1. Preparation of cell suspension
Fresh tumor specimens were minced, enzymatically digested, and 

filtered. The resulting cell suspension was processed for RNA capture as 
detailed in Supplementary Material (Table S4).

2.3.2. Data preprocessing
Prior to analysis, cell identity and viability were verified to ensure 

accurate sample labeling. Sequencing data were processed using the 
standard BD Rhapsody™ Whole Transcriptome Analysis pipeline on the 
Seven Bridges platform (https://www.sevenbridges.com), which per
forms quality control, filtering, annotation, and generation of gene 
expression matrices. FASTQ files generated from NovaSeq sequencing 
were aligned to the human reference genome (hg38) using CellRanger to 
produce expression matrices for each sample. Quality control was con
ducted using the Seurat package [20] in R. Low-quality cells were 
excluded based on two main parameters: potential doublets and mito
chondrial gene content. Normally, mitochondrial transcripts remain 
contained within intact cells; therefore, a high mitochondrial gene 
percentage indicates cellular damage. Cells with mitochondrial RNA 
content outside the range of 15–30 % were removed. Doublets were 
detected and excluded using the DoubletFinder package [21]. Only 
high-quality single cells were retained for downstream analyses.

2.3.3. Data integration and batch effect removal
To investigate the pathogenesis of fibroepithelial lesions (FELs) in 

both juvenile and adult patients, multiple samples were analyzed by 
scRNA-seq to increase data robustness. However, variations in reagents, 
processing time, and tissue handling can introduce batch effects that 
obscure biological differences. To mitigate these effects, datasets were 
integrated and batch-corrected using the Harmony algorithm, which 
aligns shared cellular features across samples while preserving biolog
ical heterogeneity.

2.3.4. Dimensionality reduction clustering
The single-cell gene expression matrix consists of genes as rows and 

cells as columns. Because of its high dimensionality, clustering directly 
on raw data is computationally inefficient and prone to noise. To over
come this, dimensionality reduction was performed to project the data 
into a lower-dimensional space that retains key biological information 
while minimizing redundancy. This step improves clustering accuracy 
and computational efficiency.

Principal component analysis (PCA) was first applied to identify 
major axes of transcriptional variation and highlight genes contributing 
most to variance in the dataset. Uniform Manifold Approximation and 
Projection (UMAP) was then used for nonlinear dimensionality reduc
tion and visualization of cellular distributions.

Cells were clustered based on their transcriptional profiles, grouping 
those with similar gene expression into distinct populations. Cluster 
identities were determined by comparing juvenile and adult groups, 
allowing assessment of cell-type composition and transcriptional dif
ferences between the two cohorts.

2.3.5. Cell annotation
Cell type annotation is a crucial step in single-cell analysis. After 

clustering, cells with similar transcriptional profiles were grouped into 
distinct clusters. Each cluster was annotated based on established 
marker genes characteristic of known cell types. Reference databases 
such as CellMarker and SCTPA were used to guide marker selection and 
improve annotation accuracy.
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To reduce subjectivity and improve reproducibility, automated 
annotation was first performed using the SingleR [22] algorithm, which 
compares each cell's expression profile to reference datasets and assigns 
the most correlated cell identity. Annotations were then manually 
reviewed and cross-validated against known marker genes from pub
lished studies to ensure accuracy and consistency.

2.3.6. Difference analysis
Differential expression analysis was performed to characterize tran

scriptional differences between cell populations across groups. Differ
entially expressed genes (DEGs) were defined as those with an absolute 
log2 fold change greater than 1. The most significant DEGs within each 
cluster were used to confirm annotation accuracy and to explore path
ways activated or suppressed during disease progression. This analysis 
highlights genes that vary during dynamic processes such as differenti
ation or phenotypic transition, providing insight into molecular mech
anisms underlying disease development.

2.3.7. GO and KEGG enrichment analysis
Gene Ontology (GO) provides a structured vocabulary for describing 

gene functions across species and includes three domains: Biological 
Process (BP), Molecular Function (MF), and Cellular Component (CC). 
The Kyoto Encyclopedia of Genes and Genomes (KEGG) integrates 
genomic, biochemical, and pathway information to characterize bio
logical systems at the molecular level.

After identifying DEGs between adult and juvenile groups, pathway 
enrichment analysis was performed using GO and KEGG databases to 
identify significantly enriched biological functions and pathways, 
thereby elucidating the functional states of different cell populations.

2.3.8. CellChat intercellular communication analysis
Cell–cell communication networks were analyzed using the CellChat 

[23] package in R, which infers intercellular signaling interactions based 
on known ligand–receptor pairs and expression patterns. This probabi
listic framework quantifies the strength and directionality of signaling 
events between cell types and provides diverse visualization tools to 
map key signaling pathways and cell-specific roles.

Using CellChat, we examined communication patterns among cell 
populations to characterize the tumor immune microenvironment and 
identify signaling pathways potentially relevant to therapeutic 
intervention.

2.3.9. Analysis of transcription factors in each cell type in FT
Transcription factors (TFs) regulate gene expression by binding 

specific DNA motifs and modulating chromatin accessibility, transcrip
tion initiation, and cofactor interactions [24]. Their tissue-specific 
expression reflects specialized cellular functions. Analysis of TF activ
ity therefore offers insight into regulatory mechanisms that shape cell 
identity and environmental responses [25].

Transcription factor regulatory networks were reconstructed using 
pySCENIC [26], a Python-based implementation of the SCENIC frame
work [27]. This method efficiently infers gene regulatory modules and 
TF activity from single-cell RNA-seq data. We applied pySCENIC to 
quantify TF activity across cell types and groups, enabling identification 
of key regulators driving cell-type–specific transcriptional programs.

2.3.10. Subpopulation segmentation and quasi-time sequence analysis of 
epithelial cells and fibroblasts

To characterize heterogeneity among epithelial and fibroblast sub
types—the dominant components of the fibroepithelial tumor micro
environment—we performed additional dimensionality reduction and 
clustering. Cellular differentiation involves progressive transitions be
tween states driven by gene activation or repression, which can be 
captured through trajectory inference.

Cell differentiation trajectories were reconstructed using Monocle 2 
[28], which orders individual cells along a pseudotime axis based on 

transcriptional similarity. This analysis enabled visualization of dy
namic gene expression changes and inference of lineage relationships 
among epithelial and fibroblast subpopulations.

2.3.11. Analysis of metabolic characteristics of epithelial cells in different 
FT groups

To explore cellular metabolism, metabolic activity was analyzed 
using the scMetabolism [29] package in R. Expression data from 
epithelial cells in juvenile and adult FT groups were evaluated to assess 
single-cell metabolic states. The scMetabolism pipeline was used to 
compute metabolic scores and visualize activity patterns. Heatmaps 
based on KEGG pathway annotations (https://www.kegg.jp/) were 
generated to display average expression levels of metabolic genes across 
groups.

