Translational Oncology 70 (2026) 102840

9 0 g g Translational
Contents lists available at ScienceDirect Oncology: -

Translational Oncology

o %

ELSEVIER journal homepage: www.elsevier.com/locate/tranon

Original Research

Multi-regional transcriptomics reveals robust consensus subtypes beyond
tumor heterogeneity of breast cancer

Jian Ji?®, Qing Zheng"®, Xin Li"®, Can Luo*, Jingzhi Wang "

@ Department of Breast Surgery, The Fifth Affiliated Hospital, Southern Medical University, 566 Congcheng Avenue, Conghua District, Guangzhou, Guangdong, China
Y Department of Gastrointestinal Surgery, The First Affiliated Hospital of Shantou University Medical College, Shantou, China

¢ Department of Radiotherapy Oncology, The Affiliated Yancheng First Hospital of Nanjing University Medical School; The First People's Hospital of Yancheng, Yancheng,
Jiangsu, China

ARTICLE INFO ABSTRACT
Keywords: Background: Commercial molecular classifiers such as Prediction Analysis of Microarray 50 (PAMS50), Oncotype
Breast cancer DX, and MammaPrint have revolutionized breast cancer management. However, their clinical reliability is

Intratumor heterogeneity

undermined by tumor heterogeneity.
Molecular subtype

Methods: We quantified the discordance in clinical molecular typing across multi-regional samples. Gene set

gﬁlist;)pe DX enrichment analysis (GSEA) was employed to explore potential sources of intratumoral heterogeneity (ITH).
MammaPrint Gene-level heterogeneity was evaluated by quantifying expression variation within versus between tumors. A
robust subtyping framework was constructed via Non-negative Matrix Factorization (NMF) based on a screened
low-ITH gene set.
Results: ITH was observed in over 50% of tumors, triggering significant classification discordance across com-
mercial tests. GSEA revealed that transcriptomic heterogeneity might be driven by stromal and matrix-related
pathways. The low-ITH-based NMF framework established an optimal three-subtype classification that exhibi-
ted superior prognostic stratification and maintained high stability across metastatic sites.
Conclusions: We established a low-ITH subtyping framework that overcomes the limitations of single-biopsy-
based molecular typing. Our findings offer a novel strategy to enhance the precision of breast cancer
management.
Introduction correlates with lymph node metastasis and poor prognosis [2,3]. How-
ever, not all tumor subclones drive disease progression [4]. Clonal se-
Tumor heterogeneity drives malignant progression and therapeutic lection acts on cell phenotypes rather than genotypes [5], and the
resistance [1]. Solid tumors comprise subclones with distinct genetic heterogeneity of breast cancer also shows dissociation characteristics at
backgrounds, invasive capacities, and drug sensitivities. Breast cancer the genomic and transcriptomic levels [6,7]. In fact, studies have shown
frequently exhibits polyclonal invasion, where spatial heterogeneity that a large number of intratumoral genomic variations in cancer do not
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necessarily translate into significant phenotypic differences [5]. This
phenomenon the crucial role of phenotypic plasticity [8], but the clinical
value of intratumoral heterogeneity at the transcriptomic level in breast
cancer still needs to be further explored.

The transcriptomic classification system for breast cancer is domi-
nated by a series of commercial gene expression profiling assays
detection tools, such as the commonly used Prediction Analysis of
Microarray 50 (PAM50) [9], Oncotype DX (21-gene recurrence score)
[10], and MammaPrint (70-gene prognostic signature) [11]. PAM50
categorizes tumors into five molecular subtypes (Luminal A, Luminal B,
HER2-enriched, basal-like, and normal-like), which reflect distinct bio-
logical behaviors and correlate with prognosis and treatment response
[9]. Oncotype DX generates a continuous recurrence score based on 16
tumor-related genes and 5 reference genes, and is applicable for
chemotherapy decision-making in early-stage breast cancer patients
with positive hormone receptors and negative HER2 [10,12]. As the first
FDA-approved gene expression profiling test, MammaPrint identifies
prognostic groups and shows unique value in the screening of
early-stage invasive breast cancer patients [11,13]. However, these
commercial molecular classification systems are constructed based on
local tissue biopsies of a single lesion. This technical approach makes it
difficult to avoid the bias caused by intratumoral heterogeneity, and
may even lead to the mixing of all subtypes in tumors at different pro-
portions [14,15]. This limitation significantly weakens the reliability of
commercial classification as a predictive biomarker. Single-cell tran-
scriptomic studies have demonstrated that tumor microenvironmental
components substantially influence the overall transcriptome, intra-
tumoral heterogeneity, and subtype classification [16]. Indeed, the
microenvironmental background substantially interferes with the clas-
sification accuracy and prognostic performance efficacy of existing
classification systems [17-19]. In contrast, although the intrinsic
endogenous expression characteristics of cancer cells are also regulated
by the microenvironment [20], they are relatively less sensitive to tumor
spatial heterogeneity [21]. Based on this principle, alternative classifi-
cation frameworks such as the Intrinsic subtyping have emerged [16].
However, the clinical translational value of these methodological stra-
tegies focusing on the intrinsic properties of cancer cells remains to be
further verified by large-scale studies.

