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Background: Luminal breast cancer (BC) is generally associated with a lower risk of recurrence compared with other
subtypes. However, patients with luminal BC can still experience recurrence, which remains a significant concern
and contributes to BC-related mortality. Current clinical practice for recurrence risk prognosis relies on prognostic
tests based on tumor gene expression profiles.

Materials and methods: In this study, we aimed to investigate the association between different genetic alterations
with the likelihood of recurrence and gene expression prognostic prediction (Oncotype DX®, MammaPrint®, and
PAMS50-ROR) in luminal BC patients. We constructed three transcriptome-based predictive models, based on these
widely used clinical tests, to evaluate the recurrence risk of patients with luminal BC, using RNA-seq data from 1527
samples across 11 datasets. We further classified 1780 patients from the TCGA and METABRIC datasets into risk
groups and detected distinct recurrence risk patterns.

Results: Our analysis revealed that low-risk groups had higher frequencies of mutations in PIK3CA, MAP3K1, CDH1, KMT2C,
and CBFB, as well as co-mutations in PIK3CA-MAP3K1, PIK3CA-CBFB, and KMT2C-MAP3K1. In contrast, high-risk groups
showed enrichment of TP53, RB1, and PTPN22 mutations compared with the whole cohort, with notable co-mutations
in TP53-PIK3CA and TP53-KMT2C. Furthermore, mutations in TP53 and BRCA2, and deletions in the 7p22.3 region were
at least threefold more frequent in high-risk patients compared with low-risk patients. Using an independent dataset,
we validated our finding of higher frequency of BRCA2 mutations in Oncotype DX® high-risk patients. Notably, PIK3CA
mutations had an unexpected negative impact on recurrence and survival among high-risk patients.

Conclusion: Our study reveals key genetic factors associated with recurrence risk in luminal BC. Identifying these
mutations and copy number alterations provides a basis for refined prognostic models and suggests avenues for

further research, potentially improving treatment strategies and follow-up care for patients with luminal BC.
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INTRODUCTION

Breast cancer (BC) is the most frequently diagnosed cancer
among females worldwide, with 2.2 million new cases re-
ported in 2020.12 In the United States, the incidence of BC
demonstrates a gradual annual increase of ~0.5%. This
upward trend primarily stems from the diagnosis of local-
ized and hormone receptor-positive cases.” Globally, BC
exhibits a significant recurrence rate, ranging from 20% to
30%. Notably, disease recurrence constitutes the primary
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cause of BC-related mortality. None the less, over the past
three decades, advancements in diagnostic and treatment
options have led to an increasing survival rate.>”

BC tumors can be classified using several methods
including transcriptomic signature, tumor histology, and the
TNM (tumor—node—metastasis) staging system.>® One
approach to classifying BC is based on the gene expression
patterns of the cells, which classify BC into five distinct
subgroups: (i) luminal A, (ii) luminal B, (iii) the human
epidermal growth factor receptor 2 (HER2) subgroup char-
acterized by HER2 overexpression or amplification, (iv)
basal-like tumors typically lacking hormone receptor or
HER2 expression, and (v) normal-like tumors.”™*?

Luminal BC constitutes ~60%-70% of BC diagnoses and is
associated with increased patient survival rates and reduced
relapse compared with other BC subtypes. Gene expression
signatures allow for distinguishing between luminal A and B
tumors. Luminal A tumors exhibit high expression of
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progesterone receptors (PR) and estrogen-related genes, and
low expression of proliferation genes like Ki67. Conversely,
luminal B tumors are characterized by low expression of es-
trogen receptor (ER) and PR and high expression of genes
related to cell cycle, proliferation, and growth factor re-
ceptors. Luminal B tumors are more aggressive, with a higher
5-year recurrence rate compared with luminal A tumors.*****
Overall, luminal tumors have a slower growth rate than ER-
negative tumors, resulting in a better patient prognosis. In
recent years various genomic prognostic tests have emerged to
predict prognosis and treatment options for patients with BC.
These include Oncotype DX®, MammaPrint®, PAM50, Endo-
predict, Breast Cancer Index, and others, all based solely on the
gene expression profiles of tumors.*****® The development of
BC involves the accumulation of various genetic changes,
encompassing germline mutations,”” ™ driver mutations,°
and copy number alterations (CNAs).?**? Advancements in
next-generation sequencing technologies, which provide in-
sights into gene sequences and CNAs, have enabled the inte-
gration of such data into routine clinical practices for
individuals with cancer.”***

In this article, we aim to investigate whether genomic
alterations are associated with recurrence risk in patients
with luminal BC. By correlating the presence of genetic al-
terations with genomic prognostic prediction, there is po-
tential for a more comprehensive assessment of a patient’s
risk of recurrence. This, in turn, could enhance the precision
of treatment strategies and follow-up protocols.?*%>:*