2.4. Immunohistochemistry

Immunohistochemistry (IHC) was performed on tumor tissue sec
tions to validate specific cell types and marker expression. Detailed IHC 
procedures, including antigen retrieval and antibody staining, are 
described in Supplementary Material (Table S5).

3. Result

3.1. Single cell data dimensionality reduction clustering results

After quality control, a total of 26,737 high-quality cells were 
retained from three juvenile fibroepithelial tumor samples and one adult 
sample. PCA was first applied for dimensionality reduction, and the top 
30 components were selected for downstream analysis. UMAP was 
subsequently used for low-dimensional visualization of cell clusters. At a 
resolution of 0.2, the data were partitioned into 13 distinct clusters 
(Fig. 1D), which were further annotated and visualized. DEGs were 
identified across clusters using the FindAllMarkers function in Seurat. 
Cluster-specific marker genes were significantly enriched in distinct cell 
populations and largely absent in others (Table 1), confirming the 
transcriptional identity of each cluster.

3.2. Identification of cell types

Based on cluster-specific marker expression, the 13 clusters were 
annotated into six major cell types: (1) neutrophils (FCGR3B+), (2) T/ 
NK cells (CD3E+), (3) macrophages (CD68+), (4) epithelial cells 
(EPCAM+), (5) fibroblasts (COL3A1+), and (6) endothelial cells (VWF+) 
(Fig. 1B–E). Marker-gene visualization confirmed the accuracy of these 
annotations. The relative abundance of these cell types varied markedly 
among patients (Fig. 1F), underscoring the heterogeneity of breast 
fibroepithelial tumors. Bar-plot analysis (Fig. 1G) revealed that epithe
lial and fibroblast populations predominated in both age groups, sug
gesting a close interplay between these two cell types in the 
pathogenesis of FT.

3.3. Marker gene expression of each cell type

Bubble-plot visualization (Fig. 1C) demonstrated that signature 
genes were selectively and strongly expressed in their respective cell 
populations, confirming the robustness of cell-type annotation and the 
clear transcriptional separation among populations.

3.4. Results of GSVA enrichment analysis for each cell type in FT

Using Gene Set Variation Analysis (GSVA) package (version 1.46.0) 
and hallmark gene sets, we compared signaling-pathway activity among 
clusters (Fig. 1H). Epithelial cells displayed enrichment in early/late 
estrogen-response and oxidative-phosphorylation pathways, whereas 
fibroblasts were enriched for EMT and Wnt/β-catenin signaling. 
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Neutrophils were active in TNF–NFκB and KRAS signaling; macrophages 
in interferon-α and IL6–JAK–STAT3 responses; T cells in 
PI3K–AKT–mTOR and IFN-γ signaling; and endothelial cells in fatty-acid 
metabolism. These pathway patterns reveal coordinated metabolic and 
immune activities within the FT microenvironment.

3.5. FT transcription factor analysis for each cell type

Regulatory-network inference with pySCENIC identified dominant 
TFs for each cell population (Fig. 1I). TFAP2A and BARX2 were asso
ciated with estrogen-receptor regulation and proliferative signaling in 
epithelial cells. Adult epithelial cells showed strong EGR3 and BCL6 
activity, while juvenile fibroblasts selectively expressed SKOR1, and 
adult fibroblasts expressed HMGA2, TWIST2, and SIX2. These distinct 
TF profiles suggest age-specific transcriptional control of epithelial and 

stromal differentiation.

3.6. Epithelial cell annotation

Because epithelial cells were the dominant population in FT, they 
were isolated for higher-resolution analysis. After reclustering using t- 
SNE and Seurat functions (FindNeighbors, FindClusters), 11 transcrip
tionally distinct subclusters were identified. Based on canonical 
markers, epithelial cells were categorized into three subtypes: basal, 
ductal type 1, and ductal type 2. Juvenile samples contained a larger 
proportion of basal cells, whereas adult samples were enriched in ductal 
type 2 cells (Figs. 2A and 3E). Estrogen-receptor (ER) expression was 
elevated in basal and ductal 2 subtypes of the juvenile group (Fig. 3A), 
suggesting age-related differences in hormone responsiveness.

Fig. 1. | Single-cell data analysis of FT. 
A Single-cell sequencing applications. 
B Gene signature map: marker genes and expression levels (darker color = higher expression). 
C Bubble plots: six cell type genes in FT (size = enrichment; color = significance). 
D UMAP visualization of cell clustering and dimensionality reduction 
E UMAP visualization of six cell types in FT 
F UMAP of adult and juvenile FEL cells 
G Top: proportions of six cell types in four samples; bottom: proportions in different 
I Transcription factor (TF) analysis in FEL cell types. (Top) Top 5 TFs per cell type in both groups. (Bottom) TF ranking by regulon specificity score (RSS). 
H GSVA enrichment analysis of signaling pathways across FT cell types (red: significantly enriched pathways; blue: downregulated pathways).
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3.7. DEGs and GSEA enrichment analysis

DEGs were identified using FindAllMarkers in Seurat (v4.0.6) with 
adjusted p < 0.05 (Table 2). The analysis revealed distinct gene 
expression patterns: genes such as KLK7, KLK6, LCN2, KRT81, and MALL 
were highly expressed in the Luminal1 subpopulation; MKI67, TOP2A, 
TPX2, CENPF, and TYMS showed elevated expression in the Basal sub
population; and SOCS3, ERBB4, PGR, INPP4B, and BTG2 were promi
nently expressed in the Luminal2 subpopulation (Fig. 2B) ( Table 3 and 
Table 4).

In order to explore the role of up-regulated DEGs in epithelial cells in 
the occurrence and development of FT, we used GO enrichment analysis 
of the obtained differential genes (Fig. 2D), which showed that 
“response to hormones”, “proliferation of epithelial cells” and other 
pathways were significantly enriched in the BP. In the aspect of CC, 
“proton transport”, “extracellular matrix organization” and other path
ways were significantly enriched. In the aspect of MF, “DNA binding 
transcription activator activity”, “extracellular matrix structural 
component” and other pathways were significantly enriched. Table 5

shows the TOP5 pathways of BP, CC and MF sorted by pvalue by GO 
enrichment analysis of all differential genes obtained from FT. We found 
that these up-regulated genes were mainly enriched in the response to 
steroid hormones, epithelial cell proliferation, gland development and 
other pathways. This suggests that the response of the mammary gland 
to hormones is likely to be involved in the pathogenesis of breast 
fibroepithelial cell lesions.KEGG analysis (Fig. 3C) identified MAPK 
signaling as the most significant pathway, linking epithelial prolifera
tion with tumor expansion [30].

