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Breast cancer patients with estrogen receptor-negative (ERneg)
status, encompassing triple negative breast cancer (TNBC) and
human epidermal growth factor receptor 2 positive breast can-
cer, are confronted with a heightened risk of drug resistance,
often leading to early recurrence; the biomarkers and biological
processes associated with recurrence is still unclear. In this
study, we analyzed bulk RNA sequencing (RNA-seq) data
from 285 cancer and paracancerous samples from 155 TNBC
patients, along with transcriptome data from 11 independent
public cohorts comprising 7,449 breast cancer patients and
26 single-cell RNA-seq datasets. Our results revealed differen-
tial enrichment of nerve-related pathways between TNBC pa-
tients with and without 10-year recurrence-free survival. We
developed an early recurrence index (ERI) using a machine
learning model and constructed a nomogram that accurately
predicts the 10-year survival of ERneg patients (area under
the curve [AUC]Training = 0.79; AUCTest = 0.796). Further anal-
ysis linked ERI to enhanced neural function and immunosup-
pression. Additionally, we identified EN1, the most significant
ERI gene, as a potential biomarker that may regulate the tumor
microenvironment and sensitize patients to immunotherapy.

INTRODUCTION
The incidence of new cases and deaths related to breast cancer con-
tinues to increase, contributing to increased mortality and mobility
of the disease worldwide.1,2 Despite significant improvements in out-
comes for breast cancer patients through various treatment regimens,
including chemotherapy, targeted therapy, and immunotherapy, tri-
ple negative breast cancer (TNBC) patients still face challenges. Endo-
crine therapy has proven effective in significantly increasing survival
rates for patients with Luminal A (LumA) or Luminal B (LumB)
breast cancer, which are characterized by high expression of the estro-
gen receptor (ER) and are responsive to endocrine therapy. For pa-
tients with breast cancer tissues that do not express ER and progester-
one receptor but exhibit high expression levels of human epidermal
growth factor receptor (Her2/ErbB2), Her2-targeted therapy can be
beneficial.3 However, compared with these molecular subtypes of
breast cancer, TNBC does not express the aforementioned targets
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and exhibits greater heterogeneity and complexity in the tumor
microenvironment (TME). Consequently, there are no certified tar-
gets for the treatment of TNBC, highlighting the need for the discov-
ery of novel therapeutic targets.4,5

The majority of recurrence and death events are attributed to the
acquisition of drug resistance. Currently, the treatment of TNBC pri-
marily depends on chemotherapy and immunotherapy.While neoad-
juvant immunotherapy has demonstrated significant improvements
in outcomes for early-stage TNBC patients,6 the combination of
immunotherapy and chemotherapy has not been successful in
enhancing outcomes for advanced TNBC patients.7 Therefore, there
is a pressing need to identify patients who are prone to drug resistance
and early recurrence in order to facilitate precision treatment. With
the rapid advancement of next-generation sequencing, several prog-
nostic models based on transcriptome analysis have been developed
and have shown promising accuracy in predicting outcomes for
TNBC patients. However, a prognostic model based on genes associ-
ated with T cells,8 immune signature,9 and cell-death10 did not show
an optimal efficacy in predicting long-term survival of TNBC patients,
and there remains a lack of a model that can specifically recognize the
TME associated with early recurrence and long-term survival.

To explore the underlying causes of recurrence and its impact on
long-term survival among patients with TNBC, we collected cancer
and adjacent non-cancerous tissues from 155 TNBC patients and
subjected them to RNA sequencing (RNA-seq) analysis. Through
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this analysis, we identified gene expression patterns and core genes
associated with recurrence. Leveraging these genes, we developed a
prognostic model using a rigorous selection process involving 10 ma-
chine learning algorithms. The model was trained and validated on a
comprehensive dataset that combined our own data with 11 addi-
tional individual cohorts. Our model demonstrated high accuracy
in predicting 10-year recurrence-free survival (RFS) and overall sur-
vival (OS) for TNBC and Her2 patients, who are characterized by
being ER independent. Further analysis revealed that the genes incor-
porated into the model are correlated with immune response and
nerve-associated functions, and identified several potential bio-
markers, such as Engrailed-1 (EN1), for future investigation. Thus,
our study provides an effective prognostic tool for predicting long-
term survival in ER-negative (ERneg) breast cancer and uncovers dif-
ferential biological processes among patients with early recurrence or
long-term survival.

RESULTS
Clinical characteristics and transcriptome profiling in TNBC

patients with early detection of relapse or long-term relapse-

free status

To identify crucial biomarkers associated with long-term RFS, we
collected data from 155 TNBC patients with extensive follow-up in-
formation. Among these patients, 65 experienced local relapse or
distant metastasis within 10 years after surgery and adjuvant therapy,
classifying them as the recurrence group (RE). Conversely, 34 patients
remained alive without experiencing relapse events, classifying them
as the non-RE. The remaining 56 patients, who did not meet the
aforementioned clustering condition, were not chosen for differential
analysis but rather for survival analysis. Analysis of clinical informa-
tion revealed no significant differences in age, T stage, N stage, P53
and KI-67 staining, or receipt of chemotherapy between RE and
non-RE patients (Table S1). Survival analysis demonstrated that RE
patients exhibited significantly poorer RFS and OS compared with
non-RE patients (Figure 1A). Therefore, identifying TNBC patients
with early relapse risk is crucial for ensuring long-term survival.

