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Background: Luminal B-like breast cancer (LBBC) constitutes approximately 40% of breast cancer cases and carries a 
higher risk of recurrence and poorer prognosis than luminal A-like disease. This study aimed to investigate the 
molecular alterations between primary and recurrent LBBC tumors, elucidate the drivers of LBBC recurrence and 
identify potential therapeutic targets.
Materials and methods: We performed DNA sequencing using a custom-designed panel covering 769 cancer-related 
genes and RNA sequencing (RNA-seq) on 15 LBBC patients (49 samples: 15 primary tumors, 21 recurrent lesions and 
15 blood samples; six patients had two recurrent lesions each). Of these, 13 had paired-end DNA sequencing data and 
five had paired-end RNA-seq data (three of whom also had DNA data). Molecular features altered in recurrent tumors 
were compared with their corresponding primary tumors, focusing on gene mutations, copy number alterations, 
tumor heterogeneity, gene expression, pathways, and immune cell composition. Molecular features associated with 
LBBC recurrence were further identified.
Results: The majority of gene mutations and copy number alterations are primarily established in the primary tumor 
and persist through recurrence. TP53 and PIK3CA were the most frequently altered genes in both primary and 
recurrent tumors, whereas mutations in EGFR and GNAS emerged in recurrent tumors. Upregulated pathways in 
recurrences included cell cycle checkpoints, DNA replication, and antigen processing—cross-presentation. Compared 
with primary tumors, recurrent tumors exhibited an increased abundance of T cells in the tumor 
microenvironment. Furthermore, higher mutant-allele tumor heterogeneity (MATH) scores in primary tumors were 
associated with worse recurrence-free survival in exploratory unadjusted analysis (P = 0.032).
Conclusions: Our study reveals the genomic and transcriptomic evolution of LBBC recurrence, suggesting that most 
drivers are established in the primary tumor. Acquired mutations or alterations warrant further investigation as 
potential therapeutic targets and MATH scores may represent a candidate biomarker associated with LBBC recurrence. 
Key words: genomics, immune phenotype, luminal B-like breast cancer, mutation, recurrence, transcriptomics, tumor 
heterogeneity

INTRODUCTION

Breast cancer is the most common malignancy globally and 
a leading cause of cancer-related deaths in women. 1

Despite advancements in therapeutic strategies and clinical 
screening that enable early detection and curative resec-
tion, survival rates for advanced breast cancer patients 
remain poor due to high recurrence rates. Recurrence often 
signals a poor prognosis, with hormone receptor (HR)- 
positive breast cancer being the most common subtype. 2,3 

Luminal breast cancer, defined as HR-positive, can be 
categorized into surrogate luminal A-like and luminal B-like 
based on human epidermal growth factor receptor 2 
(HER2) and Ki67 expression using immunochemistry (IHC) 
analysis, approximating the transcriptomically defined 
luminal A and luminal B intrinsic subtypes. The luminal A-
like subtype is characterized by HER2 negativity and Ki67 
<14%, while all others are classified as luminal B-like.
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Luminal B-like breast cancer (LBBC) accounts for 40% of 
all breast cancer subtypes and is characterized by large 
tumor size, higher rates of lymph node involvement, low 
histological differentiation, and relative insensitivity to 
endocrine therapy. 4 These features contribute to its higher 
recurrence risk and worse prognosis compared with 
luminal A-like breast cancer. Although additional treat-
ments are often administered to LBBC patients to reduce 
postoperative recurrence risk, genetic biomarkers that can 
reliably predict high recurrence risk in LBBC patients are 
lacking.

Studies in preclinical models and patient cohorts have 
shown significant molecular and cellular changes during 
tumor recurrence, including discordant HR and HER2 status 
between primary and metastatic tumors. 5-7 High-
throughput sequencing has revealed that most oncogenic 
driver mutations in primary tumors are retained in recur-
rence, though certain genes, such as ESR1, MYLK, PEAK1, 
SLC2A4RG, and EVC2, are preferentially mutated in meta-
static breast cancer. 8 However, findings vary across 
different subtypes. Research on triple-negative breast 
cancer (TNBC) has demonstrated mutational and tran-
scriptomic shifts, as well as decreased immune-activating 
gene expression in recurrent tumors. 9 However, genomic 
and transcriptomic comparisons between primary and 
recurrent LBBC tumors remain limited.

To address this gap, the primary objective of the present 
study was to perform a comprehensive, descriptive com-
parison of the genomic and transcriptomic profiles of 
matched primary and recurrent tumors in LBBC patients 
using a multiomics characterization strategy. Furthermore, 
molecular features related to tumor recurrence were 
further analyzed by integrating omics and clinical charac-
teristics using recurrence-free survival (RFS) as a standard 
oncologic endpoint, which may help elucidate potential 
drivers of recurrence and therapeutic resistance in LBBC 
patients.