Single-cell transcriptome sequencing enables deciphering tumor
heterogeneity but is limited by high costs, technical noise, and biological
variations in large cohort studies [22]. As an alternative strategy,
multi-regional bulk transcriptome sampling offers a cost-effective
alternative to capture both intratumoral heterogeneity and
inter-individual differences. While few studies have applied this strategy
to reveal transcriptome heterogeneity and sampling bias in breast cancer
[23-25], none explored mitigating its impact on molecular subtyping.
Here, we analyzed 2-5 multi-region samples from 36 primary breast
cancer patients (123 samples total). Integrating single-cell and spatial
omics data, we confirmed intratumoral heterogeneity within existing
commercial subtypes. We further developed a classification system
based on inherent cancer cell expression characteristics (stable across
tumor regions), demonstrating robustness to spatial heterogeneity. This
method recapitulated intrinsic molecular subtypes at the single-cell level
and enhanced prognostic prediction under intratumoral heterogeneity.
In summary, our study establishes a novel classification framework,
providing important theoretical support for precision diagnosis and
treatment of breast cancer.

Methods
Data collection

The study included three independent multi-regional breast cancer
transcriptome datasets: 50 samples from 18 patients provided by the

Duke Breast Cancer Program [24], covering different receptor statuses;
39 samples from 8 patients with ER+/PR+/HER2- primary breast
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tumors provided by the National Cancer Centre Singapore [23]; and 34
tissue samples from 10 patients with triple-negative breast cancer
(TNBC) provided by the Nottingham City Hospital [25]. These datasets
included a total of 36 patients, with a total of 123 samples.

The data of 1980 patients with primary breast cancer from the
METABRIC (Molecular Taxonomy of Breast Cancer International Con-
sortium) cohort [26] were used for computational modeling and sur-
vival analysis validation. In addition, two microarray datasets
(GSE211729 and GSE23593) were included in the study for the con-
struction of the intratumoral heterogeneity (ITH) scoring system, and a
single-cell RNA sequencing dataset (GSE176078, including 26 primary
tumors) was used to analyze the composition of the tumor microenvi-
ronment and the heterogeneity characteristics of malignant epithelial
cells. GSE180286 and GSE32489 were used to evaluate the applicability
of the ITH score.

Molecular typing and heterogeneity assessment of multi-regional samples

This study used three mainstream transcriptome detection methods
to analyze samples from different regions: PAM50 molecular typing,
MammaPrint recurrence risk score, and Oncotype DX recurrence score.
PAMS50 analysis was implemented using the genefu R package [27], and
the samples were divided into five molecular subtypes: Luminal A,
Luminal B, HER2-enriched, Basal-like, and Normal-like. The MammaP-
rint and Oncotype DX scores were calculated based on the 70-gene
prognostic signature and the 21-gene recurrence score algorithm,
respectively.

The criteria for determining intratumoral heterogeneity were as
follows: For PAM50 typing, if multiple regional samples from the same
patient were assigned to different PAMS50 subtypes, the tumor was
defined as exhibiting PAMS50 heterogeneity; for MammaPrint and
Oncotype DX, if different regional samples from the same tumor were
classified into different risk categories. To quantify the overall hetero-
geneity degree of the transcriptome, this study calculated the maximum
Euclidean distance of each sample in the space of the first to third
principal components (PC1-PC3) of the principal component analysis
(PCA) within the same patient group.

Construction of the ITH scoring system

First, two microarray datasets, GSE211729 and GSE23593, were
integrated. After batch-removal processing, they were merged to
construct a gene expression matrix of multi-regional samples. For each
protein-coding gene, the degree of expression variation within the tumor
(within-tumor) relative to that between tumors (between-tumor) was
calculated to establish the ITH score. Specifically, the ITH score reflects
the ratio of the expression fluctuation of a gene between different re-
gions of the same patient to the variation between different patients. A
higher score indicates greater intratumoral spatial heterogeneity of the
gene.

Single-cell sequencing and spatial transcriptomics data analysis

The Seurat R package was used for data quality control, normaliza-
tion, and dimensionality reduction analysis. Unsupervised clustering
analysis was used to identify the main cell types. Malignant epithelial
cells were distinguished from non-malignant cells based on copy number
variation (CNV) inference and the expression pattern of epithelial
marker genes. The AUCell package was used to quantify the expression
enrichment of the ITH-low gene set in tissue micro-regions to verify its
specific expression in malignant regions.