GSEA (Fig. 2C) indicated that both groups shared enrichment in es
trogen signaling, but juvenile epithelial cells showed stronger activation 
of PI3K–AKT, MAPK, and GnRH signaling. The presence of endocrine- 
resistance pathways in juveniles implies reduced responsiveness to 
anti-estrogen therapy, aligning with clinical observations that endocrine 
drugs are ineffective in these lesions. These results highlight age-specific 
proliferative programs rather than generic growth activity. Moreover, it 
is highly correlated with the recurrence of fibronenoma [11], which 
further explores the role of epithelial cells in the pathogenesis of FT.

3.8. Pseudo-time analysis of epithelial cells

Epithelial-cell developmental trajectories were reconstructed with 
Monocle 2 using variable genes identified in Seurat. Cells from both age 
groups were ordered along a pseudotime axis (Fig. 3D), revealing three 
differentiation states originating from basal cells and progressing to
ward ductal 1 and ductal 2 lineages. These findings align with previous 
studies [31].

These genes into clusters based on their expression patterns. GO 
enrichment analysis was conducted using the ClusterGVis package 
(version 0.1.1). The results (Fig. 2E) demonstrated distinct pathway 
enrichments: in the

Juvenile group, the early developmental stage (Pre-branch) of 
epithelial cells was significantly enriched in pathways such as “regula
tion of chromosome organization” and “DNA repair.” One terminal stage 
(Fate 1) showed enrichment in “cytoplasmic translation” and “ribosome 
biogenesis,” while the other terminal stage (Fate 2) was enriched in 
“cytoskeleton-dependent extracellular transport,” “response to steroid 
hormones,” and “gland morphogenesis.” In the adult group, the early 
developmental stage was enriched in pathways like “negative regulation 
of the cell cycle” and “sister chromatid separation.” Fate 1 was associ
ated with “epidermis development,” “skin development,” and “cell 
chemotaxis,” while Fate 2 was enriched in “response to endoplasmic 
reticulum stress.” These differences suggest distinct maturation trajec
tories and hormonal sensitivity between juvenile and adult epithelial 
populations.

3.9. Metabolic heterogeneity of epithelial cells in different groups of FT

Metabolic-pathway scoring at the single-cell level (Fig. 3B and C) 
revealed striking metabolic divergence between age groups. Juvenile 
epithelial cells exhibited enhanced steroid-biosynthesis and amino-acid 
(lysine, sulfur) metabolism, reflecting active anabolic and proliferative 
states, whereas adult epithelial cells showed higher tricarboxylic-acid- 
cycle and fatty-acid-oxidation activity, consistent with more oxidative 
and differentiated metabolism. These findings emphasize metabolic 
reprogramming as a key age-dependent feature of FT epithelial cells.

3.10. Fibroblast subpopulation analysis

Given the central role of fibroblasts in FT pathogenesis, we further 
dissected fibroblast heterogeneity. PCA and UMAP were applied to 
recluster fibroblasts at a resolution of 0.6, identifying 10 distinct clus
ters. Differential gene expression (FindAllMarkers) revealed six fibro
blast subtypes: Myofibroblasts (mCAFs), inflammatory-associated 
fibroblasts (iCAFs), vascular fibroblasts (vCAFs), tumor-associated fi
broblasts (tCAFs), antigen-presenting fibroblasts (apCAFs), and dividing 

Table 1 
Expression of the top 3 marker genes in each cell population after dimensionality 
reduction clustering of FT cells.

gene p_val avg_log2FC pct.1 pct.2 p_val_adj cluster

AGR3 0 2.80448 0.756 0.117 0 0
MYB 0 2.839646 0.69 0.1 0 0
PDZK1 0 2.804202 0.608 0.087 0 0
HLA-DQA1 0 5.05931 0.985 0.067 0 1
SLCO2B1 0 5.053447 0.703 0.021 0 1
HLA-DQA2 0 5.357918 0.623 0.021 0 1
S100A8 0 6.497669 0.979 0.06 0 2
IL1R2 0 6.376399 0.899 0.03 0 2
CXCR2 0 6.37961 0.617 0.015 0 2
CCL5 0 3.557566 0.752 0.097 0 3
TRBC2 0 4.565797 0.636 0.055 0 3
CD69 0 4.015615 0.667 0.096 0 3
GNLY 0 6.708889 0.86 0.028 0 4
PRF1 0 6.068262 0.776 0.025 0 4
GZMB 0 5.868239 0.629 0.015 0 4
LYZ 0 5.493938 0.919 0.18 0 5
CTSS 0 3.676096 0.957 0.251 0 5
FCN1 0 6.139432 0.706 0.018 0 5
DCN 0 9.567222 0.999 0.02 0 6
LUM 0 9.843907 0.977 0.007 0 6
OGN 0 9.622056 0.822 0.003 0 6
GABRP 0 5.952134 0.806 0.034 0 7
SFRP1 0 4.929358 0.832 0.081 0 7
NDRG2 0 3.664181 0.808 0.175 0 7
TOP2A 0 6.579666 0.867 0.024 0 8
BIRC5 0 6.611864 0.724 0.011 0 8
PBK 0 7.826611 0.576 0.004 0 8
RNASE1 0 8.1919 0.971 0.034 0 9
FOLR2 0 7.289606 0.882 0.019 0 9
LYVE1 0 8.172953 0.699 0.005 0 9
EMCN 0 9.667542 0.794 0.002 0 10
ADGRL4 0 9.875455 0.73 0.001 0 10
DIPK2B 0 9.715242 0.702 0.001 0 10
FRMD6 4.21E-26 1.306659 0.563 0.242 1.21E-21 11
ERBB3 9.27E-25 1.105554 0.726 0.38 2.66E-20 11
IRX5 2.52E-22 1.105693 0.68 0.358 7.23E-18 11
RGS5 0 9.786813 0.942 0.017 0 12
MYLK 0 7.06784 0.867 0.022 0 12
SYNPO2 0 7.59981 0.78 0.013 0 12

gene: Gene name (marker gene).p_val: Raw p-value (statistical significance), 
where smaller values indicate more significant differential expression. 
avg_log2FC:Average log2 fold change (expression difference), with positive 
values indicating upregulation and negative values indicating downregulation. 
pct.1:The percentage of cells expressing the gene in the target cluster. pct.2:The 
percentage of cells expressing the gene in all other clusters. p_val_adj: Adjusted 
p-value (e.g., Bonferroni or FDR correction) for multiple hypothesis testing. 
Cluster:fibroepithelial tumor cells subpopulation identifier (0–12), representing 
distinct cell types or states.
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fibroblasts (dCAFs) (Fig. 4A). This analysis highlights the broad func
tional diversity of fibroblasts within the FT microenvironment.