MATERIALS AND METHODS 

Patients and sample collection

All procedures were conducted in accordance with the 
Declaration of Helsinki, and approval from the Institutional 
Review Board of the Second Qilu Hospital of Shandong 
University was obtained after the study. The inclusion 
criteria were as follows: (i) LBBC patients with matched 
formalin-fixed paraffin-embedded (FFPE) tissues from 
primary breast cancers and local recurrences or distant 
metastases, as well as blood samples for genomic DNA 
extraction; (ii) biospecimens containing sufficient tumor 
tissue for sequencing; and (iii) continuous treatment after 
recurrence. All primary tumor samples were treatment-
naïve, comprising pretreatment biopsy specimens from five 
patients who subsequently received neoadjuvant chemo-
therapy and surgical specimens from 10 patients who 
underwent upfront surgery. All biopsy specimens under-
went central pathology review to ensure they were derived 
from a viable, representative tumor area (as assessed by

accompanying hematoxylin and eosin imaging), minimizing 
the inclusion of nondiagnostic or necrotic samples.

This study included a cohort of 15 patients with histo-
logically confirmed LBBC based on IHC results. From these 
15 patients, a total of 36 FFPE tumor samples were ob-
tained: 15 primary tumors (one per patient) and 21 matched 
recurrent/metastatic tumors. This higher number reflects 
that six patients contributed two recurrent samples each 
(e.g. samples from different recurrent sites or at different 
times of recurrence). In addition, peripheral blood samples 
were collected from all 15 patients to filter out germline 
mutations. Demographic data and clinical characteristics of 
patients are summarized in Table 1. Estrogen receptor (ER), 
progesterone receptor (PR), HER2 and Ki67 status were 
evaluated using IHC or in situ hybridization. The pathological 
features of primary and recurrent tumors are summarized 
and compared in Supplementary Table S1, available at 
https://doi.org/10.1016/j.esmoop.2026.107736. For each 
case, 10-15 (depending on tumor size) 5-μm FFPE sections 
adjacent to the hematoxylin and eosin-analyzed section 
were pooled for DNA or RNA extraction. For genomic 
analysis, targeted sequencing using a custom-designed panel 
covering 769 cancer-related genes was performed on 13 
primary and 18 recurrent tumors, with five patients 
contributing two recurrent lesions each. RNA sequencing 
(RNA-seq) was performed on five primary and seven

Table 1. Demographic and clinical characteristics of the enrolled LBBC 
patients

Characteristics n (%)

Age at diagnosis, median (range), years 43 (26-69)
Menopausal status 
Premenopausal 13 (86.7)
Postmenopausal 2 (13.3)

AJCC stage 
I 5 (33.3)
II 3 (20.0)
III 7 (46.7)

Histological grade 
Grade 1 1 (6.7)
Grade 2 10 (66.7)
Grade 3 4 (26.7)

Neoadjuvant chemotherapy 
Yes 5 (33.3)
No 10 (66.7)

Chemotherapy
Yes 13 (86.7)
No 2 (13.3)

HER2 targeted therapy 
Yes 4 (26.7)
No 11 (73.3)

Radiation therapy 
Yes 9 (60.0)
No 6 (40.0)

Antiestrogen therapy 
Yes 10 (66.7)
No 5 (33.3)

RFS, median (range), months 30 (12-62)
<36 months 10 (66.7)
36-60 months 4 (26.7)
>60 months 1 (6.7)

AJCC, American Joint Committee on Cancer; HER2, human epidermal growth factor 2; 
LBBC, luminal B-like breast cancer; RFS, recurrence-free survival.
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recurrent tumors from five patients (with two patients each 
contributing two recurrent lesions). Among these, three 
patients had both DNA and RNA sequencing data available, 
while the remaining two patients were included exclusively 
for transcriptomic analysis.

DNA extraction and targeted sequencing

DNA was extracted from FFPE tumor specimens using the 
MagPure DNA Micro Kit (Magen Biotech, Guangdong, 
China) and from peripheral blood using the TGuide S32 
magnetic blood genomic DNA kit (TIANGEN, Beijing, China). 
Fragmented DNA libraries were constructed with the KAPA 
HTP library preparation kit (KAPA Biosystems, Wilmington, 
MA) and quantified using the Equalbit 1 × dsDNA HS Assay 
Kit (Nuovezan, Nanjing, China). Library size was assessed on 
the Agilent Bioanalyzer 2100 (Agilent, Santa Clara, CA). DNA 
libraries were captured with a predesigned panel covering 
769 cancer-associated genes (Genecast, Wuxi City, China) 
and sequenced on the Illumina NovaSeq 6000 in paired-end 
150 bp mode.