Next, we conducted transcriptomic analysis of cancer and paired par-
acancerous tissues from the aforementioned patients. Principal
component analysis (PCA) of all tissues indicated distinct transcrip-
tome features between cancer and paracancerous tissues (Figure S1A).
Differential expression gene (DEG) analysis was performed on cancer
and paracancerous tissues between RE and non-RE patients, yielding
964 and 1,057 DEGs, respectively (Figure S1B). Additionally, we iden-
tified 856 and 770 DEGs when comparing paired cancer and paracan-
cerous tissues separately in RE or non-RE patients (Figure S1B). The
intersection of these DEGs revealed several common genes, whose
Figure 1. Kaplan-Meier survival analysis and differential gene expression in TN

(A) Kaplan-Meier curve plotting RFS status of patients in RE and non-RE patients. (B) Kap

diagrams showing the intersection of DEGs between (1) cancer and paired paracancer

paracancerous tissues (top right); and (3) abovementioned DEGs. (D) Heatmap illustra

PROKR2 are labeled with red highlight and in bold text. (E) GseaVis visualizing the s

enrichment of each cluster in RE and non-RE groups.
expression levels were demonstrated in both RE and non-RE groups
(Figure 1C). Notably, immunoglobulin IGHV1-69 and prokineticin 2
receptor (PROKR2), a sensory neuron protein, were identified as
common DEGs across all comparisons (Figure 1D). This finding is
consistent with the results of Gene Set Enrichment Analysis
(GSEA) analysis, which showed differential enrichment of hormone-
and neuron-associated pathways in cancer and paired paracancerous
tissues between RE and non-RE patients (Figure S1C). Therefore, the
correlation among B cells, neuron function, and hormone status may
play a pivotal role in regulating TNBC progression.

Further Mfuzz analysis, based on the DEGs, uncovered four expres-
sion patterns: C1 (DEGs overexpressed in paracancerous tissues
from the RE group), C2 (DEGs overexpressed in paracancerous tis-
sues from both groups), C3 (DEGs overexpressed in cancer tissues
from both groups), and C4 (DEGs overexpressed in cancer tissues
from the non-RE group). These patterns showed potential correlation
with early recurrence events (Figure 1E). Intriguingly, Gene Ontology
Biological Process (GOBP) analysis indicated that DEGs from C1 and
C4, which are potentially correlated with early recurrence, are en-
riched in pathways associated with neuron proliferation, differentia-
tion, and signaling transduction. Based on the transcriptome analysis
results, we hypothesize that neural function may play a role in the
recurrence of TNBC.

The construction of a prognosticmodel based on the recurrence

associated DEGs

To delve deeper into the potential of abovementioned DEGs (Figure
1D) in predicting early recurrence and survival, we amassed transcrip-
tomedata from11 independent public databases, includingGSE12276,
GSE16446, GSE19615, GSE20685, GSE21653, GSE58644, GSE58812,
GSE88770, Metabric, The Cancer Genome Atlas (TCGA)-BRCA,
and GSE96058. Among them, GSE12276, GSE16446, GSE19615,
GSE20685, GSE21653, GSE58644, GSE58812, and GSE88770 were
selected to construct the Gene Expression Omnibus (GEO) cohort,
which was deemed as an independent database for further analysis
(Figures S2A and S2B). After rigorous quality control measures and
data integration, five pivotal databases—GEO, Metabric, TCGA,
SCAN_B, and our own work (this work)—were utilized to generate
the Meta_BC dataset, encompassing 7,231 breast cancer patients for
subsequent analysis (Figures S2C and S2D). We then filtered out pa-
tients with TNBC to establish a training cohort (n = 942) and a test
cohort (n = 400) from the Meta_BC dataset.

Subsequently, we employed a machine learning-based integrated
model, incorporating 10 distinct algorithms, to construct a prognostic
model.11 The C-index of various combined algorithms in the training
BC patients

lan-Meier curve plotting of OS status of patients in RE and non-RE patients. (C) Venn

ous tissues in RE or non-RE group (top left); (2) RE and non-RE groups in cancer or

ting intersected DEGs identified from (C) in RE and non-RE group, IGHV1-69 and

ignificant discrete clusters of DEGs measured by Mfuzz and the GOBP pathway
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cohort was illustrated in Figure 2A, with Cox regression followed by
random forest emerging as the most effective model for predicting OS
in TNBC patients. The risk score, termed the early recurrence index
(ERI) in this study, was computed based on 46 significant genes
derived from the prognostic model. The ERI was found to be signif-
icantly associated with the outcomes of TNBC patients (Figures 2B,
S2E, and S2F). Furthermore, stratifying patients using the median
ERI revealed a significant correlation between ERIHigh and poor OS
and RFS in TNBC patients compared with those with low ERILow

(Figures 2C–2E). Comparable results were observed across diverse
databases within the Meta-BC dataset (Figure 2F). Notably, all
ERIHigh patients from Meta-BC exhibited a poor survival outcome,
suggesting a potential association of ERI with outcomes in other mo-
lecular subtypes (Figure 3A).