Heatmap analysis demonstrated that marker genes were specifically 
enriched in their respective cell types. For example, POSTN was pre
dominantly expressed in mCAFs, PLA2G2A in iCAFs, RGS5 in vCAFs, 
MKI67 in dCAFs, and HLA-DRA and CD74 in apCAFs, while HSPH1 was 
mainly expressed in tCAFs (Fig. 4B). These expression patterns are 
consistent with previous studies on breast fibroblast heterogeneity [32]. 
Additionally, the distribution of fibroblast subsets revealed distinct 
differences between the juvenile and adult groups (Fig. 4C). In the ju
venile group, mCAFs were the predominant fibroblast subtype, whereas 
they were least abundant in adults. apCAFs, characterized by 
immune-related gene expression (HLA-DRA, CD74), were also more 
prevalent in the juvenile group, a finding corroborated by immunohis
tochemical validation (Fig. 5A). In contrast, adult fibroblasts exhibited a 
higher proportion of iCAFs, followed by tCAFs and vCAFs, suggesting 
age-dependent shifts in fibroblast composition and immune function
ality within the FT microenvironment.

3.11. Analysis of fibroblast differential genes

DEGs in fibroblasts were analyzed, revealing 857 upregulated and 
118 downregulated genes (Fig. 4D). Angiogenesis-related genes 
(MMP16, PTN) were downregulated [33,34]. while genes linked to cell 
proliferation, stress response, and hypoxia (KLF4, ATF3, HIF3A) were 
upregulated [35–37], indicating a shift toward proliferative and hypoxic 
states in FT fibroblasts.

3.12. GO enrichment analysis of differentially expressed genes in 
fibroblasts

GO enrichment of differential genes identified significant pathway 
activation across BP, CC and MF (Fig. 5E). BP pathways involved 
extracellular-matrix organization and oxygen-response, consistent with 
tumor-induced hypoxia. CC pathways showed collagen-rich matrix 
components, while MF pathways enriched for growth-factor binding. 
These findings suggest that fibroblasts are adapting to both stress and 
tumorigenic stimuli, contributing to FT progression. Additionally, 
Table 5 summarizes the top five enriched pathways for BP, CC, and MF, 

Fig. 2. | Analysis of epithelial cells.(1) 
A UMAP visualization of epithelial cell subsets (left: annotation; right: distribution in adult and juvenile groups). 
B Bubble plot of differential gene analysis in epithelial cells of adult and juvenile FT (bubble size: gene enrichment; color: significance). 
C GSEA enrichment analysis (left: adult; right: juvenile). 
D GO enrichment analysis of differentially expressed genes in epithelial cells (red: significance). 
E Functional changes in epithelial cells during development (top: juvenile group; bottom: adult group).
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ranked by p-value, based on the GO enrichment analysis of fibroblasts in 
FT (Table 2).

3.13. GSEA pathway enrichment analysis was performed for each 
subgroup of fibroblasts

GSVA analysis (Fig. 5C) revealed distinct pathway enrichments 
across fibroblast subtypes. mCAFs were enriched in Hedgehog signaling, 
tCAFs in EMT and KRAS signaling, and inflammatory iCAFs in pancre
atic β-cell pathways. ApCAFs were immune-active, with IL2–STAT5 and 
IFN-γ pathways enriched, while vCAFs exhibited Wnt/β-catenin and 
oxidative phosphorylation activation.Additionally, dCAFs were signifi
cantly enriched in pathways such as E2F targets and the G2M check
point. These findings demonstrate that fibroblasts adopt diverse roles, 
ranging from immune regulation to tumor progression.

3.14. GSEA enrichment analysis of fibroblasts

GSEA (Fig. 5B) revealed distinct pathway profiles between juvenile 
and adult fibroblasts. Estrogen signaling was enriched in both groups 
but more pronounced in adults, while juvenile fibroblasts showed 
stronger activation of MAPK, HIF-1, and GnRH signaling, along with 
endocrine resistance pathways. These findings suggest that fibroblasts 
may play a crucial role in the pathogenesis of FT, potentially through 
mechanisms involving MAPK signaling and hormonal stimulation.

3.15. Pseudo-time-series analysis of fibroblasts

Monocle2 trajectory analysis revealed distinct developmental tra
jectories between juvenile and adult fibroblasts. In the juvenile group, 
stromal mCAFs were at the initial stage of fibroblast development, while 
iCAFs and tCAFs represented transitional states. apCAFs and vCAFs were 
identified at the final stage (Fig. 5D). In contrast, in the adult group, 

Fig. 3. |Analysis of epithelial cells.(2) 
A ER expression in epithelial subsets (pink: juvenile; blue: adult). 
B Heatmap of metabolic pathway scores in adult and juvenile groups. 
C KEGG enrichment analysis of epithelial cells. 
D Single-cell pseudotime reconstruction of epithelial cell states. Each point represents an individual cell, colored by: (Left panels) pseudotime progression from dark 
(Pre-branch, initial state) to light (terminal Fate 1/Fate 2 states); (Right panels) epithelial subpopulations. Top/bottom rows show juvenile and adult groups 
respectively, demonstrating distinct differentiation trajectories. 
E Bargraph of epithelial subpopulation proportions. 
F Heatmap of metabolic gene expression in adult and juvenile groups.
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iCAFs occupied the initial state, with mCAFs and apCAFs in transitional 
states, and vCAFs and mCAFs at the final stages (Fig. 5D). These results 
underscore significant differences in fibroblast development and dif
ferentiation between the two groups.

The pseudo-temporal analysis further revealed that juvenile fibro
blast subtypes could be categorized into three developmental states, 
while adult fibroblast subtypes were divided into five (Fig. 4E). Genes 
specifically expressed in apCAFs, such as HLA-DRA, CD74, and HLA- 
DRB1, showed a gradual increase in expression from state 1 to state 3 
in the juvenile group, indicating an enhancement of antigen-presenting 
function and anti-tumor properties during development. In contrast, in 
the adult group, these genes exhibited a slight increase in expression at 
state 4, followed by a gradual decline, suggesting a loss of sustained 
antigen-presenting functionality (Fig. 4E). This contrast highlights the 
divergent differentiation trajectories of antigen-presenting genes be
tween the juvenile and adult groups.

Additionally, GO enrichment analysis of genes based on their 
developmental trajectories (Fig. 5F) provided further insights. In the 
juvenile group, the Pre-branch stage was primarily enriched in pathways 
related to hormone biosynthesis and glycolysis. Branch 1, representing 
the differentiation of apCAFs, was enriched in pathways such as antigen 
processing and presentation via MHC class II, emphasizing their role in 
immune responses. Branch 2, associated with the differentiation into 
vascular fibroblasts, was enriched in stress response pathways. In the 
adult group, the Pre-branch stage was marked by pathways responding 

to interleukin-1 and other inflammatory signals. Branch 1 was enriched 
in extracellular matrix organization and collagen fibril formation, while 
Branch 2 was associated with vascular development, mammary gland 
development, and related processes.

Collectively, these findings highlight the differences in gene function 
dynamics between juvenile and adult fibroblasts, offering preliminary 
insights into the role of fibroblasts in the pathogenesis of FT.