Identification of somatic variants (SNVs)

After quality control, reads were aligned to the human 
reference genome (hg19, NCBI Build 37.5) using Burrows-
Wheeler Aligner (version 0.7.17; http://bio-bwa. 
sourceforge.io). 10 Duplicates were marked with Picard 
toolkit (version 2.1.0; https://broadinstitute.github.io/ 
picard), 11 and realignment was performed with the 
Genome Analysis ToolKit (version 3.7; https://gatk. 
broadinstitute.org). 12 SNV mutations were called with 
VarDict (version 1.5.1; https://github.com/AstraZeneca-
NGS/VarDict), 13 and compound heterozygous mutations 
were identified using FreeBayes (version 1.2.0; https:// 
github.com/ekg/freebayes). 14 Mutations were annotated 
with ANNOVAR (http://www.openbioinformatics.org/ 
annovar/). 15 Germline mutations were filtered out, and 
somatic mutations were identified based on the following 
criteria: (i) frequency ≥1%; (ii) not located in intergenic or 
intronic regions and nonsynonymous SNVs; (iii) support 
reads ≥2 and (iv) allele frequency ≤0.2% in the Exome 
Aggregation Consortium (ExAC) 16 and Genome Aggregation 
Database (gnomAD; https://gnomad.broadinstitute.org).

Copy number analysis

Copy number variation (CNV) mutations were pair-called 
using the ctCNV software (v1.0.7) 17 based on DNA from 
FFPE tumor tissue samples and genomic DNA from pe-
ripheral blood. Copy numbers greater than 4 were defined 
as CNV gains and less than 1 as CNV losses.

Tumor mutation burden and MATH analysis

Tumor mutation burden (TMB) was determined by quan-
tifying somatic nonsynonymous SNVs in the whole exome 
(depth >40×, allele frequency ≥0.05) detected by next-
generation sequencing, excluding known oncogenic driver 
alterations. TMB was measured in mutations per Mb. The

mutant-allele tumor heterogeneity (MATH) score was 
calculated using the formula 100 × median absolute de-
viation (MAD)/median of the variant allele frequency (VAF) 
for variants with a VAF between 0.05 and 1.

Copy number instability (CNI) score calculation

Read depth was transformed into log 2 ratios, corrected for 
GC content and target length, and converted into Z-scores 
based on Gaussian transformations versus a normal base-
line (n = 494). The CNI score was calculated by summing 
the Z-scores of target regions (Z-score >95th percentile) 
and twice the absolute standard deviation of the normal 
baseline.

RNA-seq and data quality control

For FFPE samples, 5-8 sections were used depending on 
tissue size and thickness, with RNA extracted using the 
RNeasy FFPE Kit (#73504; QIAGEN, Hilden, Germany). After 
rRNA removal, RNA concentration was measured using the 
Qubit® RNA HS Assay Kit (#Q32855; Thermo Fisher Scien-
tific, Waltham, MA) and Qubit 3.0 fluorometer, and RNA 
integrity was assessed with Agilent 2100 bioanalyzer (Agi-
lent). cDNA libraries were constructed from 50 ng of RNA 
using the SMARTer Stranded Total RNA-Seq Kit v2 
(#634412; Takara Bio, Shiga, Japan). Library quality was 
assessed using the 1× dsDNA HS Assay Kit and Qubit 3.0 
fluorometer, and size profiles were checked using the Agi-
lent 2100 bioanalyzer. After PCR enrichment and purifica-
tion of adapter-ligated fragments, the libraries were paired-
end sequenced on the Illumina NovaSeq 6000 Sequencing 
System using PE150 mode.

Gene expression analyses

Raw reads were preprocessed using fastp (version 0.23.1; 
https://github.com/OpenGene/fastp) to remove low-
quality sequences, 18 followed by rRNA removal using 
Bowtie2 (version 2.4.4; http://bowtie-bio.sourceforge.net/ 
bowtie2). 19 Cutadapt (version 4.4; https://cutadapt. 
readthedocs.io) 20 was used to trim the last three bases 
from each read, and Trimmomatic (version 0.36; http:// 
www.usadellab.org/cms/?page=trimmomatic) 21 removed 
adapter sequences, poly-N sequences, and low-quality 
reads. The trimmed reads were then aligned to the hu-
man hg19 reference transcriptome using STAR (version 
2.7.9a; https://github.com/alexdobin/STAR), 22 and BAM 
files were sorted and indexed with SAMtools (version 1.14; 
http://www.htslib.org). 23 Gene expression levels were 
estimated using FeatureCounts (version 2.0.3; https:// 
subread.sourceforge.net) 24 and quantified using the Frag-
ments Per Kilobase Million Mapped Reads and Transcripts 
Per Million (TPM) methods. Differentially expressed genes 
(DEGs) were identified using the DESeq2 package (version 
1.38.3; https://bioconductor.org/packages/DESeq2), 25 with 
thresholds set at |log 2 (fold change)| ≥1. Due to the limited 
sample size for RNA-seq, no genes reached statistical sig-
nificance after Benjamini—Hochberg false discovery rate 
(FDR) correction. Therefore, genes with a nominal P value
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< 0.05 were considered for DEG identification and down-
stream pathway analysis.