MATERIALS AND METHODS

Data collection

We obtained gene expression data of 3083 luminal samples
from 11 BC datasets (CAL?’ DFHCC,*® GSE58644,%
MAINZ,*® METABRIC,*" NKI,>* TCGA,”* TRANSBIG,** UNT,**
UPP?** and VDX?*®) using the MetaGxBreast R package
(version 1.18.0),” together with their clinical information
(Supplementary Tables S1 and S2, respectively, available at
https://doi.org/10.1016/j.esmoop.2025.105080). The
microarray gene expression data from each study were
downloaded and integrated into a unified database. Batch
effect correction according to the study was done using the
removeBatchEffect function in the limma R package
(version 3.54.1).%® This database was used to construct the
recurrence risk models as described in the Supplementary
Material, available at https://doi.org/10.1016/j.esmoop.
2025.105080. PAMS50 classification, mutation, and CNA
data were available for 1780 patients with luminal BC
sourced from the TCGA and METABRIC datasets and were
downloaded via the cBioPortal.>**° PAMS50 classification for
the remaining samples in the MetaGxBreast studies was
carried out using the genefu R package (version 2.30.0).*

Copy number alteration (CNA)

Affymetrix 6.0 SNP array segment data file (seg) for luminal
patients in the TCGA PanCanAtlas study was obtained from
the cBioPortal.***° The GISTIC 2.0 software (Broad Institute,
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Cambridge, MA)**™** accessed through the GenePattern
portal,”> was employed to analyze the segment data sepa-
rately for each risk group against the reference genome
GRCh37 (hg19), with a confidence level of 0.75 as suggested
in the software documentation. To identify reported CNAs,
we compared the resulting peak locations with focal am-
plifications or deletions found in the TCGA?! and BIG-1-98"°
studies (38 amplification peaks and 71 deletion peaks,
Supplementary Table S3, available at https://doi.org/10.
1016/j.esmoop.2025.105080). To determine the frequency
of TCGA and BIG reported structural variations in different
risk groups, we used BEDTools*’ to find the intersection
between GISTIC result frequency and the examined peaks.
Fisher’s exact test was applied to assess the statistical sig-
nificance of the differences in the number of samples with
specific CNA between the high- and low-risk groups. CNA
frequencies were converted into categorical sample counts
before carrying out the test.

Identification of differentially expressed genes (DEGs)

The limma®® (version 3.54.1) and edgeR"® (version 3.40.2) R
packages were used for detection of differentially expressed
genes (DEGs). Unless specified otherwise, a false discovery
rate (FDR) of <0.05 and log fold change (logFC) >1.5 were
used as the statistical cut-off for differential expression.

Pathways enrichment analysis

Pathways enrichment analysis was carried out against the
Kyoto Encyclopedia of Genes and Genomes (KEGG) path-
ways database through the WebGestalt 2019*° tool. DEGs
found in the comparison of patients classified as high-risk
across all models versus patients classified as low-risk
across all models were used as input for over-
representation analysis. Ranked gene lists with their corre-
sponding logFC from the above comparison were used as
input for gene set enrichment analysis (GSEA). Only ontol-
ogies and pathways with FDR <0.05 are shown.

BRCA2 validation cohort

For the independent validation, we accessed the Sourasky
institutional Oncotype DX registry. Clinical and pathological
data were extracted from the electronic medical records of
patients diagnosed with luminal BC between 2004 and
2020. Our inclusion criteria focused on luminal patients who
underwent mutation panels, and we collected relevant data
on primary tumor characteristics, including Oncotype DX
results and the presence of BRCA2 mutation. The study
design adhered to the tenets of the Declaration of Helsinki
and was approved by the local institutional review board
(TLV 19-449 and TLV 18-426).

Statistical analysis and plotting

All statistical analyses were carried out using the R statis-
tical framework (version 4.2.2).°° The ggplot2>* (version
3.4.1) R package was used for generating plots, and the
plotly>? (version 4.10.1) R package was used for generating
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interactive plots. Venn diagrams were build using the Ven-
nDiagram”> R package (version 1.7.3). Upset diagrams were
prepared using the ComplexHeatmap®* (version 2.14.0) R
package. Survival curves were estimated using the Kaplan—
Meier method and visualized by the Survival®® (version
3.5.3) and Survminer®® (version 0.4.9) R packages and P
values were calculated using the log-rank test. Forest plots
were visualized using the forestploter®’ (version 1.1.0) R
package. Mutation enrichment was calculated by dividing
the observed mutation frequency to the expected fre-
quency. Enrichment significance was tested using Fisher’s
exact test, followed by multiple testing correction using the
FDR method to control for multiple comparisons. FDR <
0.05 was used to determine statistical significance.