3.16. Communication of different cells in the tissues of the adult and 
juvenile groups

The tumor microenvironment is highly complex, with distinct cell 
subpopulations interacting through various signaling pathways, 
contributing to tumor progression. To assess these interactions, cell-cell 
communication analysis was conducted using ligand-receptor pairs 
(Fig. 6A). In the adult group, apCAFs and dCAFs displayed stronger and 
more frequent interactions with other cell types, suggesting a more 
immune-immune cell crosstalk. In contrast, the juvenile group showed 
higher communication frequencies in apCAF, Bssal, and dCAF, with 
enhanced interaction intensities between stromal and epithelial cells, 
pointing to more dynamic communication networks in juvenile FT 

Table 2 
Top 3 differentially expressed genes for each epithelial cell subtype.

gene p_val avg_log2FC pct.1 pct.2 p_val_adj cluster

XIST 9.84E-157 0.73013 0.875 0.827 4.88E-152 0
TMEM47 4.64E-116 0.732107 0.822 0.757 2.30E-111 0
PRXL2A 6.01E-89 0.729864 0.738 0.709 2.98E-84 0
RND1 0 2.947303 0.838 0.23 0 1
BCL3 0 2.582463 0.872 0.313 0 1
SLC25A25 0 2.676772 0.725 0.209 0 1
AREG 7.78E-250 0.933887 0.979 0.885 3.86E-245 2
EREG 4.31E-168 1.707695 0.552 0.294 2.14E-163 2
TCIM 9.92E-154 1.128252 0.761 0.529 4.92E-149 2
PIP 9.94E-293 1.828936 0.765 0.383 4.94E-288 3
SERPINA1 4.00E-256 1.253538 0.878 0.546 1.99E-251 3
TFF1 3.90E-100 1.046417 0.824 0.646 1.93E-95 3
SFRP1 0 5.296426 0.899 0.086 0 4
PTN 0 4.048139 0.736 0.171 0 4
LTF 0 4.706923 0.631 0.093 0 4
TYMS 0 4.456346 0.776 0.063 0 5
TOP2A 0 5.637313 0.637 0.029 0 5
TPX2 0 5.133132 0.567 0.036 0 5
KLK7 0 8.003895 0.902 0.019 0 6
KLK6 0 7.849246 0.872 0.02 0 6
MALL 0 7.413164 0.779 0.016 0 6
CCL5 0 6.064194 0.725 0.011 0 7
PTPRC 0 5.003387 0.699 0.024 0 7
NKG7 0 5.622473 0.542 0.008 0 7
NFKBIA 3.95E-63 1.603749 0.906 0.589 1.96E-58 8
CD74 1.68E-53 2.120964 0.852 0.538 8.33E-49 8
CXCL2 1.38E-48 1.887654 0.614 0.256 6.87E-44 8
MX1 0 4.722183 0.846 0.107 0 9
IFI44L 0 5.330947 0.658 0.032 0 9
IFIT1 0 5.940239 0.625 0.027 0 9
SPN 0 8.188666 0.792 0.009 0 10
GNG2 0 8.410256 0.75 0.012 0 10
GZMB 0 7.905533 0.562 0.007 0 10

gene: Gene name (marker gene). p_val: Raw p-value (statistical significance), 
where smaller values indicate more significant differential expression. 
avg_log2FC:Average log2 fold change (expression difference), with positive 
values indicating upregulation and negative values indicating downregulation. 
pct.1:The percentage of cells expressing the gene in the target cluster. pct.2:The 
percentage of cells expressing the gene in all other clusters. p_val_adj: Adjusted 
p-value (e.g., Bonferroni or FDR correction) for multiple hypothesis testing. 
cluster,:fibroepithelial tumor Cells subpopulation identifier (0–10), represent
ing distinct cell types or states.

Table 3 
GO enrichment analysis of epithelial cells in FT (sorted by pvalue).

ONTOLOGY ID Description pvalue p. 
adjust

Count

BP GO:1901654 response to ketone 2.33E- 
15

1.43E- 
11

66

BP GO:0048545 response to steroid 
hormone

1.12E- 
13

3.42E- 
10

88

BP GO:0048732 gland development 2.10E- 
13

4.28E- 
10

105

BP GO:0050673 epithelial cell 
proliferation

9.22E- 
13

1.41E- 
09

110

BP GO:0031960 response to 
corticosteroid

1.44E- 
12

1.77E- 
09

53

CC GO:0062023 collagen-containing 
extracellular matrix

2.86E- 
18

1.97E- 
15

114

CC GO:0005788 endoplasmic 
reticulum lumen

4.04E- 
12

1.39E- 
09

79

CC GO:0045177 apical part of cell 1.14E- 
08

2.63E- 
06

90

CC GO:0031983 vesicle lumen 5.48E- 
08

9.45E- 
06

71

CC GO:0060205 cytoplasmic vesicle 
lumen

9.46E- 
08

1.30E- 
05

70

MF GO:0001228 DNA-binding 
transcription 
activator activity, 
RNA polymerase II- 
specific

7.93E- 
09

7.08E- 
06

99

MF GO:0001216 DNA-binding 
transcription 
activator activity

1.25E- 
08

7.08E- 
06

99

MF GO:0005201 extracellular matrix 
structural 
constituent

3.77E- 
08

1.42E- 
05

47

MF GO:0008201 heparin binding 7.25E- 
08

2.05E- 
05

46

MF GO:0008083 growth factor 
activity

2.87E- 
07

6.48E- 
05

43

Ontology:go classification (BP: biological processes; CC: Cell component; MF: 
Molecular function).
ID: GO entry unique identifier (Gene Ontology ID). (Unique identifier for the GO 
term.) Description: Description of the GO function. (Functional description of 
the GO term.) pvalue: The original pvalue of the enrichment analysis, the 
smaller the value, the higher the significance. (Raw p-value of enrichment; 
smaller values indicate higher significance.) p.adjust: Corrected P-value (such 
as FDR or Bonferroni correction) for multiple hypothesis testing (Adjusted p- 
value (e.g., FDR or Bonferroni correction). for multiple testing.) Count: The 
number of genes enriched into the GO entry. (Number of genes enriched in the 
GO term.)
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tissues.

3.17. Changes in intercellular communication between juvenile and adult 
groups

A comparative analysis revealed increased interaction frequencies 
between apCAFs, Bssal, and dCAFs in the juvenile group, while 
Luminal2 cells exhibited stronger communication strength with other 
populations (Fig. 6D). These findings indicate distinct functional roles of 
fibroblasts and epithelial cells in the juvenile tumor microenvironment, 
which may contribute to more aggressive or immune-sensitive 
characteristics.