To further explore this association, we investigated the relationship
between ERI and RFS or OS in other breast cancer subtypes, including
LumA, LumB, Her2, and normal. Interestingly, no significant differ-
ence was observed between ERIHigh and ERILow patients with the
aforementioned subtypes, except for Her2 (Figures 2A and S2G).
ERIHigh Her2 patients also demonstrated a poorer outcome compared
with ERILow Her2 patients in Meta-BC, and this trend was evident in
individual databases (Figures S2G and S2H). Given that TNBC and
Her2 patients are both characterized by ERneg status, the genes in
our model may potentially link the oncogenesis of these two distinct
breast cancer subtypes.

ERIhigh ERneg patients face a greater risk of recurrence when

undergoing chemotherapy

Chemotherapy serves as a foundational therapeutic approach to
enhance breast cancer patient outcomes, yet the correlation between
the ERI score and chemotherapy efficacy remains uncertain. To
explore this relationship, we examined TNBC and Her2 patients,
both those who received chemotherapy and those who did not, and
assessed the link between ERI and patient outcomes. Notably, in
TNBC patients, a high ERI was associated with significantly poorer
outcomes, irrespective of their chemotherapy history (Figures 3C
and 3D). For Her2 patients, those with high ERI who underwent
chemotherapy exhibited shorter RFS and OS compared with their
ERILow counterparts (Figure 3E). However, no such association was
observed between ERI and outcomes in Her2 patients who did not
receive chemotherapy (Figure 3F). Upon extending our investigation
to other molecular subtypes of breast cancer, we observed similar
trends (Figures S3A–S3F), indicating that ERI is notably associated
with outcomes in breast cancer patients with ERneg status. Conse-
quently, we combined TNBC and Her2-positive patients into an ER-
neg cohort and found that ERIHigh patients, regardless of chemo-
Figure 2. Machine learning-based prognostic model for early recurrence predi

(A) Heatmap illustrating clustering deviation index results of 10 machine-learning algorith

RFS model (left) and the variable importance of model genes (right). (C) Kaplan-Meier c

cohort. (D) Kaplan-Meier curve plotting OS status of TNBC patients with ERIHigh and ER

with ERIHigh and ERILow in the Meta_BC cohort. (F) Kaplan-Meier curve plotting RFS

TCGA_TNBC, This_work, and SCAN_B cohorts.
therapy administration, showed significantly poorer outcomes
(Figures 3G and 3H). Strikingly, ERIHigh patients who received
chemotherapy had a markedly shorter RFS compared with those
who did not (Figure 3I). This pattern was not evident in ERILow pa-
tients, suggesting a significant role of ERI genes in the response to
chemotherapy (Figure 3J).

An ERI-based nomogram effectively predicts long-term survival

of ERneg breast cancer patients

Previously, there was a scarcity of transcriptome-based models for
predicting long-term survival in breast cancer patients. To bridge
this gap, we conducted univariable and multivariable Cox regression
analyses in a training cohort of ERneg patients. Our aim was to iden-
tify survival-associated factors among ERI and several clinical
variables, including age, T stage, N stage, and tumor grade. The uni-
variable Cox regression analysis revealed that ERI, age, T stage, and N
stage were all associated with survival (Figure 4A). Subsequent multi-
variable Cox regression analysis further confirmed that ERI, age, and
N stage were significant factors (Figure 4B). We also observed that the
ERI score was higher in older patients (age R60 years), those with
high-grade tumors (grade 3), advanced T stage (T3), and lymph
node metastasis, particularly in TNBC patients (Figure S4).

Using these findings, we constructed a nomogram to predict the OS of
patients based on ERI, age, and N stage (Figure 4C). The C-index
value of the nomogram was 0.756 (95% confidence interval [CI],
0.732–0.782) in the training cohort and 0.746 (95% CI, 0.710–
0.783) in the test cohort. The calibration curves demonstrated the ac-
curacy of the nomogram in predicting 3-, 5-, and 10-year survival
rates (Figure 4D). The decision curve analysis (DCA) results indicated
that the nomogram model outperformed all other predictors used in
this study, particularly in predicting 10-year survival (Figure 4E).

Based on the nomogram scores, we found significant differences in
OS between patients with high scores (scoreHigh) and those with
low scores (scoreLow) in both the training (Figure 4F) and test cohorts
(Figure 4G). These differences were also observed in the ERneg
cohort, regardless of whether patients received chemotherapy (Fig-
ure 4H) or not (Figure 4I). The area under the curve (AUC) values
of the nomogram model in these cohorts were evaluated, and the
values for predicting 10-year OS were greater than 0.79 (Figures
4F–4I). Furthermore, we assessed the AUC values in five independent
cohorts, and the results showed that the nomogram had high accuracy
in predicting 3-, 5-, and 10-year OS (Figure S5A) and RFS (Fig-
ure S5B) in ERneg patients. However, although there were significant
differences between ERIHigh and ERILow patients in the ER-positive
(ERpos) cohort, the AUC values indicated that the nomogram model
ction in TNBC

ms in various cohorts fromMeta_BC. (B) The number of trees of StepCox[forward] +

urve plotting the OS status of TNBC patients with ERIHigh and ERILow in the training

ILow in the test cohort. (E) Kaplan-Meier curve plotting RFS status of TNBC patients

and OS status of TNBC patients with ERIHigh and ERILow in the GEO, Metabric,
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Figure 3. Association between ERI and chemotherapy response in TNBC and Her2 patients

(A) Kaplan-Meier curve plotting RFS status of patients with ERIHigh and ERILow in the Meta_BC cohort. (B) Kaplan-Meier curve plot of OS status of patients with ERIHigh and

ERILow in the Meta_BC cohort. (C) Kaplan-Meier curve plotting RFS and OS status of chemotherapy-treated TNBC patients with ERIHigh and ERILow in the Meta_BC cohort.