RESULTS

Development of models to predict the recurrence risk of
patients with luminal BC

In this work, we sought to find genomic alterations associated
with recurrence risk in luminal BC.To overcome limited access
to commercial prognostic test information, we created three
transcriptome-based predictive models, to evaluate the
recurrence risk of patients with luminal BC based on the
commercial tests Oncotype DX®, MammaPrint®, and PAMS50-
ROR, which are commonly used in clinical practice for pa-
tients with luminal BC. We utilized these models on 1527
samples using RNA-seq data of patients from 11 datasets
(Supplementary Table S1, available at https://doi.org/10.
1016/j.esmoop.2025.105080) and for each patient, we
calculated three different scores based on the genes that are
used in the original commercial tests. The clinicopathological
characteristics of the patients included in the model building
are summarized in Supplementary Table S2, available at
https://doi.org/10.1016/j.esmoop.2025.105080. The median
age of the patients was 58.4 years, with 69.6% of patients
being >50 years old. Tumors of grade 2 comprised 50.1% of
cases, while 19.8% were grade 1. Additionally, 99% of the
tumors measured <5 cm. The median follow-up duration was
8.2 years. Cut-off values for defining low-risk and high-risk
groups were established for each model as outlined in the
‘Materials and Methods’ section (Supplementary Figure S1A-
C, available at https://doi.org/10.1016/j.esmoop.2025.
105080). To get more confidence in the classification of pa-
tients into low- and high-risk groups, we assessed the
recurrence rates based on the known clinical information
regarding disease recurrence within each group. Our results
demonstrate that, on average, 28% of patients classified as
high-risk experienced disease recurrence, while only 8% in
the low-risk group did so. (Supplementary Figure S1D-F,
available at https://doi.org/10.1016/j.esmoop.2025.
105080). Cox regression analysis for recurrence risk showed
hazard ratio (HR) between 2.9 and 4.9 (P value <0.01) for
high-risk groups across all models (Supplementary
Figure S1G, available at https://doi.org/10.1016/j.esmoop.
2025.105080). In addition, we examined the odds ratio for
disease recurrence as performed in van’t Veer et al., 2002°%
in all models the high-risk group had odds ratio (OR) between
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3.07 and 5.54 to experience disease recurrence [Fisher’s
exact test, OR 5.54, 95% confidence interval (Cl) 2.14-17.04,
P = 7.36E-05 for the Oncotype-like model, OR 3.99, 95% ClI
2.84-5.66, P < 2.2E-16 and OR 3.07, 95% Cl 1.76-5.4, P =
3.67E-05 for the MammaPrint-like train and test sets,
respectively, and OR 5.17, 95% Cl 3.43-7.99, P < 2.2E-16 for
the PAMS50-ROR model] (detailed statistical values in
Supplementary Table S4, available at https://doi.org/10.
1016/j.esmoop.2025.105080). These results highlight the
predictive efficacy of the developed models and confirms
their use in this study.

Next, we used our models to classify 1780 patients with
luminal A and luminal B BC subtypes, with accessible in-
formation regarding mutations and CNA from the TCGA
and METABRIC datasets. Patients were classified into risk
groups for each model (Figure 1A-C). Figures 1D and E
show the overlap in patient classification among different
models. In total, 206 patients were consistently classified
as low-risk, and 336 patients were consistently classified as
high-risk across all three models. Notably, we observed 296
samples exclusively belonging to the MammaPrint-like low-
risk group and 90 samples exclusively in the MammaPrint-
like high-risk group. The observed differences in patient
classification across models occur because each model is
based on a unique set of genes (Supplementary Figure S2A
and B, available at https://doi.org/10.1016/j.esmoop.2025.
105080).

While differences exist in the proportion of luminal A,
and luminal B patients across risk groups, we observed a
substantial subset (20%-30%) of luminal A patients classi-
fied as high-risk in the different models (Supplementary
Figure S3, available at https://doi.org/10.1016/j.esmoop.
2025.105080).

To further investigate whether the identified risk groups
accurately reflect the corresponding risk for recurrence, we
employed Cox regression analysis on the TCGA and META-
BRIC dataset samples, to assess the HR of survival and
recurrence between the high- and low-risk groups in each
model. As expected, the results demonstrate that the high-
risk groups exhibit higher HR than the low-risk groups
indicating shortened disease-free survival and overall sur-
vival (Figure 1F). To account for potential confounders, we
also conducted multivariable Cox regression analyses,
incorporating TNM stage, age, and grade as covariates
(Supplementary Figure S4, available at https://doi.org/10.
1016/j.esmoop.2025.105080). In this analysis the strong
associations between the high-risk group and recurrence
remained significant after adjusting for confounders (P
value <0.01), confirming their independent prognostic
value. Among the covariates, the TNM stage was a signifi-
cant predictor of recurrence, whereas age and grade were
not significant.