3.18. Compare primary sources and targets in 2D space

To better understand the directionality of cell signaling, we per
formed a 2D analysis comparing efferent (signal sending) and afferent 
(signal receiving) interaction strengths across both groups. Epithelial 
cells were identified as the primary senders and receivers of signals in 
both juvenile and adult groups, emphasizing their central role in tumor- 
stroma communication (Fig. 6B). Furthermore, pathway enrichment 
analysis of genes from each cell subset in both groups revealed distinct 
pathway activation patterns. In the juvenile group, significant differ
ences were observed in the RELN, PTN, and HGF pathways, suggesting 
their potential roles in mediating cellular interactions and functional 
differences (Fig. 6C).

3.19. Ligand-receptor pairs between cells

We explored ligand-receptor interactions between fibroblast and 
epithelial subpopulations. In the juvenile group, significant interactions 
were found between apCAFs-Luminal1, apCAFs-Luminal2, and iCAFs- 
Luminal2, with key ligand-receptor pairs such as MDK-NCL, MDK- 
SDC4, and AREG-(EGFR + ERBB2) (Fig. 6E). These interactions suggest 
that apCAFs may play a prominent role in immune signaling and 

Table 4 
Expression of the first 3 specific genes in each cell cluster of fibroblasts.

gene p_val avg_log2FC pct.1 pct.2 p_val_adj cluster

TNC 6.16E-77 2.130246 0.826 0.348 3.06E-72 0
AL1 9.90E-73 2.593923 0.648 0.177 4.91E-68 0
LONRF2 3.15E-58 2.591263 0.555 0.158 1.56E-53 0
CCN5 1.43E- 

180
4.910409 0.781 0.06 7.12E- 

176
1

ACKR3 1.30E- 
168

5.086026 0.728 0.052 6.47E- 
164

1

PLA2G2A 4.78E- 
145

4.20132 0.669 0.049 2.37E- 
140

1

FRZB 1.93E-50 1.987753 0.726 0.303 9.59E-46 2
HOPX 5.67E-34 1.677717 0.633 0.282 2.82E-29 2
SBSPON 2.71E-30 1.625831 0.556 0.231 1.34E-25 2
FOXA1 6.81E- 

169
4.390392 0.866 0.066 3.38E- 

164
3

AGR2 6.85E- 
161

4.50396 0.919 0.099 3.40E- 
156

3

TFF3 3.03E- 
120

4.645807 0.669 0.054 1.50E- 
115

3

RGS5 1.29E- 
201

6.571592 0.992 0.068 6.39E- 
197

4

NDUFA4L 1.32E- 
167

6.404404 0.677 0.019 6.53E- 
163

4

TINAGL1 1.32E- 
121

5.983164 0.594 0.031 6.54E- 
117

4

APOD 1.34E-36 2.388996 1 0.83 6.65E-32 5
COL15A1 9.92E-24 2.160343 0.652 0.274 4.93E-19 5
CXCL14 6.12E-12 1.36729 0.636 0.345 3.04E-07 5
PRAME 4.04E- 

117
4.650225 0.662 0.028 2.00E- 

112
6

SCG2 3.08E-99 5.413009 0.625 0.034 1.53E-94 6
LRRN1 6.19E-82 4.428568 0.588 0.039 3.07E-77 6
HLA- 

DQA2
5.21E- 
187

9.233309 0.583 0.001 2.59E- 
182

7

CCL3L1 4.30E- 
112

7.536358 0.55 0.014 2.14E- 
107

7

HLA-DRA 1.08E- 
110

7.543371 1 0.096 5.38E- 
106

7

DHFR 8.85E-21 3.281334 0.562 0.122 4.39E-16 8
CKS2 4.50E-20 3.290285 0.521 0.103 2.23E-15 8
HMGB2 1.12E-19 3.731136 0.667 0.181 5.58E-15 8
CCL5 9.12E- 

203
8.50334 0.824 0.007 4.53E- 

198
9

NKG7 3.16E- 
167

8.591639 0.676 0.005 1.57E- 
162

9

GZMA 6.46E- 
135

8.377873 0.588 0.006 3.21E- 
130

9

gene: Gene name (marker gene).p_val: Raw p-value (statistical significance), 
where smaller values indicate more significant differential expression. 
avg_log2FC:Average log2 fold change (expression difference), with positive 
values indicating upregulation and negative values indicating downregulation. 
pct.1:The percentage of cells expressing the gene in the target cluster. pct.2:The 
percentage of cells expressing the gene in all other clusters. p_val_adj: Adjusted 
p-value (e.g., Bonferroni or FDR correction) for multiple hypothesis testing. 
Cluster:fibroepithelial tumor cells subpopulation identifier (0–9), representing 
distinct cell types or states.

Table 5 
Results of GO enrichment analysis of fibroblasts in FT.

ONTOLOGY ID Description pvalue p. 
adjust

Count

BP GO:0030198 extracellular matrix 
organization

1.34E- 
27

5.31E- 
24

98

BP GO:0043062 extracellular 
structure 
organization

1.76E- 
27

5.31E- 
24

98

BP GO:0045229 external 
encapsulating 
structure

3.04E- 
27

6.10E- 
24

98

​ ​ organization ​ ​ ​
BP GO:0001655 urogenital system 

development
1.30E- 
18

1.96E- 
15

90

BP GO:0072001 renal system 
development

6.22E- 
18

7.49E- 
15

82

CC GO:0062023 collagen-containing 
extracellular matrix

8.66E- 
47

5.92E- 
44

146

CC GO:0005775 vacuolar lumen 2.53E- 
15

8.65E- 
13

53

CC GO:0060205 cytoplasmic vesicle 
lumen

4.30E- 
15

9.79E- 
13

77

CC GO:0031983 vesicle lumen 6.13E- 
15

1.05E- 
12

77

CC GO:0034774 secretory granule 
lumen

8.06E- 
15

1.10E- 
12

76

MF GO:0005201 extracellular matrix 
structural 
constituent

7.09E- 
21

7.71E- 
18

62

MF GO:0005518 collagen binding 1.06E- 
11

5.77E- 
09

28

MF GO:0019838 growth factor 
binding

2.67E- 
11

9.68E- 
09

40

MF GO:0005178 integrin binding 1.49E- 
10

4.04E- 
08

43

MF GO:0001968 fibronectin binding 3.77E- 
10

8.19E- 
08

17

Ontology:go classification (BP: biological processes; CC: Cell component; MF: 
Molecular function).
ID: GO entry unique identifier (Gene Ontology ID). (Unique identifier for the GO 
term.) Description: Description of the GO function. (Functional description of 
the GO term.) pvalue: The original pvalue of the enrichment analysis, the 
smaller the value, the higher the significance. (Raw p-value of enrichment; 
smaller values indicate higher significance.) p.adjust: Corrected P-value (such 
as FDR or Bonferroni correction) for multiple hypothesis testing (Adjusted p- 
value (e.g., FDR or Bonferroni correction). for multiple testing.) Count: The 
number of genes enriched into the GO entry. (Number of genes enriched in the 
GO term.)
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epithelial-stromal communication in juvenile FT. In contrast, the adult 
group exhibited downregulated ligand-receptor pairs, such as COL1A2- 
CD44, COL1A2-SDC1, and COL1A2-SDC4, indicating reduced fibroblast- 
epithelial crosstalk in adult FT tissues. These findings highlight age- 
specific differences in cellular signaling and suggest that fibroblast- 
epithelial interactions may be more immune-active in juvenile tumors.