Pathway analysis. The Kyoto Encyclopedia of Genes and 
Genomes (KEGG) Pathway Database enrichment analysis of 
DEGs was performed using the ClusterProfiler package. 26 

KEGG pathways with nominal P value < 0.05 were 
considered for exploratory analysis, as no pathways 
reached statistical significance after FDR correction. Gene 
Set Enrichment Analysis (GSEA, version 4.3.3; https://www. 
gsea-msigdb.org/gsea) 27 was used for pathway enrichment 
analysis among different groups. Enriched pathways were 
considered statistically significant at FDR <0.05.

Immune subtype identification. STAR-counts data and 
clinical information for tumors were downloaded from the 
TCGA database (https://portal.gdc.cancer.gov). Data were 
normalized using log 2 (TPM+1) transformation, and sam-
ples with both RNA-seq data and clinical information were 
selected for analysis. Single-sample GSEA (ssGSEA) 28 with 
the GSVA function and CIBERSORT algorithm 29 were used 
to estimate the abundance of immune cell subsets in the 
tumor microenvironment. ssGSEA inferred the abundance 
of 28 immune cell subtypes based on expression data, 
while CIBERSORT characterized 22 immune cell fractions 
through linear support vector regression analysis.

Statistical analysis

Categorical variables were compared using chi-square or 
Fisher’s exact tests. RFS, defined as the time from initial diag-
nosis to recurrence, was analyzed as a secondary, exploratory 
endpoint using Kaplan—Meier methods and compared by log-
rank test. Patients were divided into high and low groups based 
on the mean values of TMB, CNI, and MATH of the primary 
tumor. Each biomarker was assessed via an independent two-
group comparison testing a distinct biological hypothesis. 
Given the exploratory nature of these analyses, no correction 
for multiple testing was applied, consistent with recommen-
dations for hypothesis-generating studies. 30 Statistical signifi-
cance was defined as P < 0.05 for each comparison. Analyses 
were performed using SPSS 23.0 (IBM Corporation, Armonk, 
NY) and GraphPad Prism 8.0 (GraphPad, San Diego, CA).

RESULTS

Clinical characteristics of LBBC patients

Fifteen LBBC patients with paired primary and recurrent or 
metastatic tumor tissues were enrolled to dissect clonal 
evolution and identify drivers of recurrence. Patient char-
acteristics, including histopathology, stage, recurrence 
pattern, systemic therapy and RFS, are summarized in 
Table 1. The median age at diagnosis was 43 years (range 
26-69). Five patients received neoadjuvant chemotherapy. 
The median RFS, measured from initial diagnosis to recur-
rence, was 30 months (range 12-62). After initial diagnosis, 
the majority of patients (13 of 15) received a combination of 
anthracycline- and/or taxane-based chemotherapy. Endo-
crine therapy, predominantly tamoxifen or an aromatase

inhibitor, was administered to patients with ER-positive 
disease (n = 10). A subset of nine patients received adju-
vant radiotherapy. HER2-targeted therapy including trastu-
zumab was performed on HER2-positive patients (n = 4).

Fifteen primary and 21 recurrent tumors were analyzed. 
Most recurrences were locoregional (lymph node, n = 5; 
chest wall, n = 8; sternum, n = 2; ipsilateral breast, n = 4); two 
were distant (liver, n = 1; bone, n = 1). All primary tumors 
were ER-positive, 86.7% were PR-positive, and 26.7% were 
HER2-positive. Among recurrent tumors, 65.0% retained ER/ 
PR positivity and 20.0% were HER2-positive. ER/PR status was 
discordant in 26.7% (4/15) of pairs (primary-positive, 
recurrent-negative; Supplementary Table S1, available at 
https://doi.org/10.1016/j.esmoop.2026.107736).