(D) Kaplan-Meier curve plotting RFS and OS status of non-chemotherapy-treated TNBC patients with ERIHigh and ERILow in the Meta_BC cohort. (E) Kaplan-Meier curve

(legend continued on next page)
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could not accurately predict the RFS and OS of ERpos breast cancer
patients (Figure S5C). Therefore, we have established an ERneg breast
cancer-specific prognostic model that accurately predicts long-term
survival.

ERIHigh patients presents enhanced nerve-regulated function

and decreased immune response

In this study, we have shown that ERI serves as a crucial determinant
for precisely forecasting the long-term survival of patients with ERneg
breast cancer, despite the underlying biological mechanism of ERI re-
maining elusive. To elucidate this, we conducted a protein-protein
interaction (PPI) analysis among genes implicated in ERI and discov-
ered multiple interacting proteins (Figure 5A). The functions of these
proteins are linked to immune responses, extracellular matrix forma-
tion, and neural tube development. Subsequently, we examined the
DEGs (Figure S6A) between ERIHigh and ERILow patients across
four cohorts: GEO, Metabric, TCGA, and our own dataset. A Venn
diagram identified 136 and 576 common DEGs in ERIHigh and
ERILow patients, respectively, within these four cohorts (Figure 5B).
Strikingly, GOBP pathway analysis revealed that the common
DEGs expressed in the ERIHigh group were enriched in several
nerve-related pathways, including positive regulation of axonogene-
sis, tube formation, and in utero embryonic development (Figure 5C).
This finding aligns with our earlier observation that nerve-associated
pathways exhibited differential enrichment between RE and non-RE
patients (Figure 1E).

Furthermore, we performed GSEA analysis of GOBP enrichment and
identified 411 common differential enriched pathways (DEPs) in the
ERILow group (Figure 5D). These pathways were associated with the
activation of immune responses, such as cell killing (Figure S6B).
Notably, only the skin development pathway was identified as a
DEP in the ERIHigh group (Figure S6C). Upon examining the results
of the GSEA analysis in each cohort, we found that multiple nerve-
associated pathways were significantly enriched in the ERIHigh group
(Figure 5E). To validate the significance of these nerve-associated
pathways, we applied Gene Set Variation Analysis (GSVA) based
on the C2 collection, which encompasses 7,411 gene sets. Our find-
ings indicated that presynaptic depolarization and calcium channel
opening, as well as the S1P pathway, were separately enriched in
ERIHigh TNBC and Her2 patients, whereas immune response path-
ways were enriched in the ERILow group (Figures S6D and S6E). Addi-
tionally, several nerve-associated pathways were differentially en-
riched between ERIHigh and ERILow patients with ERneg, TNBC,
and Her-2 breast cancers (Figure S6F). These results underscore
that tumor tissues from ERIHigh patients, who are at a higher risk of
early recurrence and mortality, exhibit enhanced nerve-regulated
function and reduced immune responses.
plotting RFS andOS status of chemotherapy-treated Her2 patients with ERIHigh and ERIL

chemotherapy-treated Her2 patients with ERIHigh and ERILow in the Meta_BC cohort. (G

patients with ERIHigh and ERILow in the Meta_BC cohort. (H) Kaplan-Meier curve plotting

ERILow in the Meta_BC cohort. (I) Kaplan-Meier curve plotting RFS and OS status of ERIH

Kaplan-Meier curve plotting RFS and OS status of ERILow ERneg patients treated with
ERI and core genes are correlatedwith immune suppression and

neuron infiltration

Several studies have reported that the enhancement of the epithelial-
mesenchymal transition (EMT) process and cancer stemness can lead
to recurrence and metastasis in cancer patients. However, no signifi-
cant difference was observed in the EMT and stemness scores be-
tween patients with ERILow and ERIHigh, who had ERneg, TNBC, or
Her2 tumors (Figure S7A). Consequently, we shifted our focus to
examining the correlation between the TME and ERI. To delineate
the components of the TME in ERneg patients, we used seven decon-
volution algorithms, which revealed an increased infiltration of im-
mune cells associated with higher ERI scores (Figure S7B). Cibersort
analysis further demonstrated that ERILow patients exhibited higher
levels of infiltration by anti-tumor immune cells, such as CD8+

T cells, activated CD4+ T cells, and M1 macrophages, whereas T reg-
ulatory cells and neutrophils showed increased infiltration in ERIHigh

patients (Figure S7C).

A correlation analysis was conducted between ERI and infiltration
scores calculated by various deconvolution algorithms, and signifi-
cant correlations were identified across five cohorts (GEO, Meta-
bric, TCGA, SCAN_B, and This_work) (Figure 5F). Notably,
anti-tumor immune cells, including T cells, B cells, natural killer
(NK) cells, and dendritic cells, showed a significant negative corre-
lation with ERI (Figure 5F). Intriguingly, we also observed a posi-
tive correlation between ERI and the infiltration score of neurons,
as calculated by Xcell (Figure S7D). The Mantel test analysis
further suggested that the infiltration of neurons was negatively
correlated with the aforementioned immune cells (Figures 5G,
5H, and S7E).

