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A new 4-gene-based prognostic
model accurately predicts breast
cancer prognosis and
Immunotherapy response by
integrating WGCNA and
bioinformatics analysis
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Background: Breast cancer (BRCA) is a common malignancy in women, and its
resistance to immunotherapy is a major challenge. Abnormal expression of genes
is important in the occurrence and development of BRCA and may also affect the
prognosis of patients. Although many BRCA prognosis model scores have been
developed, they are only applicable to a limited number of disease subtypes. Our
goalis to develop a new prognostic score that is more accurate and applicable to
a wider range of BRCA patients.

Methods: BRCA patient data from The Cancer Genome Atlas database was used
to identify breast cancer-related genes (BRGs). Differential expression analysis of
BRGs was performed using the ‘limma’ package in R. Prognostic BRGs were
identified using co-expression and univariate Cox analysis. A predictive model of
four BRGs was established using Cox regression and the LASSO algorithm. Model
performance was evaluated using K-M survival and receiver operating
characteristic curve analysis. The predictive ability of the signature in immune
microenvironment and immunotherapy was investigated. /n vitro experiments
validated POLQ function.

Results: Our study identified a four-BRG prognostic signature that outperformed
conventional clinicopathological characteristics in predicting survival outcomes
in BRCA patients. The signature effectively stratified BRCA patients into high- and
low-risk groups and showed potential in predicting the response to
immunotherapy. Notably, significant differences were observed in immune cell
abundance between the two groups. In vitro experiments demonstrated that
POLQ knockdown significantly reduced the viability, proliferation, and invasion
capacity of MDA-MB-231 or HCC1806 cells.
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Conclusion: Our 4-BRG signature has the potential as an independent biomarker
for predicting prognosis and treatment response in BRCA patients,
complementing existing clinicopathological characteristics.
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breast cancer, POLQ, prognostic signature, immune landscape, drug screening

1 Introduction

Breast cancer (BRCA) has overtaken lung cancer to become the
world’s leading cancer and the most deadly malignancy among
women (1). With the continuous progress of BRCA diagnosis and
treatment technology, the 5-year survival rate of early BRCA
patients can reach 95%, so early screening, diagnosis, and
treatment of BRCA are the keys to a good prognosis (2). BRCA is
a highly heterogeneous disease, and patients differ in their response
to treatment and prognosis even if the clinical stage and
pathological grade are the same. Although these molecular
subtypes are widely used, the prognosis of BRCA cases of each
subtype is still very different. Therefore, it is of great clinical
significance to explore new prognostic features.

In cancer research, prognostic models are widely used to predict
the prognosis of patients. Van De Vijver et al. first performed 70
genetic signatures that were strongly associated with survival in
BRCA patients (3). Peng et al. constructed a molecular prognostic
score based on 23 genes that accurately predicted the overall
survival of BRCA patients (4). In addition, various prognostic
models were constructed between cancer types, and these features
were shown to be more accurate in predicting clinical prognosis
than assessed by traditional pathological and imaging methods (5-
7). In the field of BRCA research, new prognostic models are not yet
fully developed. Therefore, we included breast cancer-related genes
in the construction of prognostic models to estimate novel strategies
for predicting outcomes in BRCA patients.

Over time, immunotherapy has made more significant progress
in other cancer types, including melanoma, kidney cancer, and lung
cancer (8). In the early stage, due to the weak immunogenicity of
BRCA, it is regarded as a “cold tumor”, and scholars believe that
immunotherapy is difficult to make a big breakthrough in it. Still, in
recent years, immunotherapy has made good progress in triple-
negative BRCA, especially in metastatic BRCA (9-12). Therefore,
finding an effective way to predict long-term survival and response
to immune checkpoint inhibitor treatment in BRCA patients is
critical (13).

In this study, weighted gene co-expression network analysis was
used to screen out the genes associated with BRCA prognosis. The
prognostic features were derived from univariate Cox regression
and LASSO regression analyses performed on the TCGA BRCA
training cohort. After rigorous validation in multiple cohorts, we
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demonstrated that the POLQ-related signature can effectively
predict BRCA prognosis. By using the median risk score, we
stratified the BRCA samples into high-risk and low-risk groups,
which displayed distinct overall survival, progression-free survival,
and disease-free interval, as well as differences in clinical
characteristics, immune infiltration, response to ICI treatment,
and chemotherapy drug sensitivity. To facilitate clinical
application, we developed a nomogram that can guide BRCA
treatment. These findings shed light on the immunological and
prognostic significance of POLQ in BRCA and highlight the
potential of its related biomarkers as promising targets for the
diagnosis and treatment of BRCA.

2 Materials and methods
2.1 Data collection

Utilizing multiple datasets, including GSE16228, GSE20685,
GSE20711, GSE42658, and GSE88770 from the Gene Expression
Omnibus (GEO) database, you collected a total of 745 BRCA tumor
tissue samples and 43 normal tissue samples as training sets.
Additionally, 1089 BRCA tumor samples from TCGA were used as
the testing cohort. To ensure accurate analysis, patients lacking
important clinical information such as OS and relapse status were
excluded, and data normalization was performed to mitigate
batch effects.

2.2 WGCNA

By constructing a weighted gene coexpression network using
the WGCNA R software package, you aimed to identify
coexpression gene modules, investigate the relationship between
the gene network and phenotype, and identify core genes within the
network. Here’s an overview of the process we followed: Calculation
of Median Absolute Deviation (MAD): You calculated the MAD for
each gene in the BRCA gene expression profile. Selection of genes:
The top 50% of genes with the smallest MAD values were excluded.
This step helped filter out less informative genes. Removal of
outliers: The “goodSamplesGenes” method from the WGCNA
package was used to remove outlier genes and samples from the

frontiersin.org


https://doi.org/10.3389/fimmu.2024.1331841
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Chen et al.

dataset. Construction of a scale-free co-expression network: Using
WGCNA, you built a scale-free co-expression network. The
Pearson correlation matrix and average linkage method were
employed for pairs of genes. Weighted adjacency matrix
construction: A power function (A_mn=|C_mn|Af) was applied
to construct the weighted adjacency matrix. The soft threshold
parameter, [3 was used to accentuate strong gene correlations and
compensate for weaker ones. Topological overlap matrix (TOM):
The weighted adjacency matrix was transformed into a TOM to
estimate network connectivity. The hierarchical clustering method
helped create a cluster tree structure for the TOM matrix. Module
analysis: Dissimilarity of characteristic genes within the modules
was computed. Tangent lines of the module tree were selected, and
some modules were combined for further analysis.

2.3 Identification of DEGs and functional
enrichment analysis

We identified 129 differentially expressed genes between the
BRCA group and the normal control group using the “Limma”
package. The selection criteria included a |logFC| = 1 and p < 0.01.
Next, you employed the “clusterProfiler” package for conducting
the Gene Ontology (GO) function and Kyoto Encyclopedia of
Genes and Genomes (KEGG) pathway enrichment analysis based
on these DEGs. GO function analysis categorizes genes into
different functional groups, while KEGG pathway analysis
explores molecular interactions and networks within cells. These
analyses provide valuable insights into the biological mechanisms
underlying BRCA and can reveal potential therapeutic targets

and interventions.