Genomic landscape of LBBC from primary to recurrent 
disease

Targeted sequencing of 769 cancer-related genes was per-
formed on 13 primary and 18 matched recurrent tumors. 
Mutational landscapes are compared in Supplementary 
Table S2, available at https://doi.org/10.1016/j.esmoop. 
2026.107736, and depicted in Figure 1A. Driver genes were 
largely shared between primary and recurrent lesions. TP53 
was mutated in 46.2% (6 of 13) of primary tumors and 44.4% 
(8 of 18) of recurrent tumors and PIK3CA in 38.5% (5 of 13) and 
38.9% (7 of 18), respectively (Figure 1B). SPEN mutations were 
enriched in primary tumors (23.1% versus 11.1%), whereas 
KMT2C, TSC1, and WHSC1L1 alterations were more frequent 
in recurrences (16.7% versus 7.7%). EGFR and GNAS muta-
tions were detected exclusively in recurrent tumors (3 of 18 
versus 0 of 13), although the difference did not reach statis-
tical significance. Hot-spot analysis revealed PIK3CA p.H1047R 
(3 of 13) and p.E545K (3 of 18) as the most common single-
nucleotide variants in Chinese LBBC (Supplementary 
Table S3, available at https://doi.org/10.1016/j.esmoop. 
2026.107736). The evolution of somatic mutations in 
matched primary and recurrent tumors was shown in 
Figure 1C. Comparing matched primary and recurrent pairs, 
an overall concordance rate of 83.3% was observed for 
PIK3CA mutation status and 100% for TP53 mutations. The 
concordance of SPEN, KMT2C, ARIDA1, MAP3KA, TSC1 and 
WHSC1L1 mutations was only identified in one case.

Copy number alterations were highly concordant 
between primary and recurrent tumors. MCL1 and MYC 
amplifications were the most prevalent events in both 
cohorts. ABCB1, IRF4 and NKX2-1 deletions (2 of 13) were 
restricted to primaries, whereas FGF3/FGF4 deletions and 
ICOSLG, U2AF1, ARID5B and PIK3R3 amplifications (2 of 18) 
emerged only in recurrences (Figure 2).

The association between tumor genetic heterogeneity and 
clinical outcome

Tumor genetic heterogeneity, including TMB, CNI and 
MATH, was further calculated according to DNA sequencing 
data in primary and recurrent tumors. The results showed 
that TMB, CNI and MATH values did not differ significantly 
between primary and recurrent tumors (Figure 3A).
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We further explored the effects of TMB, CNI and MATH 
in primary tumors on clinical outcomes. In exploratory 
unadjusted Kaplan—Meier analyses, a high MATH score in 
the primary tumor was associated with shorter RFS of LBBC 
patients (P = 0.032), whereas TMB and CNI showed no 
significant association with RFS (Figure 3B).

Transcriptomic and immune landscape of LBBC from 
primary to recurrent disease

RNA-seq was successfully performed on five primary and 
seven recurrent tumors of LBBC patients. A total of 781 
DEGs were identified between primary and recurrent tumor 
tissues, including 134 upregulated genes and 647 down-
regulated genes [|log 2 (fold change)| >2, P < 0.05; 
Figure 4A and Supplementary Table S4, available at https:// 
doi.org/10.1016/j.esmoop.2026.107736]. To characterize 
transcriptional alterations associated with recurrence, we

performed both KEGG pathway enrichment analysis and 
GSEA. KEGG enrichment highlighted oxidative phosphoryla-
tion as the most significantly altered pathway (P < 0.05; 
Figure 4B and C and Supplementary Table S5, available at 
https://doi.org/10.1016/j.esmoop.2026.107736). However, 
because KEGG enrichment does not capture coordinated 
pathway-level directionality, we performed GSEA to assess 
whether pathways exhibit coherent upregulation or down-
regulation. GSEA revealed significant upregulation of cell 
cycle checkpoints, DNA replication, and antigen processing— 
cross-presentation pathways in recurrent tumors (normal-
ized enrichment score >1, FDR <0.01; Figure 4D and 
Supplementary Table S6, available at https://doi.org/10. 
1016/j.esmoop.2026.107736). Of note, oxidative phosphor-
ylation did not reach significance in GSEA, suggesting that 
although individual genes within this pathway are differen-
tially expressed, they do not exhibit a coordinated direc-
tional shift at the pathway level.

Unique Mutations in 
recurrent tumors

Unique Mutations in 
primary tumors

None mutations

PIK3CA

TP53

SPEN

KMT2C

AR

ARID1A

EPHB1

GNAS

HMCN1

IGF1R

MAP3K1

NF1

SLX4

TSC1

WHSC1L1

Patients

LB
C

C
-0

1

LB
C

C
-0

2

LB
C

C
-0

3

LB
C

C
-0

4

LB
C

C
-0

5

LB
C

C
-0

6

LB
C

C
-0

7

LB
C

C
-0

8

LB
C

C
-0

9

LB
C

C
-1

0

LB
C

C
-1

1

LB
C

C
-1

2

LB
C

C
-1

3

Mutations shared in 
primary and recurrent 
tumors

C

Nonsynonymous

Frameshift_deletion

Nonframeshift_deletion
Stopgain
Splicing
Nonframeshift_substitution
Frameshift_insertion

5 100 Mutated samples

Sample
ER status
PR status

HER2 status
Ki67(%)