Development of a robust classification framework based on low-ITH genes

The Non-negative Matrix Factorization (NMF) algorithm was used,
with the ITH-low gene set as the feature input, to discover subtypes in
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1980 primary tumor samples from the METABRIC cohort. By system-
atically evaluating the clustering stability of different k values (number
of clusters), the optimal number of clusters was determined. To verify
whether low-ITH genes could capture the intrinsic molecular subtypes of
breast cancer, the NMF clustering results were compared with the classic
intrinsic molecular subtypes (IMS) classification [16].

Heterogeneity assessment model for single samples

First, template gene sets for each PAM50 subtype were constructed
through differential gene expression analysis. Then, the singscore
package was used to calculate the enrichment score of each subtype
template gene set in each sample. Tumors that were significantly
enriched in multiple subtypes (P < 0.05) were defined as heterogeneous
tumors, and the subtype with the highest enrichment score was the main
subtype.

Pathway enrichment analysis

The limma R package was used for differential expression analysis,
and the screening criteria were set as adjusted P-value (FDR) < 0.05 and
|log2 fold change| > 0.05. Gene set enrichment analysis (GSEA) was
used to evaluate the activation status of specific biological pathways.

Immune infiltration analysis

Estimation of STromal and Immune cells in Malignant Tumors using
Expression data (ESTIMATE) [28] was used to calculate the purity of the
tumor. For specific cell population quantification, Cell-type Identifica-
tion by Estimating Relative Subsets of RNA Transcripts (CIBERSORT)
[29] was applied with 1000 permutations to estimate the relative pro-
portions of 22 distinct immune cell types. Meanwhile, the Microenvi-
ronment Cell Populations-counter (MCP-counter) algorithm [30] was
utilized to determine the absolute abundance of immune cell types.
Furthermore, the Tumor Immune Dysfunction and Exclusion (TIDE)
score [31] was calculated to predict the potential response to immune
checkpoint blockade (ICB) therapy and to assess mechanisms of tumor
immune evasion.

Statistical analysis

All statistical analyses were performed using R software (version
4.4.2). For continuous variables, the t-test or Wilcoxon rank-sum test
was used to compare differences between groups, and for categorical
variables, the chi-square test or Fisher's exact test was used. Pearson or
Spearman correlation tests were used for correlation analysis. The log-
rank analysis was used for Kaplan-Meier (KM) curves. A P-value <
0.05 was considered statistically significant.

Results

Intratumoral transcriptomic heterogeneity affects commercial breast
cancer typing

We systematically searched public multi-regional breast cancer
transcriptome data and finally included 3 datasets for analysis. The Duke
Breast Cancer Program provided 50 samples from 18 patients, covering
different receptor statuses; the National Cancer Centre Singapore
contributed 39 samples from 8 patients with ER+/PR+/HER2- primary
breast tumors; and the Nottingham City Hospital provided 34 tissue
samples from 10 patients with TNBC. These datasets included a total of
36 patients with primary breast cancer. For each patient, 2-5 repre-
sentative tumor region samples were collected through a standardized
surgical procedure to capture the spatial heterogeneity characteristics
within the tumor. After strict quality control and RNA integrity assess-
ment, a total of 123 samples were finally included in the transcriptome
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analysis.

To initially explore the intratumoral transcriptomic heterogeneity of
breast cancer, we used three mainstream transcriptome detection
methods: PAM50 molecular typing, MammaPrint recurrence risk score,
and Oncotype DX recurrence score, to analyze samples from different
regions (Fig. 1A-1I). The study found that 53% of the tumors showed
intratumoral PAMS50 heterogeneity, 36% of the tumors showed intra-
tumoral Oncotype DX heterogeneity, and 25% of the tumors showed
intratumoral MammaPrint heterogeneity. Additionally, we averaged the
gene expression values across all regions from the same patient to
simulate the whole-tumor global level, and evaluated the concordance
between multi-regional sample classification and patient-level averaged
PAMS0 subtyping. The results revealed substantial discordance in sub-
type classification between the two approaches (Fig. S1).

PAMS50 heterogeneity analysis showed that Luminal A and Luminal B
often mixed with other subtypes. The Luminal type, especially Luminal
B, is not a homogeneous molecular entity pure breed in terms of gene
expression profiles but a highly heterogeneous collection [32]. It is
essentially in an intermediate state between hormone-driven and
proliferation-driven phenotypes, so it frequently harbors transcriptional
features is easy to contain the characteristics of other subtypes. In
addition, even for clinically pathological TNBC, its PAM50 is not all
Basal-like (Fig. 1G). This inconsistency between receptor protein
expression and gene expression is exactly the challenge that needs to be
overcome in the precision treatment of breast cancer. Previous study
showed that non-Basal TNBC in PAM50 has a better response to cape-
citabine treatment [33]. IHC-based subtyping alone is insufficient for
uniform treatment decisions. Deeper molecular characterization is
needed to guide individualized therapy.