2.4 Random survival forest
variable screening

Random Survival Forest (RSF) is an ensemble method that
consists of a collection of randomly growing survival trees. The tree-
building rules in RSF are similar to those of random forest, which is
an extended methodology used for analyzing survival data. To
identify prognostic genes in the training set, univariate Cox
proportional regression models were initially employed. Then,
1000 classification trees were constructed using bootstrap
samples. During the tree-building process, candidate variables
were randomly selected at each node, and nodes were classified
based on survival criteria such as survival time and truncation
information. To determine the variables entering the model, gene
screening was performed using exponential sequencing or gene
occurrence frequency. Each decision tree within the random
survival forest is a binary survival tree, generated following the
top-down recursive splitting principle. This approach involves
sequentially dividing the training set from the root node, which
helps prevent model overfitting. Using RSF, researchers can obtain
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valuable insights into the prognosis of specific diseases, including
potential prognostic genes and their impact on survival outcomes.

2.5 GeneMANIA analysis

GeneMANIA (http://www.genemania.org) is an excellent
resource for constructing protein-protein interaction (PPI)
networks and analyzing gene function and interactions. This user-
friendly database enables researchers to visualize functional
networks between genes and gain insights into gene behavior.
The GeneMANIA website provides the flexibility to customize the
data sources of gene nodes, including physical interaction, gene
coexpression, gene colocalization, gene enrichment analysis, and
predictions from other sources. By incorporating these diverse data
sources, researchers can obtain a comprehensive understanding of
gene relationships and their functional implications. In this study,
we utilized GeneMANIA to construct a core gene network specific
to ovarian cancer patients. This network serves as a valuable tool to
investigate the potential mechanisms underlying the action of
identified genes within the context of ovarian cancer. By
visualizing and analyzing these gene interactions, we can gain
insights into the functional associations and pathways involved in
the disease. Make sure to carefully interpret the findings from the
gene network analysis and consider additional validation strategies
to strengthen the conclusions.

2.6 Analysis of immune cell infiltration

To assess various aspects of the tumor microenvironment
(TME) in BRCA patients, we employed several algorithms. The
ESTIMATE algorithm allowed us to evaluate the Stromalscore,
Immunescore, and TMEscore. These scores provide insights into
the levels of stromal and immune cell infiltration within the tumor.
For a detailed analysis of immune cell types in the TME, we utilized
the CIBERSORT algorithm. CIBERSORT is a widely used method
that employs support vector regression to deconvolute the
expression matrix of immune cell subtypes. This enabled us to
quantify the levels of immune cell infiltration in each patient. To
further assess the TME, we employed the MCPcounter algorithm.
This algorithm generates abundance scores for eight immune cell
types and two stromal cell types (including T cells, CD8+ T cells,
cytotoxic lymphocytes, NK cells, B lymphocytes, monocytes, bone
marrow dendritic cells, neutrophils, endothelial cells, and
fibroblasts) based on the gene expression matrix. Notably,
MCPcounter has been verified to exhibit a high correlation
between estimated scores and actual cell scores when conducting
quantitative validation. By evaluating the association between the
risk scores (derived from the previously constructed prognostic
model), gene expression levels, and immune cell infiltration, we aim
to understand the interplay between the genetic signature and the
immune microenvironment in BRCA. Additionally, we examine
subgroup differences in immune checkpoint expression and
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immune function, providing valuable insights into potential
immunotherapeutic targets and treatment strategies.

2.7 Development of the prognostic model

From a pool of 100 intersection genes, we conducted univariate
Cox regression (uniCox) analysis to identify 18 genes that showed
associations with prognosis. Subsequently, we employed the
“glmnet” package for regression analysis, specifically utilizing
LASSO-cox analysis, to construct a prognostic model. The risk
scores for individual patients were calculated by summing the gene
expression values multiplied by their respective gene coefficients in
the model. This risk score served as an indicator of the likelihood of
an adverse prognosis. To further analyze and visualize the patient
data, we divided the patients into high and low-risk groups based on
the median risk score. Utilizing the “stats” package (version 3.6.0),
we performed Principal Component Analysis (PCA). This analysis
aids in dimensionality reduction by transforming and clustering the
patients’ gene expression profiles. Specifically, we initially applied a
z-score transformation to standardize the gene expression data and
then utilized the prompt function to obtain a reduced matrix
representing the principal components. It’s worth mentioning
that the selection of genes and the use of LASSO-cox analysis
contribute to the construction of a robust prognostic model.
Moreover, conducting PCA analysis allows for a comprehensive
visualization of the patient data, which may reveal patterns or
clusters related to prognosis.

2.8 Clinical significance analysis of the
risk model

After excluding patients with missing data, we integrated their
clinical information and risk score to conduct uniCox and
multivariate Cox regression (multiCox) analyses. These analytical
approaches allow us to assess the relationship between the risk score
model and patient prognosis. To evaluate the accuracy of the risk
score model as a prognostic predictor, we performed ROC analysis
using the pROC package (version 1.17.0.1). The Area Under Curve
(AUC) values were calculated to provide a quantitative measure of
the predictive power. We also used the CI function of the package to
determine the Confidence Intervals (CI) around the AUC values,
providing a measure of the uncertainty associated with the
predictions. By analyzing the AUC values and their corresponding
CI, we can determine the final results and assess whether the risk
score model can serve as an independent and reliable prognostic
predictor. It’s important to note that further studies may explore
alternative methods or consider additional variables to enhance the
predictive capabilities of the risk score model. The pROC package is a
valuable resource in this process, facilitating the calculation of AUC
values and their associated confidence intervals.

Frontiers in Immunology

10.3389/fimmu.2024.1331841

2.9 Establishment of a
predictive nomogram

In addition to the patient’s risk score and clinicopathological
features, we employed the “rms” package to construct a nomogram.
This nomogram combined multiple variables to visualize their
relative contributions in predicting patient outcomes. To assess the
prognostic predictive power of these clinical features, particularly for
1-year, 3-year, and 5-year OS, we performed ROC analysis. The ROC
analysis allows us to evaluate the accuracy of the predictive models by
examining the true positive rate against the false positive rate. To
validate the predictive accuracy of the nomogram, we utilized
calibration curves. These curves provide graphical representations
of the agreement between predicted outcomes and observed
outcomes. The incorporation of calibration curves allows for an
assessment of the accuracy and reliability of the predictive model.
Is important to note that future studies may further explore
alternative methods or consider additional factors to enhance the
predictive capabilities of the nomogram. The “rms” package serves as
a valuable tool in this process, facilitating the creation of
comprehensive and informative prediction models.