4. Discussion

In this study, we focused on juvenile giant FT of the breast, investi
gating the heterogeneity of these lesions through scRNA-seq analysis. 
Our work revealed the heterogeneity of epithelial cells and fibroblasts, 
as well as their roles in the pathogenesis of breast fibroepithelial lesions. 
We also provided a detailed characterization of the tumor microenvi
ronment heterogeneity in juvenile giant FT. By comparing adult and 
juvenile FEL tissues using scRNA-seq, we uncovered differences in the 
composition and structural features of epithelial cells and fibroblasts 
between the two groups. Cell-cell communication analysis of fibroblast 
and epithelial subpopulations offered new insights into the tumor 
microenvironment of FT and laid a necessary foundation for future in- 
depth research.

Breast fibroepithelial lesions, such as fibroadenomas and phyllodes 

tumors, are typically benign, but their pathogenesis remains poorly 
understood, especially in juvenile cases. Juvenile giant fibroadenomas, 
though rare, are characterized by rapid growth and significant size, 
often occurring during prepuberty or early puberty. These tumors are 
thought to be influenced by endocrine hormone stimulation during a 
time of hormonal fluctuations. Our findings suggest that juvenile FT may 
be more sensitive to estrogen signaling, as indicated by higher levels of 
estrogen receptors in juvenile epithelial cells. This is consistent with 
previous research, which has linked endocrine factors to the develop
ment of fibroadenomas in reproductive-aged women [9].

The development of giant juvenile fibroadenomas is generally 
believed to be associated with endocrine hormone stimulation of local 
breast tissue. Since the disease occurs in children during prepuberty or 
early puberty, unstable ovarian function leads to disturbances in estro
gen and progesterone levels. Alternatively, some breast glandular tissues 
may exhibit heightened sensitivity to estrogen stimulation, resulting in 
hyperplasia [38], irregular ductal growth, ductal dilation, cyst forma
tion, and eventual fibroadenoma development. Our data showed that 
juvenile epithelial cells, including type 2 ductal cells and basal cells, 
expressed higher levels of estrogen receptors compared to adult tissues. 
Chen [11] used scRNA-seq to investigate why adult fibroadenomas are 
insensitive to the estrogen-modulating drug tamoxifen and the 

Fig. 4. | Analysis of fibroblasts.(1) 
A UMAP of fibroblast subsets. 
B Heatmap: top 5 marker genes in fibroblasts (red = high expression; gray = low). 
C Histogram: fibroblast cluster proportions in adult and juvenile groups. 
D Volcano plot: differentially expressed genes in fibroblast subsets (red = up-regulated; blue = down-regulated; x-axis: Log2FoldChange; y-axis: adjusted p-value). 
E Expression changes of apCAF marker genes during development (above: juvenile; below: adult).
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mechanisms underlying drug resistance. Previous research has primarily 
focused on adult fibroadenomas, with genomic studies indicating that 
mutations in MED12 and TERT promoter hotspots are common in adult 
breast FT [39]. However, the pathogenesis of juvenile giant fibroepi
thelial lesions requires further investigation.

Single-cell RNA sequencing is a key technology for studying physi
ological and pathological processes, enabling the discovery of complex 
tumor microenvironments and high cellular heterogeneity. It provides 
insights into disease mechanisms and potential new treatment strate
gies. Our scRNA-seq analysis explored the heterogeneity of breast 
fibroepithelial lesions, categorizing cells into different types and 
revealing their roles in various subgroups of FT, with a focus on 
epithelial cells and fibroblasts. We further investigated the heteroge
neity of these two cell types and their contributions to the pathogenesis 
of FT, providing a detailed characterization of the tumor microenvi
ronment heterogeneity in juvenile giant FT.

To elucidate the disease mechanism, we compared adult and juvenile 
FEL tissues using scRNA-seq, generating single-cell transcriptomic 

profiles for both groups. This revealed differences in the composition 
and structural features of epithelial cells and fibroblasts between adult 
and juvenile FT, which differ from normal breast tissue. Previous studies 
have shown that breast fibroepithelial lesions are biphasic tumors, but 
their cellular composition remains unclear [40]. We analyzed tissues 
from three cases of juvenile giant FT and one adult fibroadenoma, 
identifying changes in cellular composition and structural alterations in 
epithelial cells and fibroblasts between the two groups. Cell annotation 
identified six cell types in FT, including epithelial cells, endothelial cells, 
fibroblasts, macrophages, neutrophils, and T & NK cells. The prolifera
tion of epithelial and stromal cells is a major factor in FEL pathogenesis.

Although only one adult fibroadenoma was included as a control 
sample, it was carefully selected according to strict histopathological 
criteria and RNA quality standards. Given the rarity of juvenile giant FT 
and the ethical limitations of obtaining matched adult controls, 
expanding the sample number was challenging. However, consistent 
transcriptional patterns observed across all three juvenile cases support 
the robustness of our observations. Future multicenter studies with 

Fig. 5. Analysis of fibroblasts.(2) 
A Immunohistochemistry of apCAF marker genes (top left and right: juvenile group HLA-DRA, CD74; bottom left and right: adult group HLA-DRA, CD74; Original 
magnification, x20; Scale bar, 100 μm) 
B GSEA enrichment: fibroblasts (left: adult; right: juvenile). 
C GSVA enrichment: fibroblast subsets (red = increase; blue = decrease). 
D Single-cell pseudotime reconstruction of fibroblast differentiation. Each point represents an individual cell colored by: (Top row) Juvenile group trajectories; 
(Bottom row) Adult group trajectories. Left panels show temporal progression from dark (Pre-branch initial state) to light (terminal Fate 1/Fate 2) along pseudotime; 
Right panels display fibroblast subpopulation trajectories. Distinct developmental paths are evident between age groups. 
E GO enrichment: differentially expressed genes in fibroblasts (red = significance). 
F Functional changes during fibroblast development (top: juvenile group; bottom: adult group).
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larger and age-balanced cohorts are needed to validate and expand these 
findings.

GSVA of nine cell types revealed characteristic pathways, such as 
“early estrogen response,” “late estrogen response,” “oxidative phos
phorylation,” and “MYC targets v2” in epithelial cells. Estrogen mediates 
biological homeostasis, but as a target organ, excessive estrogen stim
ulation can lead to breast tumorigenesis. Endocrine resistance pathways 
present in both groups are highly associated with fibroadenoma recur
rence. MYC, a transcription factor that promotes cell growth and pro
liferation, is involved in the pathogenesis of various tumors [41]. Based 
on differentially expressed genes, epithelial cells were classified into 
three subtypes. Although the developmental states of epithelial cells 
were similar between adult and juvenile groups, gene regulation varied 
at different stages, highlighting potential differences in the role of 
epithelial cells in juvenile FT. EMT and Wnt/β-catenin signaling path
ways were enriched in fibroblasts.