Although the incidence of gene expression heterogeneity in Onco-
type DX and MammaPrint is low (Fig. 1B-11I), their clinical significance
cannot be ignored. These two tests have been used for chemotherapy
decision-making in early-stage breast cancer, and their accuracy de-
pends on the representativeness of the biopsy sample for the overall
tumor risk. If the puncture happens to sample from a heterogeneous
region, it will lead to a deviation between the test and the actual bio-
logical behavior, resulting in overtreatment or chemotherapy exemp-
tion. Both MammaPrint and Oncotype DX were developed based on the
gene expression characteristics of the specific subtype of (HR+)/HER2-
negative. We tried to extend the application of these molecular detection
tools to other pathological subtypes. In the TNBC dataset, all samples
showed a high MammaPrint recurrence risk score (Fig. 1H). The
Oncotype DX recurrence score also classified most TNBC samples as
high-risk (Fig. 1I). The Oncotype DX and MammaPrint gene signatures
mainly evaluate the expression levels of genes related to cell prolifera-
tion, invasion, and metastasis. The design principle of these tests just
captures the malignant biological behavior of TNBC. Merely confirming
of known malignant characteristics was insufficient for TNBC,
demanding the development of novel biomarkers capable of capturing
its profound internal heterogeneity to achieve the goals of precision
medicine.

To further quantitatively evaluate the overall heterogeneity degree
of the transcriptome, we calculated the maximum Euclidean distance
between samples of each sample in the PC1-PC3 space within the same
patient group. This index effectively reflects the transcriptome disper-
sion degree within the tumor by capturing the farthest expression profile
difference between samples. The results showed that in the three mo-
lecular typing systems of PAM50, MammaPrint, and Oncotype DX, the
maximum Euclidean distance of heterogeneous tumors was significantly
greater than that of homogeneous tumors (Fig. 1J-1L), suggesting that
the heterogeneous tumors identified by these commercial tran-
scriptomic assays gene expression profile detection methods have higher
transcriptome diversity.

Further analysis of the impact of sample size on heterogeneity
assessment (Fig. 1M) found that as the number of single-tumor samples
increased from 2 to 4, the heterogeneity level showed an upward trend;
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Fig. 1. Intratumoral transcriptomic heterogeneity impacts clinical molecular subtyping in breast cancer. (A-I) Intratumoral subtyping consistency and heterogeneity
across different datasets. Heatmaps display results from three datasets (GSE23593, GSE211729, and IJMS) using mainstream transcriptomic platforms: PAMS50 (A, D,
G), MammaPrint (B, E, H), and Oncotype DX (C, F, I). Each column represents an individual patient (labeled with patient IDs), and each row represents a distinct
sampling location within the same tumor. Patients are categorized into "Homogeneous" (consistent results across all sites) and "Heterogeneous" (conflicting subtypes
or risk scores within the same tumor). (J-L) Quantitative assessment of transcriptomic divergence. Boxplots compare the Maximum Euclidean Distance between
heterogeneous and homogeneous tumors based on PAMS50 (J), MammaPrint (K), and Oncotype DX (L) scores. The Euclidean distance quantifies the transcriptomic
dissimilarity between multiple samples from the same patient; higher values indicate greater intratumoral divergence. (M) Influence of sampling density on het-
erogeneity detection. Distribution of Maximum Euclidean Distances as a function of the number of samples collected per tumor (ranging from 2 to 5). *P < 0.05; **P
< 0.01; ns, not significant., not significant. PAM50: Prediction Analysis of Microarray 50; LumA: Luminal A; LumB: Luminal B; Her2: HER2-enriched.

however, when the sample size reached 5, the heterogeneity level
decreased instead. This non-linear change suggests that a small sample
size may be insufficient to fully capture tumor heterogeneity, while
increasing the sample size (>5) may lead to the homogenization of
heterogeneity due to covering the core area of the tumor. All these re-
sults indicate that for high-heterogeneity breast cancer, transcriptome
detection based on a single biopsy sample may be insufficient to guide
systemic treatment decisions.