Association between recurrence risk and mutations in
luminal BC

We conducted an enrichment analysis to investigate the
association between different mutations and recurrence
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Figure 1. Classification of patients with luminal BC from TCGA and METABRIC databases into risk groups according to the various models. (A-C) Distribution of
patients’ risk scores in the different models. (A) Oncotype-like score model, (B) MammaPrint-like score model, and (C) PAM50-ROR model. Red indicates patients
classified as high-risk, gray indicates moderate risk, and blue indicates low-risk patients. (D, E) Venn diagrams representing the intersection of samples included in the
(D) low-risk groups and (E) high-risk groups in each model. (F) Hazard ratio (HR) for patients with luminal BC survival and recurrence based on the risk groups in the

different models. The data were analyzed using the univariate Cox proportional hazards regression model. (***P < 0.001, ****p < 0.0001).

Cl, confidence interval.

risk groups. We used four published curated lists of cancer
driver genes including one pan-cancer list>® and three BC
lists.?>*>9 (Supplementary Table S5, available at https://
doi.org/10.1016/j.esmoop.2025.105080).  Our  findings
revealed that mutations in PIK3CA, MAP3K1, CDH1, KMT2C,
CBFB, and AKT1 were enriched in the low-risk groups, while
mutations in TP53, RB1, and PTPN22 were enriched in the
high-risk groups (FDR < 0.05, detailed statistical values in
Supplementary Table S5, available at https://doi.org/10.
1016/j.esmoop.2025.105080, Figure 2A).

We next examined the enrichment of co-occurring mu-
tations and their association with distinct risk groups. In line
with the enrichment pattern of individual mutations, we
observed co-occurrence of mutations in PIK3CA and
MAP3K1, KMT2C and MAP3K1, and CBFB and PIK3CA within
the low-risk groups (FDR < 0.05, detailed statistical values
in Supplementary Table S6, available at https://doi.org/10.
1016/j.esmoop.2025.105080, Figure 2B). Conversely, co-
mutations involving PIK3CA and TP53 as well as KMT2C
and TP53 were enriched in high-risk patients, despite the
individual mutations of PIK3CA and KMT2C being more
prevalent in low-risk patients (FDR < 0.05, detailed statis-
tical values in Supplementary Table S6, available at https://
doi.org/10.1016/j.esmoop.2025.105080, Figure 2B).

4 https://doi.org/10.1016/j.esmoop.2025.105080

As different mutation frequencies were observed be-
tween the high-risk and low-risk groups using various
models, this prompted us to identify genes that exhibited at
least a threefold difference in mutation frequencies be-
tween the risk groups across the different models. For each
mutation, we calculated the mutation frequency rate as the
ratio between the mutation frequency in the high- and low-
risk groups. Our results consistently demonstrated that
TP53 and RBI had at least three times higher mutation
rates in the high-risk group compared with the low-risk
group (Fisher’s exact test, P value <0.05 across all
models). In contrast, BRCA2 and MENI1 exhibited higher
mutation rates in the high-risk group only within the
Oncotype-like score model (Fisher’s exact test, P value
<0.05, detailed statistical values in Supplementary Table S7,
available at https://doi.org/10.1016/j.esmoop.2025.105080,
Figure 2C).

We used an independent cohort to validate the finding of
differences in BRCA2 mutation frequency between high-
and low-risk according to the Oncotype-like score model
(Sourasky). We collected information on primary luminal
tumors, including Oncotype DX score, Oncotype DX risk
group, and the presence of BRCA2 mutations. Our dataset is
composed of 55 patients, with 29 classified as low-risk and
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Figure 2. Mutations enrichment according to risk groups. (A) Enrichment and frequency of individual mutations within each risk group. The color range indicates
whether the mutation is underrepresented (blue) or enriched (red). For each gene in every model, in every risk group, we counted the number of times it was
significantly (FDR < 0.05) enriched or underrepresented across the lists that gene was included in (repetitiveness column). (B) Enrichment of co-occurring mutations in
each risk group was determined by Fisher’s exact test with FDR < 0.05. The red and green colors indicate significant enrichment in the high-risk group and in the low-
risk group, respectively (in at least one out of the three modules. As the color intensity deepens, the enrichment becomes significant in more models). The number
displayed in the gray tiles represents the total mutation count in a single gene across all patients. (C) Bar graph representing frequency ratio between high- and low-
risk groups across different models of the selected 12 known cancer driver mutations with at least threefold frequency ratio between risk groups in one or more of the
models. The color indicates the significance obtained from Fisher’s exact test between the risk groups, with FDR < 0.05 (dark pink), P values <0.05 (blue), and not-
significant (green). (D) The frequency of BRCA2 mutations in low- and high-risk groups as classified by the patients’ Oncotype DX score (Oncotype DX score <11 is
defined as low-risk and >26 is considered high-risk).