2.10 Drug sensitivity analysis

The Genomics of Drug Sensitivity in Cancer (GDSC) database,
accessible at https://www.cancerrxgene.org/, serves as a valuable
resource for cancer drug sensitivity genomics. In our study, we
utilized the R software package called “pRRophetic” to predict the
sensitivity of tumor samples to chemotherapy. By applying a filter
condition of p < 0.001, we determined the chemotherapy sensitivity
for each tumor sample. The prediction process involved regression
analysis to estimate the IC50 values for specific chemotherapeutic
agents. To evaluate the accuracy of regression and prediction, we
conducted 10-fold cross-validation tests using the GDSC training
set. For all parameters, including the removal of batch effects using
“combat” and averaging repeated gene expression, we opted for the
default values. These steps enable us to mitigate potential biases and
enhance the reliability of the predictions. It is worth noting that
future research may explore alternative parameter settings or
incorporate additional validation techniques to further refine the
predictions. The GDSC database and the pRRophetic package offer
a powerful combination for investigating and understanding
chemotherapy sensitivity in cancer samples.

2.11 Cell transfection

Two distinct small interfering RNAs (siRNAs) targeting POLQ
were synthesized by Ribobio (Guangzhou, China). The transfection
protocols were executed following the manufacturer’s guidelines,
using Lipofectamine 3000 (Invitrogen, USA). Supplementary
Table 1 contains the siRNA sequences for POLQ.
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2.12 RT-qPCR

Total RNA was extracted from tissues or cell lines using TRIzol
reagent (15596018, Thermo) and standard protocols were followed.
Subsequently, cDNAs were synthesized using the PrimeScriptTMRT
kit (R232-01, Vazyme). The Roche LightCycler 480 platform (Roche,
GER) was employed to quantify gene expression levels, utilizing
SYBR qPCR Master Mix (Q111-02, Vazyme). Supplementary Table 1
contains the primer sequences, which were sourced from Tsingke
Biotech (Beijing, China).

2.13 Cell counting kit-8 assay

Each well of a 96-well plate was seeded with 2000 treated cells.
Following this, the cells were subjected to treatment with the CCK-8
labeling reagent (A311-01, Vazyme) and evaluated at various time
points, including days 1, 2, 3, 4, and 5.

2.14 Wound healing

After achieving 95% confluency, the transfected cells were
subsequently plated into 6-well plates. To produce a straight line, a
sterile pipette tip with a volume of 200 pL was utilized, followed by
gentle rinsing with PBS to remove any unattached cells and debris.
Subsequently, the serum-free cell medium was replaced to maintain cell
culture. Images were captured at 0 and 48 hours in the same location.

2.15 Transwell

A density of 2x10” cells per well in 200 UL of serum-free medium
was used to seed the cells in the upper chamber of a transwell plate.
The upper chamber was either coated or uncoated with matrix glue
(BD Biosciences, USA). The lower compartment was loaded with 700
ML of complete medium supplemented with 10% serum. After 36
hours of incubation, the cells were fixed, stained, and counted by
microscopy. Images were captured for analysis.

2.16 Statistical analysis
All statistical analyses were performed using R language

(Version 3.6). All statistical tests were bilateral, and P <0.05 was
considered statistically significant.

3 Results

3.1 Identification of DEG sets associated
with BRCA patients compared to
normal women

To establish our study cohort, we obtained gene expression
profiles from five GEO datasets, comprising 745 tumor tissue
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samples and 43 normal control tissue samples, which served as
the training cohort. Additionally, we utilized the TCGA-BRCA
cohort, consisting of 1089 BRCA tumor tissue samples, as the
validation cohort. In the training set, we identified genes that
demonstrated significant differential expression (|logFC|>1 &
p<0.01) (Figures 1A, B). We employed WGCNA analysis to
construct a gene coexpression network for BRCA using the
training set. Subsequently, we employed dynamic hybrid cutting
to generate a hierarchical clustering tree, which facilitated the
identification of gene modules. The tree branches represented
groups of genes with similar expression patterns, with each gene
represented as a leaf in the tree (Figures 1C-E). Furthermore, we
successfully constructed twelve modules within the training cohort,
and we identified the magenta modules as potential hub
modules (Figure 1F).

3.2 Acquisition of intersection genes and
molecular characteristics analysis in BRCA

To verify the reliability of the genes obtained above, we
performed a Venn analysis based on the DEG set and hub gene
set data (Figure 2A). A total of 100 intersection genes were screened
for GO and KEGG enrichment. GO analysis showed that these
intersection genes are enriched in a variety of biological processes,
including cell cycle, mitotic cell cycle process, cell division, nuclear
division, and chromosome segregation. KEGG analysis revealed
that cell cycle, oocyte meiosis, progesterone-mediated oocyte
maturation, and p53 signaling pathway were enriched by these
intersection genes (Figure 2B). In addition, we constructed PPI
networks using an online tool (https://cn.string-db.org) to explore
the association between the intersection genes. The results showed
that CDK1, BUBI1B. KIF11, KIF20A, and CCNB1 were hub genes
(confidence score = 0.900) (Figures 2C, D). These hub genes are
highly expressed in tumor tissues compared to normal control
tissues and in the ROC curve, these hub genes displayed a pretty
AUC value (Figures 2E, F), implying their potentially critical roles
in BRCA. Furthermore, the Genemania network also indicated that
the five genes have a close interaction in multiple biological
functions, including mitotic nuclear division, negative regulation
of cell cycle phase transition, and cell cycle checkpoint (Figure 2G).
In immune cell infiltration analysis, we found that a variety of
immune cells, including CD8"T cells, plasma cells, activated NK
cells, and macrophages M2 were more abundant in normal tissues,
while macrophages M1, T cells CD4" memory resting, and yd T cells
were more infiltrated in tumor tissues (Figures 2H, I).

3.3 Development and validation of the
prognostic model

Based on 100 intersection genes, the researchers conducted a
uniCox analysis and identified 18 prognostic-related genes, which
were found to be highly expressed in tumor tissues (Figure 3A). They
then developed a risk model to assess the prognostic predictive ability
of these intersection genes specifically in BRCA patients. To establish
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the optimal predictive model, LASSO and multiCox analysis were
performed on 18 prognosis-related differentially expressed genes.
Ultimately, four genes (RAD51AP1, HELLS, PLSCR4, and POLQ)
were identified, and the formula for the risk score was derived as
follows: risk score = (0.171787939 * expression of RAD51AP1) +
(0.180159626 * expression of HELLS) + (-0.35136865 * expression of
PLSCR4) + (0.35452173 * expression of POLQ). Following the risk
score calculation, the patients were divided into high-risk and low-
risk groups based on the median risk score. Kaplan-Meier analysis
demonstrated that low-risk patients had a better OS compared to the
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high-risk patients (Figure 3B). Additionally, PCA analysis showed a
distinct separation of patients into high-risk and low-risk groups
(Figure 3C). The prognostic model exhibited promising predictive
ability with AUC values of 0.76 (95% CI = 0.91-0.62), 0.68 (95% CI =
0.71-0.56), and 0.64 (95% CI = 0.68-0.56) for predicting patients’ OS
at 1, 3, and 5 years, respectively (Figure 3D). Moreover, there was an
inverse correlation between the risk score and patient survival, as
evidenced by the decreasing OS and increasing mortality rate with
higher risk scores (Figures 3E, F). The expression heatmap in
Figure 3G illustrates the gene expression patterns involved in
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constructing the prognostic model. Importantly, the prognostic
model was validated in an independent cohort and showed good
predictive power (Figures 4A-F).