In parallel, epithelial transcriptomic analysis revealed the activation 
of the PI3K–AKT signaling pathway, typically associated with malignant 
tumors, representing a distinctive feature in benign fibroadenomas. 
While such proliferative signaling is expected in neoplastic epithelium, 

our analysis identified additional juvenile-specific mechanisms. 
Notably, co-activation of the GnRH, MAPK, and endocrine resistance 
pathways suggests a hormone-driven proliferative program unique to 
juvenile tissues. Furthermore, pseudotime analysis indicated that these 
pathways are activated earlier during epithelial differentiation, poten
tially accounting for the rapid growth and enhanced proliferative po
tential of juvenile fibroadenomas. Beyond these canonical pathways, we 
also identified distinct activation of RELN, PTN, and HGF signaling in 
juvenile epithelial cells, providing novel mechanistic insights into the 
pathogenesis of juvenile fibroadenomas. Together, these findings high
light coordinated endocrine and immune signaling between fibroblasts 
and epithelial cells, suggesting that stromal–epithelial crosstalk plays a 
pivotal role in shaping the growth dynamics and immune landscape of 
juvenile fibroadenomas.

Fibroblasts in FT were divided into six subpopulations, with juvenile 
tissues showing a higher proportion of antigen-presenting cancer-asso
ciated fibroblasts (apCAFs), characterized by the expression of immune- 
related genes such as HLA-DRA and CD74, as confirmed by immuno
histochemistry. HLA-DRA and CD74 are classical MHC class II–related 
molecules typically restricted to professional antigen-presenting 

Fig. 6. Communication between different cells. 
A Cell communication among 13 populations in adult and juvenile groups. 
B Scatter plots: communication sources and targets per subpopulation. 
C Pathway proportions in adult vs. juvenile groups. 
D Interaction changes (number/strength) between cell types in juvenile vs. adult groups. 
E Ligand-receptor pairs between fibroblast and epithelial subsets (left: upregulated; right: downregulated; red = up, blue = down, blank = none).
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immune cells. Their high expression in fibroblasts indicates the acqui
sition of antigen-presenting properties, defining a subset with immune- 
like characteristics. In malignant tumors, apCAFs expressing these 
markers are usually associated with immune modulation or immune 
evasion; however, their presence in benign fibroadenomas is uncom
mon. This benign-specific activation suggests an immunoregulatory 
rather than immunosuppressive microenvironment, potentially sup
porting immune surveillance and limiting malignant transformation. 
Pseudotime analysis revealed three developmental states of fibroblasts, 
in which early-stage cells were enriched in metabolic pathways 
including “glycolysis,” resembling normal fibroblasts, whereas mid-to 
late-stage fibroblasts were enriched in immune-related pathways such 
as “antigen processing and presentation via MHC class II,” indicating 
their potential roles in immune regulation [42]. The enrichment of these 
immune-active fibroblasts in juvenile FT highlights a distinct, immu
nomodulatory tumor microenvironment compared with that of adult FT, 
which may contribute to tumor growth regulation and immune 
homeostasis.

Cell-cell communication analysis of fibroblast and epithelial sub
populations identified ligand-receptor interactions in different groups. 
The MDK-NCL and MDK-SDC4 pathways were key communication sig
nals between epithelial cells and fibroblasts in juvenile tissues. MDK is a 
heparin-binding growth factor that promotes cell growth, survival, 
migration, angiogenesis, cytokine expression, and differentiation, 
facilitating interactions with surrounding cells [43]. Other 
ligand-receptor pairs, such as AREG-(EGFR + ERBB2) and AREG-EGFR, 
are essential for adolescent breast development [44]. Our findings 
provide new insights into the tumor microenvironment of FT and 
establish a foundation for future research. These ligand–receptor pairs 
suggest that fibroblast-derived signals may directly influence epithelial 
cell proliferation and maturation, offering potential therapeutic targets 
to modulate fibroblast–epithelial communication in FT. Recent 
single-cell studies in breast cancer have also characterized immuno
suppressive microenvironments that facilitate tumor progression and 
therapeutic resistance, particularly in HER2-positive inflammatory 
breast cancer [45]. These findings underscore the importance of dis
secting the immune and stromal components of the tumor microenvi
ronment, supporting our observation that immune-active fibroblasts and 
stromal–epithelial interactions play central roles in juvenile fibroepi
thelial tumor pathogenesis.

This study has some limitations. First, due to the low incidence of 
juvenile giant FT, the sample size was small. This limited sample size 
inevitably restricts the statistical power and generalizability of our 
conclusions. While the single-cell resolution provides detailed mecha
nistic insights, the small cohort may not capture the full biological di
versity among patients. Therefore, the interpretations should be 
considered exploratory rather than definitive, and future studies 
involving larger, independent cohorts are needed to validate these 
findings. In future work, we plan to collect additional specimens and 
generate more comprehensive datasets to further investigate the path
ogenic mechanisms and clinical characteristics of these tumors. Addi
tionally, because patients were adolescents, we minimized damage to 
normal breast tissue during sampling to avoid affecting future breast 
development, resulting in a lack of adjacent normal tissue as a control. 
Consequently, some subtle but important cell populations or genetic loci 
may have been overlooked. Furthermore, it remains unclear whether 
differences in gene expression between groups stem from developmental 
stages or disease-related changes. Our study focused on mRNA-level 
transcription without validation at other levels. Future research 
should include larger sample sizes, morphological analysis, whole- 
exome sequencing, and characteristic molecular markers to compre
hensively investigate the pathogenesis of juvenile giant FT. Such efforts 
could advance personalized treatment and improve outcomes for FT 
patients, particularly those with high recurrence rates or increased 
breast cancer risk. Future research should expand sample sizes, incor
porate matched adult and normal controls, and apply integrated multi- 

omics approaches—including spatial transcriptomics and proteo
mics—to validate these findings and clarify the developmental versus 
pathological origins of observed gene expression differences.

5. Conclusion

In conclusion, this study employs single-cell transcriptomic analysis 
to uncover the cellular heterogeneity and molecular characteristics of 
juvenile giant mammary fibroepithelial lesions. It identifies elevated 
estrogen receptor expression in the juvenile group and significant 
upregulation of immune-related genes in fibroblasts, highlighting the 
critical roles of estrogen signaling and the immune microenvironment in 
disease pathogenesis. These findings provide novel insights into the 
mechanisms underlying juvenile fibroadenomas and establish a foun
dation for personalized therapeutic strategies, particularly offering 
innovative approaches for managing patients at high risk of recurrence.
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