Transcriptomic heterogeneity is associated with stromal infiltration

Oncotype DX and MammaPrint are only limited to chemotherapy
guidance for HR+-/HER2- early-stage breast cancer, while PAM50 has a
wider clinical positioning and is suitable for comprehensive typing of all
molecular subtypes. Given that this study included a multi-pathological
subtype cohort, PAM50 was selected for further analysis. We performed
GSEA on a selected set of breast cancer-related gene sets (n = 54) to
explore the biological characteristics of tumors with heterogeneous
PAMBSO classification. In two breast cancer datasets containing multiple

pathological subtypes, tumors with heterogeneous PAM50 classification
showed significant enrichment of stromal-like and matrix characteristics
(Fig. 2A, 2B). Specifically, these included the activation of pathways
such as stromal infiltration, epithelial-mesenchymal transition (EMT),
extracellular matrix components, and fibroblast activation markers.
Interestingly, in TNBC, tumors with heterogeneous PAMS50 classification
showed a completely different enrichment pattern, including significant
activation of metabolic pathways, such as arachidonic acid metabolism,
linoleic acid metabolism, and tyrosine metabolism (Fig. 2C). This in-
dicates that the heterogeneity of TNBC may mainly originate from
metabolic reprogramming rather than changes in the stromal microen-
vironment. It is worth noting that in all three datasets, tumors with
homogeneous PAMS50 classification showed consistent characteristics of
enhanced immune infiltration and activation of MYC targets (Fig. 2A-
2C). These results suggest that immune activation and MYC signaling
may be the key driving factors for maintaining tumor molecular
homogeneity.

We then used MCP-counter [30] to quantify fibroblast abundance
(Fig. S2). Patients with heterogeneous PAM50 subtypes showed greater
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Negative Breast Cancer.

fibroblast variability than homogeneous cases. Following correction for
tumor purity based on breast carcinoma-specific epithelial gene
expression (EPCAM, KRT8, KRT18, KRT19, CDH1), fibroblast abun-
dance persisted at higher levels in the heterogeneous group. These
findings suggest a potential role for tumor stroma in modulating tran-
scriptomic heterogeneity.

Prognostic impact of intratumoral PAM50 heterogeneity

To verify the clinical significance of intratumoral PAM50 heteroge-
neity in a larger sample, we performed computational analysis on 1980
patients with primary breast cancer in the METABRIC cohort. First, the
genefu package was used to perform PAM50 molecular typing on all
patients, and it was confirmed that different subtypes had significant
prognostic differences (Fig. 3A). Given the lack of survival information
in the multi-regional dataset, we developed a heterogeneity assessment
model based on single samples: template gene sets for each PAMS50
subtype were constructed through differential gene expression analysis,
the singscore package was used to calculate the enrichment score of each
sample, and tumors that were significantly enriched in multiple sub-
types (P < 0.05) were defined as heterogeneous tumors, and the subtype
with the highest enrichment score was the main subtype. The overall
consistency rate of this model with the original PAM50 centroid pre-
dictor was 70.99% (Fig. 3B). The inconsistent cases mainly originated
from a higher proportion of determination of Luminal A and Luminal B
subtypes in the enrichment analysis, suggesting that single-region
sampling may underestimate the internal heterogeneity of luminal-
type tumors. In the METABRIC cohort, 56.9% of the tumors showed
PAMS50 heterogeneity, which was higher than the observed value in the
multi-regional sequencing data, possibly reflecting the improvement of
statistical power brought by a larger sample size.

Survival analysis showed that there was no significant difference in
overall survival between most heterogeneous tumors and homogeneous
tumors (Fig. 3C). A reasonable speculation is that the prognosis of breast
cancer is mainly determined by the dominant clone. During tumor
evolution, the more adaptable clone will becomes the dominant
component in the population through selective expansion [34]. The

biological characteristics of this clone, including proliferation rate, in-
vasion ability, and treatment sensitivity, directly determine the clinical
behavior of the tumor [34]. In other words, this dominant subtype
already carries the strongest prognostic information. Therefore,
although ITH objectively exists, its prognostic value may be masked
have been diluted by the dominant subtype. We speculate that when the
dominant clone itself has a good prognosis, the genomic instability
represented by ITH may become an additional risk modifier; while when
the dominant clone is already highly invasive, the additional impact of
ITH is difficult to appear. The results showed that only in the Luminal A
subtype (Fig. 3C), the overall survival of heterogeneous tumors was
significantly lower than that of homogeneous tumors, while no signifi-
cant difference was observed in the Basal-like, HER2-enriched, and
Luminal B subtypes (Fig. 3C). This finding supports our inference: ITH is
not an independent prognostic driving factor but produces a
context-dependent effect through interaction with the dominant clone.
In a low-invasive background, the genomic instability reflected by ITH
constitutes an additive risk dimension and has a synergistic effect with
the inert characteristics of the dominant clone; while in a high-invasive
background, the dominant clone already occupies the dominant weight
in prognosis determination, and the incremental information value of
ITH is significantly compressed.