3.4 Clinical correlation analysis of the
prognostic model and construction of
a nomogram

UniCox and multiCox analyses were conducted to assess the

independent prognostic value of the risk score (Figures 5A, B). The
forest plot indicated that the risk score is comparable to tumor
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grade and tumor stage as an independent risk factor for predicting
the prognosis of BRCA patients. Patients who experienced distant
metastasis or tumor relapse exhibited higher risk scores (Figures 5C,
D), suggesting a correlation between the risk score and increased
risk of metastasis and poorer prognosis. To enhance predictability, a
nomogram was developed based on clinical characteristics to
estimate the 1l-year, 3-year, and 5-year OS of BRCA patients
(Figure 5E). The calibration curves in Figure 5F demonstrated the
high accuracy of the nomogram in predicting the 3-year and 5-year
OS of BRCA patients. Additionally, the receiver operating
characteristic (ROC) curve in Figure 5G revealed the AUC values
of the nomogram for predicting the 1-year, 3-year, and 5-year OS:
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0.89 (95% CI = 0.97-0.92), 0.87 (95% CI = 0.95-0.79), and 0.86 (95%
CI = 0.94-0.79), respectively.

3.5 Assessment of TME, checkpoints, and
immune function in distinct groups

In our study, we explored the correlation between immune cell
abundance and the risk score. Our findings, as depicted in Figure 6A,

Frontiers in Immunology

T T T T T T
KIFI1 LRRN4CL KNTCI RADSIAPI TSHZ2 ATAD2

Risk score

08

Cc

T T T T
HELLS SCN4B PLSCR4 PDGFD

T T T
POLQ ZNF423 RNASE4

030+

Group
@high

Wiow
0254

0204
015+

0104

PCA2(35.9%)

0,05
.
0.004

~0.05+4

-0.104

~0.08 ~0.06 —0.04 ~0.02 0.00 002 004 006 008 010 012 0.1
PCAI(68.42%)

o -

@ high risk
| ® low risk

400

Patients (increasing risk socre)

revealed interesting associations between the risk score and different
immune cell types. Specifically, the risk score positively correlated
with memory B cells, naive CD4" T cells, macrophages M0, and
activated NK cells. Conversely, it exhibited a negative correlation with
naive B cells, resting CD4" memory T cells, resting dendritic cells, and
YO T cells. Furthermore, our analysis demonstrated that the risk score
was linked to higher StromalScore, ImmuneScore, and
ESTIMATEScore, as illustrated in Figure 6B. This suggests that the
risk score may indicate increased stromal and immune activity within

frontiersin.org


https://doi.org/10.3389/fimmu.2024.1331841
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Chen et al.

10.3389/fimmu.2024.1331841

Survival ity

p2ser
HR-23095CP4(1.663.15)
umber sk

Group
®igh
Wiow

Time:AUC(95%CI)
e | Year: 0.75(0.86-0.64)

4302 T T T T
futime ~006 -004 -002 000

PCAI(76.29%)

002 004 006 008 010 s 3 Year: 0.71(0.77-0.66)
m— 5 Year: 0.67(0.73-0.61)

02 o 0 os 1o
Lspecificiies

D E F
— @ high risk | ®*Dead
o | ® lowRisk [
& 8
@ 28
: :
3 2 3
3 s
€T $ s
4 ]
=3
s °
T T T T T T
0 200 400 600 800 1000 0 200 400 600 800 1000

Patients (increasing risk socre)

FIGURE 4

Patients (increasing risk socre)
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the TME. To delve deeper, we assessed the association between the
genes utilized in constructing the risk score model and the infiltration
levels of various immune cells. Notably, we observed significant
correlations between the expression levels of certain genes, such as
POLQ, and the abundance of specific immune cell types. For
instance, the expression level of POLQ displayed a significant
positive correlation with naive B cell infiltration and a negative
correlation with activated NK cell infiltration, as shown in
Figure 6C. Figure 6D revealed significant differences in various
immune functions between the high-risk and low-risk groups, such
as T cell co-inhibition, immune checkpoint expression, cytolytic
activity, and type I IFN response. The MCPcounter analysis in
Figure 6E demonstrated that the high-risk group had decreased
infiltration levels of endothelial cells, fibroblasts, and immune cells
compared to the low-risk group. Moreover, by analyzing 35 common
immune checkpoints including PD-1, PD-L1, CTLA-4, and LAG3
between the high and low-risk groups (Figure 6F), it was observed
that the low-risk group exhibited lower levels of immune
checkpoint expression.

3.6 Drug sensitivity analysis

For evaluating the predictive power of the risk score in assessing
clinical drug therapy sensitivity among BRCA patients, we employed
the “pRRophetic” package to calculate the IC50 values associated with
138 drugs for each patient. Our analysis yielded intriguing findings
regarding potential drug responses based on the risk score. Patients
with low-risk scores exhibited promising indications of positive
responses to several drugs, including All-trans-retinoic acid
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(ATRA), bleomycin, cytarabine, doxorubicin, gemcitabine,
paclitaxel, and sorafenib. On the other hand, patients with high-
risk scores displayed a greater likelihood of positive responses to
bicalutamide, docetaxel, as well as various targeted therapy drugs
such as dasatinib, lapatinib, axitinib, and other similar medications
(Figure 7). Taken together, these outcomes suggest a noteworthy
correlation between the risk score and drug sensitivity. Nonetheless, it
remains essential to exercise caution and further validate these
observations through rigorous validation studies. May these
findings contribute to the advancement of personalized medicine
approaches for better management of BRCA patients!

3.7 Core genes related to genetic
alterations, TMB, and targeted therapy/
chemotherapy in BRCA

To determine whether four genes exist in the somatic mutation
frequencies in BRCA, we extracted the oncoprint profiles based on
the cBioPortal database (http://www.cbioportal.org/). The somatic
mutation frequencies of RAD51AP1, HELLS, PLSCR4, and POLQ
were 1.9%, 0.4%, 1.4%, and 1.7%, respectively (Figure 8A). In
addition, tumor mutation burden (TMB) is a very important and
identifiable clinical biomarker for immunotherapy. We calculated
the TMB of each sample, and after analysis, we found that there was
a significant correlation between the expression levels of
RAD51AP1, HELLS, PLSCR4, POLQ, and the TMB data.
Specifically, high expression of PLSCR4 was associated with lower
TMB. In contrast, high expression of RAD51AP1, HELLS, and
POLQ was associated with higher TMB in BRCA (Figure 8B).
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In addition, previous studies have shown that abnormal
epigenetic modifications can drive tumorigenesis and resistance to
treatment. We extracted DNA methylation profiles of these core
genes in BRCA based on the TCGA database and the results showed
increased methylation levels in BRCA compared to normal breast
tissue (Figure 8C).