Furthermore, our results indicated that the core genes of ERI (Fig-
ure 5A), including C-X-C motif chemokine ligand 11 (CXCL11),
cartilage oligomeric matrix protein (COMP), and EN1, had a signif-
icant impact on the infiltration of these immune cells (Figures 5G and
5H). EN1 was found to be correlated with poor outcomes in TNBC
(Figure S8A) and Her2 patients (Figure S8B). Additionally, EN1
showed a positive correlation with the infiltration of T helper type
1 cells, T helper type 2 cells, and M1 macrophages, while it was nega-
tively correlated with the infiltration of CD4+ T memory cells, mast
cells, and M2 macrophages (Figure S8C). According to the Mantel
test analysis, EN1 was significantly correlated with the infiltration
of several immune cells (Figure 5H).

In conclusion, our bulk transcriptome analysis highlights the poten-
tial clinical application of our model in predicting the long-term sur-
vival of ERneg patients and suggests a potential regulatory role of ERI
genes on immune cells and neurons.
ow in theMeta_BC cohort. (F) Kaplan-Meier curve plotting RFS andOS status of non-

) Kaplan-Meier curve plotting RFS and OS status of chemotherapy-treated ERneg

RFS and OS status of non-chemotherapy-treated ERneg patients with ERIHigh and
igh ERneg patients treated with or without chemotherapy in the Meta_BC cohort. (J)

or without chemotherapy in the Meta_BC cohort.
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Figure 4. Construction and validation of an ERI-based nomogram for ER-negative breast cancer

(A) Forest plot illustrating results of univariate Cox regression of ERI, N stage, T stage, age, and grade in predicting OS of ERneg patients in the training cohort. (B) Forest plot

illustrating results of multivariate Cox regression of ERI, N stage, T stage, age, and grade in predicting OS of ERneg patients in the training cohort. (C) The nomogram

constructed by ERI, N stage, and age demonstrating the accuracy in predicting 3-, 5-, and 10-year OS in the training cohort. (D) The calibration curves of the nomogram in

predicting 3-, 5-, and 10-year OS in the training cohort. (E) The DCA result of nomogram and individual factors including ERI, N stage, and age. (F) Kaplan-Meier curve plotting

OS status of ERneg patients with risk high and risk low, and receiver operating characteristic curve (ROC) plot of predictive value in the training cohort. (G) Kaplan-Meier curve

plotting OS status of ERneg patients with risk high and risk low, and ROC plot of predictive value in the training cohort. (H) Kaplan-Meier curve plotting OS status of

chemotherapy-treated ERneg patients with risk high and risk low, and ROC plot of predictive value in the Meta_BC cohort. (I) Kaplan-Meier curve plotting OS status of non-

chemotherapy-treated ERneg patients with risk high and risk low, and ROC plot of predictive value in the Meta_BC cohort.
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Single-cell transcriptome analysis identify EN1 in tumor cells as

a pivotal factor in regulating B cells

To investigate the expression of core ERI genes, specifically CXCL11,
COMP, and EN1, we conducted an analysis of single cell RNA-seq
8 Molecular Therapy: Oncology Vol. 33 June 2025
(scRNA-seq) data derived from ERneg breast cancer patients sourced
from the GSE176078 and GSE161529 databases. After rigorous qual-
ity control and data integration, a total of 137,032 cells were retained
for subsequent analysis, as depicted in Figure S9A. Our analysis
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revealed 38 distinct cell clusters within the TNBC and Her2 patient
samples, which were further annotated into seven cell types: epithelial
cells, T/NK cells, B cells, plasma cells, myeloid cells, endothelial cells,
and fibroblasts, based on CellMarker data (Figure S9B). InferCNV
analysis confirmed that the epithelial cells in our dataset were indeed
tumor cells (Figure S9C). Upon examining the gene expression pro-
files, we found that CXCL11 and COMP were primarily expressed
in myeloid cells and fibroblasts, while EN1 was predominantly ex-
pressed in tumor cells (Figure 6C). Given our previous finding that
EN1 is associated with the infiltration of immune cells, particularly
B cells (Figures 5G and 5H), we delved deeper into the relationship
between EN1-expressing tumor cells and B cells.

We classified the tumor cells into EN1High and EN1Low groups based
on the expression level of EN1 (Figure 6D). Subsequently, we ex-
tracted tumor cells, B cells, and plasma cells from the dataset and
analyzed the ligand-receptor interactions among these cell types.
Our analysis revealed multiple interactions between tumor cells, B
cells, and various plasma cells expressing IGKC, IGKV1-9, IGLV1-
40, or MZB1 (Figure 6E). Notably, B cells exhibited a bidirectional
interaction with EN1Low tumor cells, but only received signals from
EN1High tumor cells (Figure S9D). Among these interactions, the
MIF (CD74-CXCR4) signaling pathway emerged as the most signif-
icant communication pattern (Figure 6F). Importantly, MIF is a sur-
vival-related gene that is included in the ERI score (Figure 2B).
Further analysis revealed that tumor cells, particularly EN1High tumor
cells, were the primary sources of MIF signaling to B cells (Figures 6G
and S9E) and that the MIF (CD74-CXCR4) pathway was significantly
more prominent in interactions between EN1High tumor cells and B
cells compared with other signaling pathways (Figure 6H).