Identification of low-ITH genes with inherent expression signals

To analyze the transcriptomic basis of ITH, we first integrated two
microarray datasets (GSE211729 and GSE23593). After batch-removal
processing (Fig. S3), they were merged to construct a gene expression
matrix of multi-regional samples, and the ITH scoring system was
established by quantifying the degree of expression variation within the
tumor relative to that between tumors. The distribution of the ITH score
showed a significant right-skew feature (Fig. 4A), and the long tail on
the right indicated that there was a small number of genes with high
intratumoral heterogeneity. Based on this distribution feature, we
divided protein-coding genes into three groups (Fig. 4B): ITH-high genes
(the top 8.3% in score), ITH-low genes (the bottom 36.5% in score), and
an intermediate group. This grouping strategy allowed us to distinguish
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ITH: intratumoral heterogeneity.

between two gene sets: those with large spatial expression variation and
those with uniform spatial expression. To explore the biological signif-
icance of different ITH gene sets, we performed PCA based on ITH-high
and ITH-low genes, respectively. The results showed that the PC1 of

tumor samples based on ITH-high genes had the strongest correlation
with stromal characteristics (Fig. 4C). This finding indicates that the
main source of variation in ITH-high genes is the stromal components of
the tumor microenvironment rather than the cancer cells themselves. In
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other words, the expression fluctuations observed in multi-regional
sampling largely reflect the spatial differences in the stromal content
within the tumor. In contrast to ITH-high genes, ITH-low genes are
uniformly expressed within the tumor region (Fig. 4D), suggesting that
they are less affected by the microenvironment and can better reflect the
inherent biological characteristics of cancer cells. PCA based on ITH-low
genes revealed the structural variation of the intrinsic programs of
cancer cells: PC1 was closely related to the characteristics of the cell
cycle and Wingless-related integration site (WNT) signaling pathway,
while PC2 was related to the characteristics of cell stemness (Fig. 4D).
This shows that after excluding the noise of stromal heterogeneity, ITH-
low genes provide a more refined characterization of tumor subtypes
based on the intrinsic characteristics of cancer cells.

Using single-cell RNA sequencing data from paired tumor core and
lymph node samples of 15 cases of primary breast cancer, we confirmed
that ITH-high genes exhibited higher expression variability among cells
in paired samples, while ITH-low genes showed relatively stable
expression (Fig. 4E-4H), supporting the applicability of the ITH score at
the single-cell resolution. By quantifying the expression enrichment of
the ITH-low gene set in tissue microregions using the AUCell package,
we found that ITH-low signature it was specifically highly expressed in
malignant regions, and its expression level was only positively corre-
lated with the proportion of tumor cells (Fig. 41-4M), further demon-
strating that ITH-low genes are reliable markers of the intrinsic
characteristics of cancer cells.

In summary, the ITH scoring system effectively distinguishes two
gene sets with different biological essences: ITH-high genes mainly

capture the heterogeneity of the tumor microenvironment, while ITH-
low genes reflect the intrinsic molecular programs of cancer cells. By
focusing on ITH-low genes, the interference of stromal components can
be filtered, and the essential characteristics of cancer cells and their
spatial evolution patterns can be more accurately characterized.

Transcriptomic classification less affected by ITH

The Intrinsic Molecular Subtypes (IMS) of cancer are considered to
have low ITH because they mainly reflect the autonomous molecular
characteristics of cancer cells and are less affected by stromal compo-
nents in the tumor microenvironment [16]. To elucidate the cellular
structure of breast cancer, we analyzed 26 cases of primary untreated
tumors using single-cell RNA sequencing (GSE176078), including 11
cases of ER+, 5 cases of HER2+, and 10 cases of TNBC. Through un-
supervised clustering analysis, 9 major cell clusters and 29 minor cell
clusters were identified in the original annotation (Fig. 5A, 5B). The
major populations included B cells, cancer-associated fibroblasts (CAFs),
malignant epithelial cells, endothelial cells, myeloid cells, normal
epithelial cells, plasmablasts, perivascular (PVL) cells, and T cells. Dif-
ferential expression analysis showed a significant separation pattern in
the average expression of epithelial marker genes between malignant
and non-malignant cells (Fig. 5C, 5D), confirming that epithelial char-
acteristics can effectively distinguish cancer cells from stromal compo-
nents in the tumor microenvironment. Notably, major cell types were
distributed across different clinical subtypes (Fig. 5E). Further analysis
revealed significant heterogeneity among malignant epithelial cells,
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heterogeneity.

which were further subdivided into five functional subtypes (Fig. 5F):
Basal Cancer SC (stem cells), Cancer Cycling, Cancer Her2 SC, Cancer
LumA SC, and LumB SC.