Taking into account the chemotherapy used in daily work, we
evaluated the response of gene expression subtypes (low or high
expression levels) to five chemotherapy agents and one ErbB-2
inhibitor: Docetaxel, Doxorubicin, gemcitabine paclitaxel, and
Apatinib. Interestingly, low RAD51AP1, HELLS, PLSCR4, and
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POLQ may be more sensitive to docetaxel, apatinib, while high
RAD51API1, HELLS, PLSCR4, and POLQ may be more sensitive to
doxorubicin, gecitabine, and paclitaxel (Figure 8D).

3.8 Biological function and POLQ
expression in BRCA are confirmed

By doing in vitro tests, we furthered our understanding of

POLQ ‘s role. Firstly, the results of bioinformatics analysis
showed that the expression of POLQ in BRCA tissues was higher
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than that in normal tissues (Figure 9A). We verified the results in 20
pairs of clinical tissue samples and obtained consistent results
(Figure 9B). To select suitable BRCA cell lines for POLQ
knockdown assay, we verified the expression level of POLQ in 5
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cell lines, and the results showed that the expression level of
HCC1806 and MDA-MB-231 cell lines was relatively high
(Figure 9C). Therefore, we selected these two cell lines for POLQ
knockdown experiments and verified their transfection efficiency
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(Figure 9D). In CCK-8 studies, we saw that cells with POLQ
knockdown displayed significantly decreased proliferative activity
(Figures 9E, F). Colony-forming experiments also showed that the
proliferation ability of melanoma cells was significantly reduced
after POLQ knockdown (Figures 9G, J). Wound healing
experiments showed that the migration ability of BRCA cells was
significantly reduced after POLQ gene knockdown (Figures 9H, I).
After the knockdown of POLQ, two cell lines significantly reduced
their ability to heal, migration, and invasion (Figures 9K-M).

4 Discussion

Heterogeneity is one of the important characteristics of BRCA
(14). Although most studies believe that BRCA is monoclonal in
origin, due to multiple divisions, proliferation, and continuous
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evolution in the process of occurrence and development,
epigenetic, genomic, and microenvironment changes lead to
different phenotypes and biological characteristics of cells,
resulting in heterogeneity (15). It showed different histological
types, differentiation degree, cell proliferation rate, invasion and
metastasis ability, and therapeutic responsiveness. Therefore, the
accurate implementation of personalized medicine for BRCA
requires further research and exploration (16, 17).

In our study, we used the WGCNA method to screen out
BRCA-related genes that are specifically expressed in BRCA tissues.
Subsequently, four genes were identified by difference analysis,
univariate Cox regression, lasso regression, and multifactor Cox
regression, and were further used to create a new risk profile.
Patients were divided into high-risk and low-risk groups based on
a median risk score. The difference in survival rate between the
high-risk group and low-risk group was statistically significant, and
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the prognosis of the low-risk group was significantly better than that
of the high-risk group (P<0.01). Validation analysis of TCGA and
GEO databases showed that our prognostic model based on related
genes could well distinguish BRCA patients. The forest map showed
that risk score was an independent risk factor for predicting
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prognosis in patients with BRCA compared to tumor grade and
tumor stage. We also found that BRCA patients who developed
distant metastases or tumor recurrence had higher risk scores.
Overall, based on our findings, a higher risk score implies a
higher risk of metastasis and a worse prognosis. Compared to
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other existing BRCA prognostic models, such as apoptosis-related
gene prognostic models (AUC at 1, 3, 5 years = 0.637, 0.701, 0.695),
platelet-related prognostic models (AUC at 1, 3, 5 years = 0.639,
0.563, 0.596), and anoikis and immune-related gene prognostic
0.521, 0.643, 0.695), our model

models (AUC at 1, 3, 5 years
shows more accurate predictive performance (18-20).
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Immunotherapy is a new type of anti-tumor therapy that is
completely difterent from the previous anti-tumor therapy (21).
Under normal circumstances, immune cells are the protectors of
our body kingdom, and the body’s immune system has an immune
surveillance function, which can recognize, kill, and timely
eliminate abnormal cells in the body (22). As abnormal cells,
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tumor cells can be recognized and eliminated by the body’s immune
system under normal circumstances. Immunotherapy has also been
carried out in a series of studies in BRCA, although its effect is not as
significant as in lung cancer, melanoma, and other tumors, it has
achieved a certain effect in triple-negative BRCA (23, 24), while the
results in HR-positive/HER2-negative and HER2-positive BRCA
are still immature or the efficacy needs further exploration (25). At
present, the immune checkpoint inhibitor used in BRCA clinics is
programmed death protein-1 (PD-1) programmed death protein
ligand-1 (PD-L1), and other immune checkpoint inhibitors are still
being studied and explored (26). The effective rate of immune
checkpoint inhibitors is low, and most of them are combined with
chemotherapy drugs. The research on the combination with other
drugs is still underway (27). What we know is that one of the
important reasons for the low efficiency of immune checkpoint
inhibitors and their use in combination with chemotherapeutic
agents in clinical treatment is that the immunotherapy-sensitive
population cannot be accurately screened by the available means,
whereas the TMB may drive effective anti-tumor immune responses
and ultimately lead to a sustained clinical response to
immunotherapy. Our results showed that the expression of genes
involved in the model, such as POLQ, was significantly correlated
with the TMB data in the BRCA patients, and that this group of
patients with high POLQ expression levels was more likely to show
better therapeutic effects to immunotherapy, which may provide a
certain reference value for the individualized precision treatment of
BRCA patients in the clinical practice. However, this needs to be
confirmed by more real-world studies. Chimeric antigen receptor T
(CAR-T) cell therapy is a personalized immunotherapy approach
that has made some progress in BRCA treatment (28). Car-T cell
therapy works by introducing a CAR that targets a BRCA-specific
antigen into a redesigned T cell in the patient’s body, thereby
activating and boosting the patient’s immune system to attack
tumor cells. Vaccine therapy is a method of using specific
antigens to stimulate the patient’s immune system to produce an
anti-tumor immune response. In BRCA immunotherapy,
researchers are developing various vaccines, including cancer
vaccines, tumor polypeptide vaccines, and genetic vaccines, to
activate the patient’s immune system to fight BRCA (29). In
addition to the strategies mentioned above, there are several other
BRCA immunotherapies under investigation. Examples being
explored include the combination of immune checkpoint
inhibitors, tumor-associated antigen (TAA) specific T cell
therapy, and the use of immune promoters (30). While there have
been some encouraging advances in BRCA immunotherapy, the
effectiveness and safety of these strategies are still being evaluated in
research and clinical trials. Therefore, for specific patients, it is still
necessary to discuss and make decisions in detail according to
individual circumstances.