FDR, false discovery rate.

26 as high-risk. Our results demonstrate that BRCA2 mu-
tations are more frequent in Oncotype DX high-risk patients
(Fisher’s exact test, P = 0.003) (Figure 2D). This result

published CNAs associated with patients with luminal BC by
the TCGA network®" and the BIG-1-98 clinical trial.*®
We found varying degrees of overlap between the pre-

supports our findings regarding BRCA2 mutation frequency
in the Oncotype-like score model.

Collectively, these results provide strong evidence of a
distinguishable mutation pattern associated with the
examined risk groups.

Accumulation of copy number alterations across low- and
high-risk groups

To identify CNAs associated with the different risk groups,
we reanalyzed the segment data file of TCGA patients using
GISTIC 2.0.*” Specificall, we focused on previously

Volume 10 m Issue 5 m 2025

viously described CNAs and the alterations we identified for
the different risk groups. Specifically, we identified ampli-
fication peaks in a specific region of 14q21.1, which includes
the genes FOXA1, NKX2-1, and NFKBIA, previously associ-
ated with patients with luminal B BC.”* These alterations
were consistently identified in the high-risk groups across all
three models (chr14:37968637-38182419), while no ampli-
fication peaks were detected in the low-risk groups for
these genomic locations (FDR < 0.0001 across all models,
detailed statistical values in Supplementary Table S8,
available at https://doi.org/10.1016/j.esmoop.2025.105
080, Figure 3A). Conversely, across all the models, the
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Figure 3. Copy number alterations associated with the different risk groups. (A, B) Overlapping of amplification peaks identified in the different risk groups with
previously published CNAs associated with luminal BC across all models. (A) Cytoband 14921.1 peak associated with high-risk groups. (B) Cytoband 19g13.43 is
associated with the low-risk group. (C) Cytoband 11q13 contains different amplification regions, one is amplified exclusively in high-risk groups (highlighted in red
square), and the other is amplified exclusively in low-risk groups (highlighted in green square). (D-E) Bar graphs representing the frequency ratio of amplification (D)
and deletion (E) peaks between high- and low-risk groups across different models. Peaks were selected if they have at least a threefold frequency ratio between risk
groups in one or more of the models. The color indicates the significance obtained from Fisher’s exact test between the risk groups, with FDR < 0.05 (dark pink), and

P values <0.05 (blue).
CNAs, copy number alterations; FDR, false discovery rate.

amplification peak in cytoband 19q13.43, linked to luminal
A tumors,>’ showed partial overlap (chr19: 58398957-
58475548) with amplification peaks only in the low-risk
groups (FDR < 0.05 across all models, detailed statistical
values in Supplementary Table S8, available at https://doi.
org/10.1016/j.esmoop.2025.105080, Figure 3B). Similarly,
we identified specific patterns of deletion regions unique
to either the high- or low-risk group (Supplementary
Figure S5, available at https://doi.org/10.1016/j.esmoop.
2025.105080).

While some of the CNAs showed association exclusively
with specific risk groups, others exhibited overlaps in part
with high-risk groups and in different regions with low-risk
groups. For instance, in the cytoband 11q13, which includes
the genes CCDN1, FGF3, FGF4, and FGF19, which were

6 https://doi.org/10.1016/j.esmoop.2025.105080

linked to an increased risk of distant recurrence in luminal
BC,® we identified a region that was amplified exclusively in
high-risk groups across all models (chrll: 70877100-
70943301) and another region that was amplified exclu-
sively in low-risk groups across all the models
(chr11:73342272-73375868) (FDR < 0.0001 across all
models, detailed statistical values in Supplementary
Table S8, available at https://doi.org/10.1016/j.esmoop.
2025.105080, Figure 3C).

Next, we detected CNA regions known to be associated
with luminal BC (as reported by TCGA and BIG-1-98%'°)
that displayed at least a threefold difference in frequencies
between the high- and low-risk groups. Using the Oncotype-
like score model, we identified 11 amplification peaks
meeting this criterion, whereas using the PAM50-model
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revealed only four amplification peaks with such distinction.
However, no amplification peaks meeting this cut-off were
detected with the MammaPrint-like score model. Two
amplification peaks, 3p25.1 and 14g21.1, were consistently
identified in both the Oncotype-like score and PAM50-
models (Fisher’s exact test, FDR < 0.05 across all
models, detailed statistical values in Supplementary
Table S9, available at https://doi.org/10.1016/j.esmoop.
2025.105080, Figure 3D).