BA

0

10

20

Positive
Positive

Positive Negative Unknown
Unknown
Unknown
Unknown

Negative

TP53
PIK3CA
KMT2C

SPEN
TSC1

WHSC1L1
RBM10

ARID1A
BAP1

BRCA2
BTK

CBFB
CDKN2A

EGFR
EPHA5
ERBB4
GATA3
GNAS

MAP3K1
NOTCH3
PDGFRB

PREX2
PTEN

RB1
TNFAIP3

APC
AR

AXIN2
CASP8

CDH1
CDK12
EPHB1
HMCN1

IGF1R
INPP4A

MDM4
MEN1

NF1
PIK3R2

SLX4
SOX17

TNFRSF14
CDKN1B

MSH6
ABL1
AKT3

ALK
ALOX12B

ARID2
ATR

BCOR
BRAF

BRCA1
CCNE1
EPHA3
EPHA7
ERBB2

ESR1
EZH2

FANCG
FGFR2

FLT4
FOXP1

HIST1H3B
IKBKE

IRF4
KMT2A
KMT2D

MSH2
MTOR

MUTYH
NOTCH2

NUP93
PBRM1

PGR
PIK3CD
PIK3R1

PPP2R2A
PRKCI
PTPRS
PTPRT
RARA

RET
SDHB
TBX3
TET1
TSC2
TSHR

45%
39%
13%
13%
13%
13%
10%
10%
10%
10%
10%
10%
10%
10%
10%
10%
10%
10%
10%
10%
10%
10%
10%
10%
10%
6%
6%
6%
6%
6%
6%
6%
6%
6%
6%
6%
6%
6%
6%
6%
6%
6%
3%
3%
3%
3%
3%
3%
3%
3%
3%
3%
3%
3%
3%
3%
3%
3%
3%
3%
3%
3%
3%
3%
3%
3%
3%
3%
3%
3%
3%
3%
3%
3%
3%
3%
3%
3%
3%
3%
3%
3%
3%
3%
3%
3%
3%
3%

Negative

≤20%>20%

Fr
eq

ue
nc

y 
(%

)

0

20

40

60

80

100
PI3KCA

Primary
Recurrence

Primary
Recurrence

Primary

Recurrence

Mut

WT

EGFRTP53

46.2 44.438.5 38.9

16.7

100

61.5 61.1 53.8 55.6

83.3

RecurrencePrimary

Figure 1. Genomic landscapes of paired primary and recurrent tumors in LBBC. (A) Oncoprint summarizing somatic mutations detected by targeted sequencing of 
769 cancer-related genes in 13 treatment-naïve primary tumors and 18 matched recurrent lesions. Samples are annotated (top bars) for clinicopathological variables 
and receptor status. Mutation types are color-coded; right-side histograms indicate the total number of alterations per gene and top histograms show the mutational 
load per sample. (B) Bar charts comparing the mutation frequencies of TP53, PIK3CA, and EGFR between primary (n = 13) and recurrent (n = 18) tumors. (C) The 
somatic mutation profiles of matched primary and recurrent tumors from each patient were analyzed to identify mutations shared between the two timepoints, as 
well as mutations unique to either the primary or the recurrent tumor.
LBBC, luminal B-like breast cancer.

L. Li et al. ESMO Open

Volume 11 ■ Issue 6 ■ 2026 https://doi.org/10.1016/j.esmoop.2026.107736 5

https://doi.org/10.1016/j.esmoop.2026.107736
https://doi.org/10.1016/j.esmoop.2026.107736
https://doi.org/10.1016/j.esmoop.2026.107736
https://doi.org/10.1016/j.esmoop.2026.107736
https://doi.org/10.1016/j.esmoop.2026.107736
https://doi.org/10.1016/j.esmoop.2026.107736


To further study the relationship between the immune 
microenvironment and the progression of LBBC, we 
compared the immune cell composition among normal tis-
sues, primary tumors and recurrent tumors. CIBERSORT and

ssGSEA were used to profile the immune microenvironment. 
Compared with normal tissue, LBBC tumors exhibited 
marked immune remodeling, including reduced CD8 + and 
CD4 + T-cell infiltrates (Supplementary Figure S1A, available
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at https://doi.org/10.1016/j.esmoop.2026.107736). Howev-
er, transition from primary to recurrent disease was 
accompanied by only an increase in total T-cell abundance 
(P < 0.05; Figure 4E and Supplementary Figure S1B, avail-
able at https://doi.org/10.1016/j.esmoop.2026.107736).