In our study, we further calculated the correlation between
immune cell abundance and risk score. We found that risk scores
were positively correlated with memory B cells, primary CD4" T
cells, macrophage MO, and activated NK cells, and negatively
correlated with primary B cells, resting CD4" memory T cells,
resting dendritic cells, and gamma-delta T cells. Given the
important role of initial CD4" T cells, macrophage MO0, and other
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immune cells in immunotherapy, our prognostic model has a
certain guiding significance for the immunotherapy response of
BRCA patients. Our results also found that the genes involved in the
model construction were significantly correlated with the
infiltration levels of most immune cells. For example, POLQ gene
expression levels were significantly positively correlated with naive
B cell infiltration and negatively correlated with activated NK cell
infiltration. At present, the immune checkpoint inhibitor used in
BRCA clinics is programmed death protein-1 (PD-1) programmed
death protein ligand-1 (PD-L1), and other immune checkpoint
inhibitors are still being studied and explored. We analyzed 35
common immune checkpoints such as PD-1, PD-L1, CTLA-4, and
LAG3 between the high and low-risk groups, and found that the
expression level of immune checkpoints in the low-risk group was
lower. This may indicate a better response to immunotherapy in the
high-risk group. However, the efficacy of immune checkpoint
inhibitors is low in single-drug treatment, and most of them are
combined with chemotherapy drugs, and the study of combination
with other drugs is still ongoing. Therefore, clinicians must identify
individualized treatment at an early stage, as sensitive drugs vary
from person to person. To find chemotherapy drugs that are more
sensitive to high-risk populations, we perform drug sensitivity
analysis to develop specific drugs for high-risk populations.

DNA repair is indeed crucial for maintaining genomic stability
and preventing the development of cancer. The evolving
understanding of the DNA damage response pathway has
expanded the possibilities for therapeutic approaches in oncology.
It is becoming increasingly clear that genomic instability in cells
caused by defective DNA damage responses contributes to the
development of cancer (31, 32). On the other hand, these defects
can also serve as a therapeutic opportunity (33, 34). Targeting
various components of the DNA Damage Repair (DDR) pathway,
such as PARP, ATM, ATR, CHK1, WEEI, and DNA-PK, has led to
the development of DDR-targeted drugs, some of which are
currently under clinical study (35, 36). Currently, inhibitors of
these DDR components, some of which are under clinical study (37,
38). It’s also interesting to note the potential synergy between DDR
inhibitors and conventional cancer therapies, as well as their
correlation with immune checkpoint inhibitor response, which
promotes the exploration of combination therapies. These
advancements in DNA repair-targeting drugs are increasingly
playing a significant role in the field of tumor therapy (39, 40).
Drugs that target DNA repair pathways are showing an increasing
role in the field of tumor therapy (33, 39, 41).

POLQ is a large protein composed of helicase (HD) and
polymerase domains (PD), and deletion of either leads to synthetic
lethality of HR deficiency (42). POLQ is a promising target in cancer
therapy, and POLQ inhibitors are being actively developed by the
scientific and industrial communities (43). On August 5, 2021, Artios
Pharma published the clinical registration of the First-in-class drug
ART4215 on the clinical trials website. ART4215 is the world’s first
highly selective oral small-molecule targeted POLQ inhibitor in the
Pol® polymerase domain to enter clinical studies. On August 10,
2022, Artios Pharma announced that it has initiated a Phase II study
of ART4215 in combination with the PARP inhibitor talazoparib in
BRCA-deficient BRCA. POLQ helicases and POLQ polymerase
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inhibitors have been developed, and these POLQ inhibitors (POLQI)
have specific effects on killing BRCA-deficient cells (44), but the
specific mechanism of action of POLQ is unknown. More clinical
trials are needed to confirm the promise of POLQ inhibitors in BRCA
patients, especially those at high risk.

The study looked for monitoring and predictors of
immunotherapy in BRCA patients, such as immune-related
markers or gene expression characteristics. This will help
determine which patients are suitable for immunotherapy and
provide individualized treatment decisions. By delving deeper into
immunotherapy for BRCA, we can reveal the interaction between
the immune system and the tumor, develop more accurate and
effective treatments, and improve patient outcomes and survival.
However, the prognostic model we constructed through
bioinformatics requires further external validation on
independent datasets to verify its predictive performance and
generalization ability. In addition, the application of the
prognostic model in clinical practice should fully consider the
actual clinical environment, feasibility, and interpretability. At the
same time, BRCA is a dynamically changing disease, and
biomarkers and clinical characteristics of patients may change
over time. Prognostic models need to be able to account for this
variation and provide real-time, valid recommendations in
treatment decisions.

5 Conclusions

In this study, transcriptomics and proteomics were combined to
conduct a comprehensive analysis. These data are integrated to
conduct in-depth research, break through the limitations of a single
omics study, conduct a joint analysis of different omics data, dig for
more meaningful information in the limited data, build the body
regulatory network, and deeply understand the regulation and
causality between various molecules. The immunological and
prognostic significance of POLQ in breast cancer was explored
systematically. Notably, we advocate effective prognostic signatures
based on POLQ-related genes. Our findings provide a novel and
accurate classification and treatment strategy for breast
cancer patients.

Data availability statement

The datasets presented in this study can be found in online
repositories. The names of the repository/repositories and accession
number(s) can be found in the article/Supplementary Material.

Ethics statement

The studies involving humans were approved by Ethics
Committee of Nanjing Medical University. The studies were
conducted in accordance with the local legislation and
institutional requirements. The participants provided their written
informed consent to participate in this study.

Frontiers in Immunology

16

10.3389/fimmu.2024.1331841

Author contributions

WC: Conceptualization, Writing - original draft, Writing -
review & editing. YK: Data curation, Writing - original draft,
Writing - review & editing. WS: Formal analysis, Writing -
original draft, Writing - review & editing. QH: Methodology,
Writing — original draft, Writing — review & editing. JC: Software,
Writing - original draft, Writing - review & editing. SP: Data
curation, Methodology, Writing - original draft, Writing — review &
editing. YM: Methodology, Software, Writing - original draft,
Writing - review & editing.

Funding

The author(s) declare financial support was received for the
research, authorship, and/or publication of this article. This
research was funded by the 2021 Suzhou Science and Technology
Bureau 550 (Medical and Health Technology Innovation) project
(Grant No. SKJY2021126); the 551 2021 Project of Beijing Sisko
Clinical Oncology Research Foundation (Grant No. Y552
Young2021-0087); and the 2023 Suzhou Science and Technology
Bureau (Medical 553 Innovation Applied Research) project (Grant
No. SKYD2023140).

Acknowledgments

We are very grateful for the data provided by databases such as
TCGA, and GEO. Thanks to the reviewers and editors for their
sincere comments.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Publisher’'s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found online at:
https://www.frontiersin.org/articles/10.3389/fimmu.2024.1331841/
full#supplementary-material

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fimmu.2024.1331841/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fimmu.2024.1331841/full#supplementary-material
https://doi.org/10.3389/fimmu.2024.1331841
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Chen et al.