In the multi-region sample set, low-ITH genes retained expression
variation between tumors, and their inter-tumor expression range (10th
to 90th percentiles) was higher than that of high-ITH or medium-ITH
genes (Fig. 4A). Based on this finding, we developed a robust tran-
scriptomic classification strategy based on low-ITH genes. Specifically,
we used the Non-negative Matrix Factorization (NMF) algorithm, with
the low-ITH gene set as the feature input, to perform subtype discovery
on a cohort of 1980 primary tumor samples (preset number of clusters k
= 4). The clustering results (denoted as k4 subtypes) showed a high
degree of consistency (Fig. 5G) with the classic four IMS classifications
(Luminal A, Luminal B, HER2-enriched, Basal-like). This result verified
that low-ITH genes can capture the intrinsic molecular subtypes of
breast cancer; secondly, through the multi-region sequencing strategy,

the intrinsic subtypes of cancer cells revealed by single-cell sequencing
can be approximately reproduced at the bulk RNA-seq level.

Consistent classification based on low-ITH genes

By evaluating the clustering stability at different k values of NMF, we
determined that k = 3 was the optimal number of clusters (Fig. 6A-6C),
dividing the patients into three molecular subtypes (A, B, C). Survival
analysis (Fig. 6D) showed that this classification method was signifi-
cantly correlated with the overall survival of breast cancer patients:
patients with subtype A had the best prognosis, while those with subtype
C had the worst prognosis. This finding suggests that the low-ITH gene
characteristics have potential prognostic stratification value.

In view of the clinical translational potential of this classification, we
further verified its applicability in metastatic tumors. Using referring to
previous studies on the expression profiles of primary breast cancer and
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multi-site metastases (liver, chest wall, lymph nodes, lungs, spleen), we
found that PCA based on either low-ITH genes or IMS template genes
failed to distinguish tumor samples from different anatomical sites
(Fig. 6E, 6F). Therefore, this classification system may be applicable to
metastatic lesions.

Furthermore, we employed the ESTIMATE algorithm [28] to assess
tumor purity across multi-region data and applied NMF clustering
following purity correction (Fig. S4A-S4D). Although this approach
improved subtype stability (Fig. S4E), the low-ITH strategy achieved
higher cross-regional concordance without relying on tumor purity
correction (Fig. 6G), indicating that it captures stable intrinsic molecular
programs underlying tumor evolution rather than merely eliminating
stromal noise. In addition, the consistent classification based on low-ITH
genes showed low tumor heterogeneity bias, further supporting its
reliability as a cross-lesion molecular typing method.

To elucidate the biological basis for the prognostic differences among
different subtypes, we performed differential gene expression analysis
(Fig. 7A) and pathway enrichment studies. The enrichment analysis
results were highly consistent with the survival data: compared with
subtype A and B, subtype C was significantly enriched in cancer-
promoting pathways such as TNF signaling, NF-xB pathway, and cell
cycle regulation (Fig. 7B, 7C); compared with subtype B, subtype A also

showed relative inhibition of these pathways (Fig. 7D). Quantitative
analysis of immune infiltration based on the CIBERSORT algorithm [29]
revealed significant heterogeneity in immune microenvironment
composition across the three subtypes (Fig. S5). Notably, subtype C
exhibited significantly higher M2 macrophage infiltration than the other
two groups, displaying a pro-tumorigenic immune phenotype; whereas
subtype B was characterized by T cell infiltration, suggesting more
active immune responses in this subtype. Further analysis demonstrated
that subtype C had the highest TIDE score and Exclusion Score among
the three subtypes (Fig. S6A), indicating the poorest potential for
immunotherapy response. However, drug sensitivity analysis confirmed
that subtype C tumors were more likely to benefit from standard
chemotherapeutic agents (Fig. S6B).

Discussion

The pervasive impact of transcriptomic heterogeneity on clinical subtyping
This study demonstrates that established commercial transcriptomic

tools for breast cancer, such as PAM50, Oncotype DX, and MammaPrint,

are vulnerable to intratumoral transcriptomic heterogeneity. Our find-
ings reveal that 53% of tumors exhibit discordance in PAMS50 subtyping
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across different regions. This proportion differed from the inconsistency
rate reported by Hurson et al. recently [35], possibly due to the rigorous
multi-regional sampling strategy (2-5 regions per patient). Luminal
tumors, particularly the Luminal B subtype, showed the highest degree
of heterogeneity. This supports the biological premise that Luminal B
represents an intermediate state between hormone-driven and
proliferation-driven phenotypes, rather than a stable category. Even in
clinically diagnosed TNBC, significant transcriptomic variation exists.
Existing tests primarily confirm known malignant features but fail to
resolve the internal heterogeneity that drives differential treatment
responses.