To explore the potential role of EN1 in the immune microenviron-
ment and its response to immunotherapy, we utilized the Kaplan-
Meier Plotter website. Our analysis revealed that in non-epithelial-
derived tumors such as melanoma, EN1 is associated with a poor
response to immunotherapy (Figure S9F). However, in urothelial can-
cer, high EN1 expression inmales was associated with poor outcomes,
while high EN1 expression in females was associated with an optimal
response to immunotherapy (Figure 6I). These findings suggest a po-
tential role for EN1 in immunotherapy response.

DISCUSSION
Breast cancer subtypes such as TNBC and HER2 breast cancer
continue to pose challenges due to drug resistance, early recurrence,
and distant metastasis. Identifying these patients is crucial for imple-
menting precision medicine. In line with previous studies that did not
Figure 5. ERI-associated molecular features and tumor microenvironment alte

(A) Cytoscape illustrating the relative importance score, PPI network, and enriched GO

overlaps of GOBP analysis on DEGs expressed in ERIHigh or ERILow ERneg patients. (C

diagrams showing the overlaps of GOBP analysis on GSEA in ERIHigh or ERILow ERneg p

patients with ERIHigh or ERILow. (F) Heatmap illustrating correlation analysis of ERI with v

than 0.3 and a false discovery rate of less than 0.05. p values are adjusted by Benjamini-H

TME score in TNBC patients. (H) Mantel test results of core ERI genes with significant
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focus on specific gene clusters with similar functions,12 we identified
genes related to recurrence by comparing DEGs in TNBC patients
with short- or long-term RFS (Figure 1C). This approach ensured
that the selected candidate genes could enhance the effectiveness of
the subsequent prognostic model. Strikingly, although our model
was trained on TNBC patients, it also demonstrated efficacy in pre-
dicting outcomes for HER2 patients, another molecular subtype char-
acterized by ERneg (Figures 3 and 4). To our knowledge, no previous
work has generated a prognostic model for ERneg breast cancer pa-
tients using transcriptome data. Notably, our prognostic model ex-
hibits optimal accuracy in predicting long-term survival for both
TNBC and HER2-positive patients (Figures 3 and 4). Furthermore,
our model’s accuracy in predicting 5- or 10-year survival outperforms
models using genes associated with T cells,8 immune signature,9 and
cell death10 in TNBC. Intriguingly, DEG and Mfuzz analysis of our
data suggested that nerve-associated pathways may be linked to
TNBC recurrence, identifying the sensitive neuron receptor
PROKR2 as a core DEG.13 Although further analysis did not include
PROKR2 as a prognostic gene in our model, we identified another
nerve-related gene: EN1.

EN1 has been reported to play crucial roles in various biological
development processes. For instance, EN1 is essential for the develop-
ment and survival of dopaminergic neurons.14,15 The absence of the
EN1 gene leads to abnormal bone formation and Mendelian dis-
eases.16,17 In contrast with these findings, the roles of EN1 in tumor-
igenesis and progression are gaining attention. A pan-cancer epige-
netic and transcriptomic atlas has revealed that EN1 is one of the
tumor-specific epigenetic drivers associated with cancer transitions.18

Findings from other studies also support the notion that EN1 pro-
motes lung metastasis of salivary adenoid cystic carcinoma through
the PI3K-AKT pathway19 and enhances pancreatic cancer metastasis
via the MAPK pathway.20 More evidence of EN1’s role in promoting
cancer metastasis has been reported in breast cancer, particularly in
TNBC. Reduced levels of bromodomain-containing protein 4, along
with EN1, co-regulate the proliferation and migration of TNBC.21

Moreover, brain metastasis of TNBC depends on the transcriptional
function of EN1.22

These results align with our finding that EN1 is the most important
gene included in our prognostic model (Figure 2B). We also found
that EN1 is significantly correlated with the infiltration of various im-
mune cells, especially B cells (Figure 5G). Nevertheless, a higher ERI
score inversely correlates with anti-tumor immune infiltration (Fig-
ure 5F), which makes the contradicting observation with EN1. The
ERI is computed based on the scoring of multiple genes that are linked
rations

BP pathway of DEGs obtained from the ERI model. (B) Venn diagrams showing the

) Boxplot illustrating results of GOBP in ERIHigh or ERILow ERneg patients. (D) Venn

atients. (E) Dotplot showing GSEA analysis of nerve-associated pathways in ERneg

arious TME score in individual cohort. #Significant correlation, |cor value| of greater

ochberg method. (G) Mantel test results of core ERI genes with significant corelated

corelated TME score in Her2 patients.
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to patient survival. Consequently, the relationship between ERI and
the TME can be viewed as a complex, overarching association, where
the specific correlation of each gene may vary. Clearly, targeting every
gene contributing to ERI for the treatment of ERneg breast cancer pa-
tients is impractical. Hence, the contrasting result prompted us to
delve deeper into whether EN1 could serve as a potential biomarker
for immunotherapy in ERneg breast cancer. As illustrated in Figure 6I,
EN1 displayed an opposing association with the response to immuno-
therapy between male and female cancer patients. Considering that
EN1 is correlated with the poor outcome of ERneg patients, we hy-
pothesized that EN1 is a biomarker for the clinical application of
immunotherapy in these patients (Figures S8A and S8B).