References

1. Siegel RL, Miller KD, Fuchs HE, Jemal A. Cancer statistics, 2022. CA Cancer ] Clin
(2022) 72(1):7-33. doi: 10.3322/caac.21708

2. Cardoso F, Kyriakides S, Ohno S, Penault-Llorca F, Poortmans P, Rubio IT, et al.
Early breast cancer: esmo clinical practice guidelines for diagnosis, treatment and
follow-upt. Ann Oncol (2019) 30(8):1194-220. doi: 10.1093/annonc/mdz173

3. van de Vijver MJ, He YD, van’t Veer L], Dai H, Hart AA, Voskuil DW, et al. A
gene-expression signature as a predictor of survival in breast cancer. New Engl | Med
(2002) 347(25):1999-2009. doi: 10.1056/NEJM0a021967

4. Shimizu H, Nakayama KI. A 23 gene-based molecular prognostic score precisely
predicts overall survival of breast cancer patients. EBioMedicine (2019) 46:150-9.
doi: 10.1016/j.ebiom.2019.07.046

5. Chen HY, Yu SL, Chen CH, Chang GC, Chen CY, Yuan A, et al. A five-gene
signature and clinical outcome in non-small-cell lung cancer. New Engl ] Med (2007)
356(1):11-20. doi: 10.1056/NEJM0a060096

6. Liu T, Fang P, Han C, Ma Z, Xu W, Xia W, et al. Four transcription profile-based
models identify novel prognostic signatures in oesophageal cancer. J Cell Mol Med
(2020) 24(1):711-21. doi: 10.1111/jemm.14779

7. Steck SE, Murphy EA. Dietary patterns and cancer risk. Nat Rev Cancer (2020) 20
(2):125-38. doi: 10.1038/s41568-019-0227-4

8. Zhang Y, Zhang Z. The history and advances in cancer immunotherapy:
understanding the characteristics of tumor-infiltrating immune cells and their
therapeutic implications. Cell Mol Immunol (2020) 17(8):807-21. doi: 10.1038/
541423-020-0488-6

9. Adams S, Gatti-Mays ME, Kalinsky K, Korde LA, Sharon E, Amiri-Kordestani L,
et al. Current landscape of immunotherapy in breast cancer: A review. JAMA Oncol
(2019) 5(8):1205-14. doi: 10.1001/jamaoncol.2018.7147

10. Esteva FJ, Hubbard-Lucey VM, Tang J, Pusztai L. Inmunotherapy and targeted
therapy combinations in metastatic breast cancer. Lancet Oncol (2019) 20(3):¢175-¢86.
doi: 10.1016/s1470-2045(19)30026-9

11. Loibl S, Poortmans P, Morrow M, Denkert C, Curigliano G. Breast cancer.
Lancet (2021) 397(10286):1750-69. doi: 10.1016/s0140-6736(20)32381-3

12. Polk A, Svane IM, Andersson M, Nielsen D. Checkpoint inhibitors in breast
cancer - current status. Cancer Treat Rev (2018) 63:122-34. doi: 10.1016/
j.ctrv.2017.12.008

13. Henriques B, Mendes F, Martins D. Immunotherapy in breast cancer: when,
how, and what challenges? Biomedicines (2021) 9(11):1687. doi: 10.3390/
biomedicines9111687

14. Yeo SK, Guan JL. Breast cancer: multiple subtypes within a tumor? Trends
Cancer (2017) 3(11):753-60. doi: 10.1016/j.trecan.2017.09.001

15. Liang Y, Zhang H, Song X, Yang Q. Metastatic heterogeneity of breast cancer:
molecular mechanism and potential therapeutic targets. Semin Cancer Biol (2020)
60:14-27. doi: 10.1016/j.semcancer.2019.08.012

16. Choi Y, Kim EJ, Seol H, Lee HE, Jang MJ, Kim SM, et al. The hormone receptor,
human epidermal growth factor receptor 2, and molecular subtype status of individual
tumor foci in multifocal/multicentric invasive ductal carcinoma of breast. Hum Pathol
(2012) 43(1):48-55. doi: 10.1016/j.humpath.2010.08.026

17. McDonald ES, Clark AS, Tchou J, Zhang P, Freedman GM. Clinical diagnosis
and management of breast cancer. ] Nucl Med (2016) 57 Suppl 1:9s-16s. doi: 10.2967/
jnumed.115.157834

18. Lu X, Yuan Q, Zhang C, Wang S, Wei W. Predicting the immune
microenvironment and prognosis with a anoikis - related signature in breast cancer.
Front Oncol (2023) 13:1149193. doi: 10.3389/fonc.2023.1149193

19. Xie J, Zou Y, Ye F, Zhao W, Xie X, Ou X, et al. A novel platelet-related gene
signature for predicting the prognosis of triple-negative breast cancer. Front Cell Dev
Biol (2021) 9:795600. doi: 10.3389/fcell.2021.795600

20. Gao 'Y, Huang Q, Qin Y, Bao X, Pan Y, Mo J, et al. A prognostic model related to
necrotizing apoptosis of breast cancer based on biorthogonal constrained depth semi-
supervised nonnegative matrix decomposition and single-cell sequencing analysis. Am
] Cancer Res (2023) 13(9):3875-97.

21. Barzaman K, Moradi-Kalbolandi S, Hosseinzadeh A, Kazemi MH,
Khorramdelazad H, Safari E, et al. Breast cancer immunotherapy: current and novel
approaches. Int Immunopharmacol (2021) 98:107886. doi: 10.1016/
j.intimp.2021.107886

22. Bates JP, Derakhshandeh R, Jones L, Webb TJ. Mechanisms of immune evasion
in breast cancer. BMC Cancer (2018) 18(1):556. doi: 10.1186/s12885-018-4441-3

Frontiers in Immunology

17

10.3389/fimmu.2024.1331841

23. Keenan TE, Tolaney SM. Role of immunotherapy in triple-negative breast
cancer. ] Natl Compr Canc Netw (2020) 18(4):479-89. doi: 10.6004/jnccn.2020.7554

24. Zhu Y, Zhu X, Tang C, Guan X, Zhang W. Progress and challenges of
immunotherapy in triple-negative breast cancer. Biochim Biophys Acta Rev Cancer
(2021) 1876(2):188593. doi: 10.1016/j.bbcan.2021.188593

25. Keshavarz S, Wall JR, Keshavarz S, Vojoudi E, Jafari-Shakib R. Breast cancer
immunotherapy: A comprehensive review. Clin Exp Med (2023) 23(8):4431-47.
doi: 10.1007/s10238-023-01177-z

26. Vranic S, Cyprian FS, Gatalica Z, Palazzo J. Pd-L1 status in breast cancer: current
view and perspectives. Semin Cancer Biol (2021) 72:146-54. doi: 10.1016/
j.semcancer.2019.12.003

27. Naimi A, Mohammed RN, Raji A, Chupradit S, Yumashev AV, Suksatan W,
et al. Tumor immunotherapies by immune checkpoint inhibitors (Icis); the pros and
cons. Cell Commun Signal (2022) 20(1):44. doi: 10.1186/s12964-022-00854-y