DISCUSSION

Previous studies identified the genomic and gene expres-
sion profiles in luminal breast cancer and the changes in 
ER-positive tumors were also detected before and after 
endocrine therapy. However, combined genomic and 
transcriptomic studies in paired primary and recurrent 
tumors of LBBC patients remain limited. In this study, we 
provide several key advancements to the genomic and 
transcriptomic understanding of LBBC recurrence. First, we 
present a paired multiomics analysis that delineates the 
parallel analysis of the genome and transcriptome in 
matched primary and recurrent tumor samples―an 
approach that differs from that of prior studies, which 
largely focused on single-omic or unpaired designs. Second, 
we identified that recurrent tumors displayed markedly 
divergent mutational landscapes, acquired additional 
oncogenic alterations, and frequently exhibited discordant 
ER/PR/HER2 status. Furthermore, our data suggest that 
intratumoral genetic heterogeneity may serve as an early 
predictor of recurrence risk in LBBC.

The prevalence of alterations in the three most mutated 
genes in breast cancer is TP53 (30%), PIK3CA (20%-40%), and 
KMT2C (6%-9%). Mutations in PIK3CA are frequent in ER-

positive tumors, close to a frequency of 40%, and LBBC has 
a lower frequency of PIK3CA mutations compared with 
luminal A. 31 We identified that TP53 and PIK3CA variants 
dominated the mutational spectrum of both primary and 
recurrent LBBC tumors, which aligns with prior large-scale 
analyses. In TCGA, these two genes each accounted for 29% 
of LBBC cases, 32 while a Taiwanese cohort of 305 HER2-
negative LBBC patients reported PIK3CA (42%), FGFR1 
(25%), and BRCA1/2 (10.5%) mutations as the most common 
alterations. 33 The third most frequently mutated gene in our 
primary tumors was SPEN (SMRT/HDAC1-associated 
repressor protein, SHARP), with a mutation frequency of 
23.3%. SPEN encodes a 402-kDa nuclear scaffold containing 
four N-terminal RNA-recognition motifs and a conserved C-
terminal SPOC domain. In previous studies, 13% of mutations 
in SPEN were identified in ER-positive/PR-negative breast 
cancer. 34 Somatic SPEN inactivation―via 23% loss of het-
erozygosity and 3%-4% point mutations―has been docu-
mented in diffuse large B-cell lymphoma, splenic marginal-
zone lymphoma and pancreatic adenocarcinoma. 35-37 

Mechanistically, SPEN orchestrates transcriptional repression 
within Notch, TCF/LEF, and EGFR signaling cascades during 
embryogenesis and adult tissue homeostasis. 38,39 As an 
estrogen-inducible corepressor, SPEN attenuates ERα- 
dependent transcription; consequently, its loss promotes 
endocrine resistance. 40 Given its role as a transcriptional 
corepressor and its relatively high mutation frequency in our 
cohort, SPEN may represent a candidate driver warranting 
further investigation in LBBC recurrence.
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The exclusive identification of EGFR and GNAS mutations 
in recurrent tumors in our cohort, albeit at low frequency, 
points to a potential mechanism of acquired resistance and 
a therapeutic vulnerability. EGFR, a member of the ErbB 
family, contains an extracellular ligand-binding domain, a 
transmembrane segment, and an intracellular tyrosine ki-
nase region that activates the Ras/Raf/MEK/ERK, PI3K/AKT, 
STAT, and PKC pathways to drive breast cancer progression. 
Previous studies showed that EGFR mutations are largely 
confined to TNBC, with reported frequencies of 2.6%-

11.4%. 41,42 Tyrosine-kinase inhibitors (TKIs), which target 
activating EGFR mutations, have transformed the manage-
ment of non-small cell lung cancer, yet have shown limited 
efficacy in unselected breast cancers. Our observation of 
recurrent-restricted EGFR mutations generates a hypothesis 
that these patients could be considered for eligibility trials 
with EGFR TKIs or antibody—drug conjugates, although this 
strategy requires further investigation in LBBC.

GNAS encodes the stimulatory G-protein α-subunit (Gαs) 
that couples seven-transmembrane receptors to adenylyl
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cyclase, driving cAMP production. Activating mutations lock 
Gαs in a GTP-bound state, resulting in ligand-independent 
cAMP elevation and chronic activation of downstream 
PKA and MAPK/ERK cascades. In breast cancer, GNAS 
overexpression accelerates proliferation and metastasis 
through the PI3K/AKT/Snail1/E-cadherin axis. 43 Pan-cancer 
analyses reveal that oncogenic GNAS variants are 
enriched in mucinous histotypes and occur in >1% of 
gastrointestinal and gynecological malignancies, yet are 
present in only 0.2% of breast tumors. 44 Importantly, 
GNAS-mutated lesions display heightened peritoneal 
dissemination, diminished responsiveness to first-line sys-
temic therapy, and inferior survival 44 ; moreover, they are 
markedly enriched in patients with detectable minimal re-
sidual disease, a key determinant of early recurrence and 
poor prognosis. 45 We observed GNAS mutations exclusively 
in recurrent LBBC tumors, suggesting that selective GNAS 
inhibitors or combination regimens targeting cAMP/PKA 
and PI3K/AKT signaling may represent promising thera-
peutic strategies warranting further exploration in preclin-
ical models and clinical trials. Future studies validating 
these alterations in independent cohorts and in vitro 
models are warranted to test their functional role and 
therapeutic relevance.