Genomic analysis suggests that EN1 is a basal-like specific onco-
gene.23,24 However, our data indicate that EN1 may play a crucial
role in regulating the TME in HER2-positive patients (Figures 5A
and 5H). Thus, EN1 demonstrates potential for clinical application
in both TNBC and HER2-positive patients, although its role in
HER2 breast cancer has been overlooked. While some studies have
focused on attenuating TNBC by using N-terminal cell-penetrating
peptide/nuclear localization sequence targeting EN1,25 designing an
EN1-targeted therapy remains challenging due to its role as a transcrip-
tional factor. Perhaps exploring the different roles of EN1 in immuno-
therapy could facilitate further clinical applications (Figure 6I).

MATERIALS AND METHODS
Patient information and sample collection

A total of 285 samples, comprising 147 cancer tissues and 138 adja-
cent non-cancerous tissues, were collected from 155 female patients
who had been histologically confirmed to have TNBC at the Harbin
Medical University Cancer Hospital from 2011 to 2015. These pa-
tients had previously undergone surgery and received adjuvant ther-
apy as their first-line treatment. Patients who experienced a recur-
rence event within 10 years were classified as the RE group, while
those with more than 10 years of RFS were classified as the non-RE
group. The tissue samples were obtained during the surgical proced-
ure and stored at �80�C until further analysis. This study was
approved by the Ethical Committee of Harbin Medical University
Cancer Hospital and adhered to all relevant ethical regulations. All
patients provided written informed consent for the collection of their
tissue samples for research and analysis.

Library construction, quality control, and sequencing of

transcriptome analysis

Total RNA was used as the starting material for RNA sample prepa-
rations. Sequencing libraries were generated using the NEBNext Ultra
Figure 6. Single-cell transcriptome analysis identifies EN1 as a key regulator i

(A) Uniform Manifold Approximation and Projection (UMAP) plot showing 38 clusters of

ERneg patients. (C) Dotplot of CXCL11, COMP, EN1, and UHRF1 expression in each clu

each cell. (E) Ligand-receptor interaction analysis among tumor cells, B cells, and pla

among tumor cells, B cells, and plasma cells. (G) Heatmap illustrating cell interaction o

Dotplot of different MIF signaling pathways among tumor cells, B cells, and plasma cells.

treated with immunotherapy.
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RNA Library Prep Kit for Illumina (NEB) according to the manufac-
turer’s instructions. Briefly, mRNA was purified using poly-T oligo-
attached magnetic beads, followed by fragmentation and synthesis
of first and second strand cDNAs. The cDNA fragments were then
adenylated, ligated to NEB Next Adaptors, and purified to select frag-
ments of 370–420 bp. After treatment with USER Enzyme, PCR was
performed using Phusion High-Fidelity DNA polymerase and Uni-
versal PCR primers. The PCR products were purified and the library
quality was assessed on the Agilent 5400 system and quantified by
QPCR. The qualified libraries were pooled and sequenced on Illumina
platforms with the PE150 strategy at Novogene Bioinformatics Tech-
nology Co., Ltd, based on the effective library concentration and the
required data amount.

RNA-seq raw data quality control

The original fluorescence image files obtained from Illumina platform
are transformed to short reads (raw data) by base calling and these
short reads are recorded in FASTQ format, which contains sequence
information and corresponding sequencing quality information.26

Sequence artifacts, including reads containing adapter contamina-
tion, low-quality nucleotides and unrecognizable nucleotide, un-
doubtedly set the barrier for the subsequent reliable bioinformatics
analysis. Hence, quality control is an essential step and applied to
guarantee the meaningful downstream analysis. We used Fastp
(version 0.19.7)27 to perform basic statistics on the quality of the
raw reads. The steps of data processing were as follows. (1) Discard
a paired reads if either one read contains adapter contamination.
(2) Discard a paired reads if more than 10% of bases are uncertain
in either one read. (3) Discard a paired reads if the proportion of
low quality (Phred quality <5) bases is greater than 50% in either
one read.

Public bulk transcriptome data collection and integration

In this study, microarray data were collected from multiple sources,
including GSE12276,28 GSE16446,29 GSE19615,30 GSE20685,31

GSE21653,32 GSE58644,33 GSE58812,34 and GSE88770,35 to
construct the GEO cohort. Additionally, we downloaded Metabric
microarray data, RNA-seq count data from TCGA-BRCA, and
SCAN_B.36 Based on the five cohorts (GEO cohort, Metabric,
TCGA-BRCA, and SCAN_B), we generated the Meta_BC cohort. R
(version 4.3) was utilized for bioinformatic analysis of the transcrip-
tome data. The combat function of the R package “sva” (version
3.50.0) was used to eliminate batch effects.37 The R package
“IOBR” (version 0.99.8) was used to perform transcript per million
normalization and PCA.38 Ultimately, the Meta_BC cohort
comprised 7,604 breast cancer patients, including 3,203 LumA,
n ER-negative breast cancer

137,032 cells from 26 ERneg patients. (B) UMAP plot showing 7 cell types from 26

ster and cell type. (D) Density plot of CXCL11, COMP, EN1, and UHRF1 expression in

sma cells. (F) Ligand-receptor interaction analysis of MIF (CD74+CXCR4) pathway

f MIF signaling pathway network among tumor cells, B cells, and plasma cells. (H)

(I) Kaplan-Meier curve plotting OS status of male or female urothelial cancer patients
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1,614 LumB, 811 Her2, 1,468 TNBC, and 508 Normal-like (normal)
patients. Both the Meta_BC cohort and the individual cohorts were
used for further analysis.