The effect of ITH on prognosis may depend on the tumor's underlying
clinical subtype

Our analysis of the METABRIC cohort challenges the traditional
assumption that high heterogeneity always equates to poor prognosis,
revealing instead a context-dependent effect. In high-risk subtypes like
Basal-like or HER2-enriched, the prognosis is primarily dictated by the
highly invasive dominant clone, making the additional impact of ITH
less detectable. In contrast, for the low-invasive Luminal A subtype, the
presence of high ITH is associated with significantly worse survival. This
suggests that ITH assessment is a critical risk modifier for traditionally
low-risk patients, identifying individuals who may be underestimated by
standard subtyping.

Stromal components contribute to transcriptomic variability

Identifying the sources of ITH is paramount for accurate molecular
subtyping. While previous research has established that cancer cell
evolution contributes to transcriptomic variability, our analysis reveals
that stromal components within the TME are also important drivers of
transcriptomic fluctuations. This is highly consistent with the tumor-
stroma interface heterogeneity revealed by recent spatial tran-
scriptomic studies [36]. High-ITH genes are markedly enriched in

10

pathways related to stromal infiltration and EMT, which partially ex-
plains why bulk RNA-seq is susceptible to sampling bias. Conversely,
low-ITH genes reflect the stable, intrinsic programs of cancer cells, such
as cell cycle regulation and WNT signaling. By distinguishing between
these two signals, this study demonstrates the feasibility of utilizing
low-ITH genes to filter microenvironmental noise and extract the core
biological features of the tumor.

A low-ITH gene-based framework enables robust molecular subtyping of
breast cancer

The primary contribution of this study is the development of a robust
transcriptomic classification framework based on genes with low-ITH.
The advantages of this system are demonstrated across three di-
mensions. First, it exhibits stability and resistance to interference. Un-
like traditional subtyping tools that are often compromised by
microenvironmental variations across different anatomical sites, the
subtypes identified in this study remain highly consistent across both
spatial regions within the primary tumor and metastatic lesions,
achieving robust subtyping independent of anatomical location. Second,
it demonstrates cross-methods biological reproducibility. This approach
successfully recapitulates the four functional malignant epithelial sub-
types previously defined by scRNA-seq at the bulk RNA-seq, validating
its precision in capturing core biological features. Third, it offers sig-
nificant potential for clinical application. Addressing the bottlenecks of
single-cell technologies—such as prohibitive costs and the loss of spatial
context—our strategy provides a cost-effective alternative. It not only
retains the crucial resolution, but also provides a potential tool for the
large-scale implementation of precision medicine.

The low-ITH classification framework developed in this study pre-
serves classical biological characteristics. First, the observed consistency
aligns with the hypothesis that the tumor microenvironment is, at least
partially, shaped by malignant epithelial cells, which themselves are
capable of recapitulating PAM50 and single-cell intrinsic subtypes. This
coherence is a prerequisite for successful classification across diverse



J. Ji et al

preclinical model systems. Our findings support the view that features
associated with PAM50 or single-cell intrinsic subtypes provide a
genuine phenotypic stratification of breast cancer; however, the exact
cellular interactions defining these microenvironment-rich subtypes
remain to be fully elucidated. Furthermore, pathway enrichment anal-
ysis reveals distinct biological essences underlying each subtype. Sub-
type C is significantly enriched in oncogenic pathways, such as TNF
signaling, NF-kB signaling, and cell cycle regulation. The aberrant ac-
tivity of these pathways provides a mechanistic explanation for its
aggressive clinical phenotype. In contrast, Subtype A exhibits an inac-
tive state across these pro-inflammatory and proliferative pathways.
This divergence in molecular profiles precisely maps the heterogeneity
of intrinsic programs within cancer cells. Finally, this biology-based
classification system translates into robust clinical prognostic stratifi-
cation. The three-subtype classification demonstrates significant prog-
nostic power: Subtype C, characterized by the most aggressive molecular
features, shows the poorest outcomes, whereas Subtype A, with sup-
pressed oncogenic pathways, correlates with the highest overall
survival.

Limitations

While this study establishes a robust framework for overcoming
tumor heterogeneity, several limitations warrant acknowledgment.
First, the sample size of our multi-region cohort remains relatively
modest (36 patients, 123 samples). Although the findings have been
validated using the extensive METABRIC dataset, the clinical utility of
our classification system requires further verification in large-scale
prospective clinical trials. Second, the ITH scoring system was origi-
nally developed based on microarray data. Despite validation via RNA-
seq, potential systematic biases between different platforms may still
affect gene comparability. Finally, our investigation focused primarily
on the transcriptomic level. Future studies integrating genomic, epige-
netic, and proteomic data will be essential to fully dissect the multi-
dimensional architecture of ITH.

Conclusion

In summary, this study provides a new perspective for overcoming
the interference of tumor heterogeneity in precision medicine and is
expected to promote the transformation of breast cancer molecular
typing towards a higher level of precision medicine.
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