As for deletion peaks, we identified 15 regions with at
least a threefold difference in frequencies between the
high- and low-risk groups according to the Oncotype-like
score model. Out of these deletion peaks, 11 were found
to be significant according to the PAM50-model. Addition-
ally, one deletion peak, 7p22.3, was found to be significant
across all three models (Fisher’s exact test, FDR < 0.05
across all models, detailed statistical values in
Supplementary Table S10, available at https://doi.org/10.
1016/j.esmoop.2025.105080, Figure 3E).

Characterizing patients sharing the same risk group across
all models

Once we demonstrated the association of various mutations
and CNAs with high- or low-risk groups using different
models, we aimed to profile patients who were consistently
categorized as either low-risk or high-risk across all models
(206 and 336 patients, respectively), defined as ‘common
low-risk’ and ‘common high-risk’, respectively (clinical in-
formation represented in Supplementary Table S11, avail-
able at https://doi.org/10.1016/j.esmoop.2025.105080).
Our analysis revealed a notable enrichment of TP53 muta-
tions and co-mutations involving TP53-PIK3CA among high-
risk patients. Furthermore, mutations in PIK3CA, CDH1,
MAP3K1, CBFB, and FOXA1 were found to be enriched
within the low-risk patient subset, along with co-mutations
involving PIK3CA and the other five mutated genes (Fisher’s
exact test, FDR < 0.01, Figure 4A-C, detailed statistical
values in Supplementary Table S12, available at https://doi.
org/10.1016/j.esmoop.2025.105080).
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Figure 4. Characterization of common high- and low-risk patients. (A, B) Enrichment of mutations in patients classified as (A) high-risk or (B) low-risk across all three
models. The P value for the enrichment was calculated using Fisher’s exact test. (C) Enrichment of mutations coexistence in patients classified into the same risk group
in all three models. The upper panel (the triangle above the diagonal) represents enrichment of the co-mutations calculated in the common high-risk group, and the
lower panel (the triangle below the diagonal) represents enrichment of the co-mutations calculated in the low-risk group. The colors represent statistically significant
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ECM, extracellular matrix; FDR, false discovery rate; NS, not significant.
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Conducting a GISTIC analysis on these patients’ groups
identified several distinct CNAs exclusive to the high- or
low-risk categories. For instance, the amplification peak at
cytoband 14q21.1, previously associated with luminal B
BC?! and identified in Figure 3A as associated with high-risk,
was linked to the high-risk group. On the other hand, the
amplification peak at cytoband 19q13.43, previously asso-
ciated with luminal A BC*' and shown in Figure 3B as
associated with low-risk, was specifically associated with
the low-risk group. We also identified the deletion peak at
cytoband 17p13.3, previously associated with luminal B
BC?! overlapped with peaks found solely in the high-risk
groups (FDR < 0.0001, Supplementary Table S8, and
Figure S5, available at https://doi.org/10.1016/j.esmoop.
2025.105080).

To gain deeper insights into the differences between the
high- and low-risk groups, we carried out a differential gene
expression analysis comparing common high-risk samples to
common low-risk samples. We identified 139 up-regulated
genes and 254 downregulated genes. GSEA against the
KEGG dataset indicated an up-regulation of cell-cycle-
related pathways in high-risk patients, whereas low-risk
patients displayed up-regulation of the MAPK signaling
pathway and the PIK3-Akt signaling pathway (Figures 4D).

Survival of high-risk patients is affected by different
mutations

To assess the prognostic implications of mutations associ-
ated with specific risk groups on survival outcomes, we
focused on mutations within the TP53 and PIK3CA genes,
which were the most prevalent across our three models.
Firstly, a univariate Cox regression model was used to
examine the effect of these on patients’ recurrence and
survival. As shown in Figure 5A and B, TP53 mutations were
associated with an increased risk of recurrence and low
survival (HR 1.5, 95% Cl 1.2-1.7, P value 6.2e-05) for all
patients, while PIK3CA mutations did not significantly
impact the outcome (recurrence HR 1.1, 95% Cl 0.9-1.3, P =
0.536; survival HR 1.0, 95% Cl 0.9-1.2 P = 0.625). Secondly,
we explored the combined effect of mutations and risk
classification on patients’ outcome. Interestingly, we
observed an unexpected increase in HR for recurrence and
lower survival when high-risk patients harbored PIK3CA
mutations in all models. Next, to further validate these
findings, we conducted a stratified univariate and multi-
variate Cox regression analysis within risk groups, as shown
in Supplementary Figures S6 and S7, available at https://
doi.org/10.1016/j.esmo0p.2025.105080. PIK3CA mutations
consistently correlate with worse outcomes in high-risk
patients across all models, even after adjusting to TP53
mutations (P value <0.05, Supplementary Figures S6 and
S7, available at https://doi.org/10.1016/j.esmoop.2025.
105080), reinforcing their potential role as prognostic bio-
markers. Kaplan—Meier analysis of high-risk patients ac-
cording to the Oncotype-like score model revealed that the
coexistence of PIK3CA-TP53 mutations (termed ‘PIK3CA+/
TP53+’), as well as PIK3CA mutation alone (termed
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‘PIK3CA+/TP53—"), were associated with decreased survival
in high-risk patients (HR 1.9, 95% Cl 1.3-2.9, P value = 2.2E-
03; HR 1.6, 95% CI 1.1-2.3, P value = 1.6E-02, respectively).
This trend was not observed in low-risk patients (Figures 5C
and D). These results provide strong evidence that TP53 and
PIK3CA mutations may be valuable for guiding risk-adapted
treatment strategies, particularly in high-risk patients.