MATH quantifies intratumoral genomic heterogeneity as 
the percentage ratio of the scaled MAD to the median VAF. 
Previous studies showed that elevated MATH scores corre-
late with adverse outcomes in multiple cancer types, 
including bladder, head and neck and endometrial carci-
nomas. 46 In breast cancer, high MATH is associated with 
shorter overall survival following adjuvant chemotherapy 
and reduced infiltration of 24 immune cell subsets, sug-
gesting that MATH may serve as both a prognostic 
biomarker and a predictor of immunotherapy response. 47 

Gastric cancer data further link low MATH and low immune 
checkpoint inhibitor (ICI) scores to superior outcomes. 48 In 
our exploratory analysis, we observed an association be-
tween high MATH in primary LBBC and shorter RFS (log-rank 
P = 0.032). Given the exploratory nature of this finding and 
the fact that no correction for multiple testing was applied, 
this result should be interpreted as hypothesis-generating. 
Together with the biological rationale linking MATH to im-
mune evasion, MATH-high tumors may represent a sub-
group of interest for prospective evaluation of 
immunotherapy in larger, confirmatory cohorts.

Our RNA-seq profiling revealed prominent upregulation 
of cell cycle checkpoint and DNA replication pathways in 
recurrent versus primary tumors. Dysregulated CDK4/6 
activity at the G 1 /S transition unleashes unchecked prolif-
eration and amplifies oncogenic signaling. Over the past 
three decades, selective CDK4/6 inhibitors have demon-
strated robust antitumor activity in preclinical models and 
randomized trials, leading to their approval in combination 
with endocrine therapy for HR-positive/HER2-negative 
breast cancer. 49 Recurrent LBBC tumors displaying tran-
scriptional activation of cell cycle pathways may therefore 
represent a subgroup that could benefit from the addition 
of CDK4/6 inhibitors, a hypothesis that warrants further

clinical investigation. Additionally, the upregulation of the 
antigen processing—cross-presentation pathway in recur-
rent tumors suggests an enhanced capacity for antigen 
presentation. This finding, together with our observation of 
increased T-cell infiltration in recurrent tumors (Figure 4E), 
points to a potentially more immunologically active tumor 
microenvironment at recurrence. Whether this immune-
active phenotype could render recurrent LBBC more sus-
ceptible to ICIs remains an open question that warrants 
further investigation.

Notably, although KEGG analysis identified oxidative phos-
phorylation as the most significantly enriched pathway among 
DEGs, GSEA did not show coordinated directional changes.This 
pattern may reflect heterogeneous metabolic adaptation 
rather than a uniform shift in mitochondrial metabolism, 
potentially representing context-dependent metabolic flexi-
bility that supports tumor survival under therapeutic pressure.

Limitations

Our study had several limitations. First, the modest sample 
size, particularly for the paired RNA-seq analysis (n = 5), 
restricts the statistical power for subgroup analyses and 
limits the generalizability of our findings. Although our study 
provides valuable hypothesis-generating insights into the 
evolutionary trajectories of LBBC, the results, especially from 
the exploratory genomic and transcriptomic analyses, will 
require validation in larger, prospective cohorts. Second, 
patient selection was driven by tissue availability, potentially 
introducing selection bias. For primary tumors, analyses 
were performed on both biopsies and surgical specimens; 
thus, the allelic frequency of mutations or the presence of 
rare subclonal events might be underestimated in biopsy 
samples due to tumor heterogeneity. However, for patients 
considered inoperable at diagnosis, a biopsy is the only 
available tissue source. Combining biopsy and surgical 
specimens allowed us to maximize the sample size and 
reflect a real-world clinical scenario. Moreover, bulk-tumor 
analyses―rather than laser-capture microdissection―may 
have diluted tumor-specific signals with stromal and im-
mune content, despite stringent quality control measures.

Conclusions

In summary, our study delineates the divergent genomic 
and transcriptomic trajectories that accompany LBBC 
recurrence, identifies candidate alterations in SPEN, EGFR, 
GNAS and cell cycle regulators that warrant further inves-
tigation as potential therapeutic targets, and generates 
hypotheses for integrating immunotherapy, CDK4/6 in-
hibitors, and EGFR-directed agents into precision strategies 
aimed at preventing recurrence and improving outcomes in 
LBBC patients. The association between MATH score and 
RFS is an exploratory finding that requires validation in 
independent cohorts.
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