DEG and pathway enrichment analysis

For the analysis of DEGs in RNA-seq data, we used the “DEseq2”
package (version 1.42.1) in R.39 For microarray data, we used the
“limma” package (version 3.58.1) for DEG analysis.40 Genes with
an adjusted p value of less than 0.05 and an absolute log2 fold change
of greater than 2.5 were considered as DEGs. After the identification
of DEGs, we conducted a global pathway analysis of plasma proteins
using the Molecular Signatures Database (“msigdb”, version 7.5.1),
which includes GOBP, GOMolecular Function, GO Cellular Compo-
nent, and Kyoto Encyclopedia of Genes and Genomes Pathways.41

Reactome pathway analysis was performed using the R package
“ReactomePA” (version 1.46.0).42 Ranked GSEA and GSVA were
conducted using the “clusterProfiler” package (version 4.12.3).43

Pattern expression analysis of recurrence-related genes

The expression patterns of DEGs recognized in RE and non-RE pa-
tients was analyzed by “Mfuzz.”44 Visualization of the results was car-
ried out with “GseaVis” (github.com/junjunlab/GseaVis, version
0.1.0). The Mfuzz analysis was conducted using default parameters
to classify the DEGs from RE and non-RE patients into distinct clus-
ters. Subsequently, DEGs from each cluster were selected for GOBP
pathway enrichment analysis. Furthermore, we calculated the mem-
bership score of each protein within the clusters.

Prognostic model construction and survival analysis

A total of 1,342 TNBC patients with outcome information were
randomly divided into a training cohort (n = 942) and a test
cohort (n = 400) at a ratio of 7:3. To select the most accurate prog-
nostic model in the training cohort, we utilized the R package
"Mime1" (version 0.0.0.9000), which includes 10 individual ma-
chine learning algorithms.11 The risk score calculated by the model
for predicting OS of each TNBC patient was termed as the ERI.
Subsequently, risk scores for all patients in Meta_BC were
computed, and patients were categorized into ERIHigh and
ERILow groups based on the mean value of ERI in each cohort.
Kaplan-Meier plots were generated to visualize survival curves be-
tween different groups using the “survival” (version 3.7-0) and
“survminer” (version 0.4.9) packages.

Next, TNBC and Her2 patients were combined to form the ERneg
cohort, which was randomly divided into a training cohort (n =
1,302) and a rest cohort (n = 550) at a ratio of 7:3. Univariate and
multivariate Cox regression analyses were conducted to examine
the relationship between ERI and various clinical factors, such as
age, T stage, N stage, and tumor grade, using the “forestmodel” pack-
age (version 0.6.2). Based on the analysis results, independent factors
predicting OS were identified. A nomogram predicting OS of ERneg
patients and a plot of the calibration curve were generated using the
“rms” package (version 6.7-0) based on these factors. DCA was calcu-
lated and plotted using the “ggDCA” package (version 1.2). The AUC
of the receiver operating characteristic curve and diagnostic accuracy
were used to evaluate the performance of the nomogram. Survival
analysis for immunotherapy was performed using the Kaplan-
Meier Plotter website (kmplot.com).45

PPI and TME analysis

The PPI analysis of ERI genes was conducted using the STRING data-
set (version 12.0, accessible at https://string-db.org/). Interacting pro-
teins from each cluster were further subjected to GOBP analysis, and
the top five enriched pathways were selected for visualization. Cyto-
scape (version 3.9.1) was used to illustrate the PPI, importance, and
pathway enrichment of ERI genes. To calculate the infiltration score
of TME components, we used the R package “IOBR” (version 0.99.8),
which incorporates various algorithms such as Cibersort, EPIC, Esti-
mate, IPS, MCP_counter, TIMER, and xCell.38

Correlation analysis and Mantel test analysis

The correlation between individual TME components and ERI was
assessed using Spearman’s correlation, and the results were visualized
with the R packages “corrplot” (version 0.92) and “ggcorrplot”
(version 0.1.4.1). A Spearman correlation coefficient |R| > 0.4 and a
p value of less than 0.05 were considered indicative of a significant
correlation. The Mantel test results were investigated using the
“linkET” package (version 0.0.7.4).

Single-cell RNA-seq data integration and analysis

For this study, scRNA-seq data from ncb and GSE161529 were down-
loaded from the GEO database. These datasets provided scRNA-seq
data from 17 TNBC and 9 Her2 primary tumor samples. The “Seurat”
package (version 4.4) was utilized to integrate the scRNA-seq data.46

Cells with an expressing gene count of less than 200 or greater than
6,000 were excluded. Additionally, cells with a mitochondrial content
exceeding 15% were filtered out, resulting in a total of 137,032 cells
with single-cell transcriptome data for further analysis. The “har-
mony” package (version 1.2.1) was used to mitigate batch effects be-
tween GSE176078 and GSE161529.47 UniformManifold Approxima-
tion and Projection dimensionality reduction was used to project cells
in two dimensions. Cell annotation was based on CellMarker 2.0.48

The genomic variation of epithelial cells was examined using “in-
fercnv” (version 1.16.0).49 The ligand-receptor interactions among
different cell clusters were measured using the R package “CellChat”
(version 2.1.2).50
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