To understand the biological impact of PIK3CA+/TP53—
mutation, we analyzed gene expression profiles of high-risk
patients from the Oncotype-like score model with
PIK3CA+/TP53— mutation, compared with high-risk sam-
ples without mutations in the TP53 and PIK3CA genes
(termed ‘PIK3CA-/TP53—‘). We identified four down-
regulated genes and 15 up-regulated genes (logFC = 1, FDR
< 0.05) (Supplementary Table S13, available at https://doi.
org/10.1016/j.esmoop.2025.105080). Among the up-
regulated genes, some are known to be overexpressed in
PIK3CA-mutated ERa-positive BC® (such as LTF, CYP4Z1,
and TFAP2B), while others are associated with poor prog-
nosis across various cancers®®* (including CLEC3A, PIP, and
CALML5). These DEGs were used to conduct survival anal-
ysis based on their expression levels. As shown in Figure 5E
and G, high expression levels of CLEC3A, CALML5, and
TFAP2B were associated with poor overall survival (P value
<0.05, FDR = 0.155). Taken together, these results suggest
that PIK3CA mutation is associated with unfavorable out-
comes in high-risk patients, potentially linked to high
expression of CLEC3A, CALML5, and TFAP2B.

DISCUSSION

In this study, we investigated the association between
specific genetic alterations with genomic prognostic scores
and the likelihood of recurrence in patients with luminal BC.
Utilizing publicly available data from 11 BC studies, we
developed three transcriptome-based predictive models
based on widely used clinical tests: Oncotype DX®, Mam-
maPrint®, and PAM50-ROR. These models were employed
to categorize TCGA?“®*®> and METABRIC***®’ patients
with luminal BC into high- and low-recurrence-risk groups,
revealing significant differences in recurrence rates be-
tween these groups.

Our findings demonstrated that high-risk patients as
identified by our models exhibited significantly higher
average recurrence rates (28%) compared with low-risk
patients (8%). This aligns with recurrence rates observed
in clinical trials, such as TAILORx for Oncotype DX**** and
MINDACT for MammaPrint,® albeit with some discrep-
ancies potentially arising from variations in gene sets used
for risk scoring in each prediction model.

When comparing our results with the existing litera-
ture,”®’° our chosen cut-offs effectively distinguished be-
tween high- and low-risk patients, as evidenced by higher
HRs in the high-risk groups across all models. This consis-
tency underscores the robustness of our classification
approach in predicting recurrence. Historically, mutations in
genes like TP53’%’? and RB1,”*’* and CNAs such as am-
plifications in cytoband 14qg21.1 including the FOXA1
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Figure 5. Survival of high-risk patients is affected by TP53 and PIK3CA mutations. (A, B) Univariate Cox proportional hazard regression analysis for distant recurrence
and overall survival. HR was calculated for (A) recurrence, and (B) overall survival among patients with luminal BC from TCGA and METABRIC datasets, based on the
mutations and risk groups in the different models. (C, D) Kaplan—Meier analysis of (C) high-risk and (D) low-risk patients in the Oncotype-like score model according to
the presence of TP53 and PIK3CA mutations. (E-G) Kaplan—Meier analysis for assessing overall survival in high-risk Oncotype-like model patients according to the
expression of the (E) CLEC3A, (F) CALML5, and (G) TFAP2B genes. The groups were defined according to the median expression level of the gene in this cohort (*P <

0.05, ***p < 0.001).
Cl, confidence interval; HR, hazard ratio.
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gene and deletions in cytoband 17p13.3 including the
gene RPH3AL,””"”® have been linked to poor prognosis in BC.
Our study corroborated these findings and identified addi-
tional genomic aberrations associated with high relapse
risk, including mutations in PTPN22 and MENI and
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deletions in regions such as 10926 and 22q11.1. Conversely,
mutations in genes such as PIK3CA’®%° and MAP3K13%®!
were associated with low risk of recurrence. Notably, our
observation that PIK3CA mutations were enriched in low-
risk luminal samples suggests that they may serve as a
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protective marker for overall survival, consistent with pre-
vious studies.””®* Our analysis also highlighted the coexis-
tence of certain mutations (e.g. TP53-KMT2C, TP53-USH2A)
that were more prevalent in high-risk groups, suggesting
additive effects that could exacerbate disease progression.
Similarly, mutations such as PIK3CA-CBFB and PIK3CA-CDH1,
and amplification in 19q13.43, were linked to low risk,
indicating a complex interplay of genetic factors that miti-
gate recurrence.

Typically, investigations into mutations or CNAs and their
association with cancer recurrence risk use specific genomic
aberrations or combinations to predict disease-free survival
or examine frequently observed genomic aberrations in
patient cohorts with known recurrence status.””’*5%83
However, our approach of focusing on the prevalence of
specific mutations and CNAs in high- versus low-risk groups
offers a novel perspective compared with traditional
studies. For instance, we found TP53 and deletion CNA at
7p22.3 to have higher frequency ratios in the high-risk
group across all three models.

Our findings reveal a context-dependent prognostic ef-
fect of PIK3CA mutations on survival. While PIK3CA muta-
tions were not associated with prognosis in the overall
luminal cohort, they significantly correlated with worse
survival outcomes only in high-risk patients, particularly
within the Oncotype-like model. This suggests that the
negative impact of PIK3CA mutations on survival becomes
evident in the presence of other high-risk factors. The un-
derlying biological mechanisms remain unclear. The up-
regulation of genes such as CLEC3A, CALML5, and TFAP2B,
associated with poor prognosis in various cancers, in pa-
tients with only PIK3CA mutations, suggests a complex
genomic landscape influencing prognosis. In addition, mul-
tiple studies in metastatic BC demonstrate that PIK3CA
mutation is associated with worse outcome.®* Collectively,
these factors underscore the multifaceted role of PIK3CA
mutations in BC outcomes.

The potential clinical implications of our observations are
noteworthy. Most of the genomic tests described in this
study are well validated, with established cut-offs for clinical
management and chemotherapy recommendations.®
However, for premenopausal women or those younger
than 50 years, the data are less definitive.'® In this group,
adjuvant chemotherapy is estimated to reduce recurrence
risk by about 5%, but clear cut-offs are less established.

For young patients with TP53 mutations and ambiguous
genomic test scores, it might be beneficial to escalate to
adjuvant chemotherapy. Conversely, young patients with
PIK3CA mutations may achieve better outcomes with hor-
monal treatment, combining an aromatase inhibitor and
luteinizing hormone-releasing hormone agonist. This
approach is based on evidence that these patients have
lower benefits from chemotherapy but may gain more from
letrozole compared with tamoxifen.*®

Additionally, we validated here and in a previous study®”
the higher prevalence of BRCA2 mutations in Oncotype DX
high-risk patients and their lower prevalence in Oncotype
DX low-risk patients. While BRCA2 mutations are more
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frequent in the luminal B subtype,®® our findings show a
substantial proportion of luminal A patients (20%-30%)
within the high-risk group. This suggests that risk classifi-
cation based on our models extends beyond intrinsic sub-
typing and captures additional factors that contribute to
recurrence risk.

To assess the robustness of our findings and eliminate
potential bias from including model-building samples in the
main analysis (337 and 643 samples out of 1780 were
included in model building in Oncotype and MammaPrint-
like models, respectively), we conducted a re-analysis
excluding TCGA and METABRIC samples used for model
development. This step was crucial to ensure that our re-
sults were not influenced by data leakage. The re-analysis
showed that both the Oncotype-like and MammaPrint-like
models maintained the same overall trend as in the orig-
inal analysis, reinforcing their predictive value. The results,
presented in Supplementary Figures S8-S16 and Table S14-
S16, available at https://doi.org/10.1016/j.esmoop.2025.
105080, confirm that our models generalize well beyond
the training dataset. This consistency strengthens confi-
dence in their applicability and suggests that the observed
associations are not merely artifacts of the training data.

Our study provides valuable insights into the genetic
factors contributing to the risk of recurrence in luminal BC.
The identification of mutations and CNAs associated with
high and low recurrence risks offers avenues for further
research and the development of more refined prognostic
models. Future studies should explore the functional impact
of these genetic aberrations and their interactions, poten-
tially leading to novel therapeutic targets for managing
recurrence in patients with luminal BC.
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Cbrca_metabric). On request, the corresponding author can
provide the analyzed data generated during this study.
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