28. Jardim DL, Goodman A, de Melo Gagliato D, Kurzrock R. The challenges of
tumor mutational burden as an immunotherapy biomarker. Cancer Cell (2021) 39
(2):154-73. doi: 10.1016/j.ccell.2020.10.001

29. Ye F, Dewanjee S, Li Y, JTha NK, Chen ZS, Kumar A, et al. Advancements in
clinical aspects of targeted therapy and immunotherapy in breast cancer. Mol Cancer
(2023) 22(1):105. doi: 10.1186/512943-023-01805-y

30. Fan C, Zhang S, Gong Z, Li X, Xiang B, Deng H, et al. Emerging role of metabolic
reprogramming in tumor immune evasion and immunotherapy. Sci China Life Sci
(2021) 64(4):534-47. doi: 10.1007/s11427-019-1735-4

31. Huang RX, Zhou PK. DNA damage response signaling pathways and targets for
radiotherapy sensitization in cancer. Signal Transduct Target Ther (2020) 5(1):60.
doi: 10.1038/s41392-020-0150-x

32. Parekh V], Wien F, Grange W, De Long TA, Arluison V, Sinden RR. Crucial role
of the C-terminal domain of hfq protein in genomic instability. Microorganisms (2020)
8(10):1598. doi: 10.3390/microorganisms8101598

33. Cleary JM, Aguirre AJ, Shapiro GI, D’Andrea AD. Biomarker-guided
development of DNA repair inhibitors. Mol Cell (2020) 78(6):1070-85. doi: 10.1016/
j.molcel.2020.04.035

34. Huang R, Zhou PK. DNA damage repair: historical perspectives, mechanistic
pathways and clinical translation for targeted cancer therapy. Signal Transduct Target
Ther (2021) 6(1):254. doi: 10.1038/s41392-021-00648-7

35. Cheng B, Pan W, Xing Y, Xiao Y, Chen J, Xu Z. Recent advances in ddr (DNA
damage response) inhibitors for cancer therapy. Eur | Med Chem (2022) 230:114109.
doi: 10.1016/j.ejmech.2022.114109

36. Groelly FJ, Fawkes M, Dagg RA, Blackford AN, Tarsounas M. Targeting DNA
damage response pathways in cancer. Nat Rev Cancer (2023) 23(2):78-94. doi: 10.1038/
541568-022-00535-5

37. Hanna D, Chopra N, Hochhauser D, Khan K. The role of parp inhibitors in
gastrointestinal cancers. Crit Rev Oncol Hematol (2022) 171:103621. doi: 10.1016/
j.critrevonc.2022.103621

38. Raimundo L, Calheiros J, Saraiva L. Exploiting DNA damage repair in precision
cancer therapy: brcal as a prime therapeutic target. Cancers (Basel) (2021) 13(14):3438.
doi: 10.3390/cancers13143438

39. Sheng H, Huang Y, Xiao Y, Zhu Z, Shen M, Zhou P, et al. Atr inhibitor azd6738
enhances the antitumor activity of radiotherapy and immune checkpoint inhibitors by
potentiating the tumor immune microenvironment in hepatocellular carcinoma. J
Immunother Cancer (2020) 8(1):e000340. doi: 10.1136/jitc-2019-000340

40. Shi C, Qin K, Lin A, Jiang A, Cheng Q, Liu Z, et al. The role of DNA damage
repair (Ddr) system in response to immune checkpoint inhibitor (Ici) therapy. J Exp
Clin Cancer Res (2022) 41(1):268. doi: 10.1186/s13046-022-02469-0

41. Patterson-Fortin ], Bose A, Tsai WC, Grochala C, Nguyen H, Zhou J, et al.
Targeting DNA repair with combined inhibition of nhej and mmej induces synthetic
lethality in tp53-mutant cancers. Cancer Res (2022) 82(20):3815-29. doi: 10.1158/0008-
5472.Can-22-1124

42. Wood RD, Doubli¢ S. DNA polymerase © (Polq), double-strand break repair,
and cancer. DNA Repair (Amst) (2016) 44:22-32. doi: 10.1016/j.dnarep.2016.05.003

43. Patterson-Fortin J, Jadhav H, Pantelidou C, Phan T, Grochala C, Mehta AK,
et al. Polymerase © Inhibition activates the cgas-sting pathway and cooperates with
immune checkpoint blockade in models of brca-deficient cancer. Nat Commun (2023)
14(1):1390. doi: 10.1038/s41467-023-37096-6

44. Baxter JS, Zatreanu D, Pettitt S], Lord CJ. Resistance to DNA repair inhibitors in
cancer. Mol Oncol (2022) 16(21):3811-27. doi: 10.1002/1878-0261.13224

frontiersin.org


https://doi.org/10.3322/caac.21708
https://doi.org/10.1093/annonc/mdz173
https://doi.org/10.1056/NEJMoa021967
https://doi.org/10.1016/j.ebiom.2019.07.046
https://doi.org/10.1056/NEJMoa060096
https://doi.org/10.1111/jcmm.14779
https://doi.org/10.1038/s41568-019-0227-4
https://doi.org/10.1038/s41423-020-0488-6
https://doi.org/10.1038/s41423-020-0488-6
https://doi.org/10.1001/jamaoncol.2018.7147
https://doi.org/10.1016/s1470-2045(19)30026-9
https://doi.org/10.1016/s0140-6736(20)32381-3
https://doi.org/10.1016/j.ctrv.2017.12.008
https://doi.org/10.1016/j.ctrv.2017.12.008
https://doi.org/10.3390/biomedicines9111687
https://doi.org/10.3390/biomedicines9111687
https://doi.org/10.1016/j.trecan.2017.09.001
https://doi.org/10.1016/j.semcancer.2019.08.012
https://doi.org/10.1016/j.humpath.2010.08.026
https://doi.org/10.2967/jnumed.115.157834
https://doi.org/10.2967/jnumed.115.157834
https://doi.org/10.3389/fonc.2023.1149193
https://doi.org/10.3389/fcell.2021.795600
https://doi.org/10.1016/j.intimp.2021.107886
https://doi.org/10.1016/j.intimp.2021.107886
https://doi.org/10.1186/s12885-018-4441-3
https://doi.org/10.6004/jnccn.2020.7554
https://doi.org/10.1016/j.bbcan.2021.188593
https://doi.org/10.1007/s10238-023-01177-z
https://doi.org/10.1016/j.semcancer.2019.12.003
https://doi.org/10.1016/j.semcancer.2019.12.003
https://doi.org/10.1186/s12964-022-00854-y
https://doi.org/10.1016/j.ccell.2020.10.001
https://doi.org/10.1186/s12943-023-01805-y
https://doi.org/10.1007/s11427-019-1735-4
https://doi.org/10.1038/s41392-020-0150-x
https://doi.org/10.3390/microorganisms8101598
https://doi.org/10.1016/j.molcel.2020.04.035
https://doi.org/10.1016/j.molcel.2020.04.035
https://doi.org/10.1038/s41392-021-00648-7
https://doi.org/10.1016/j.ejmech.2022.114109
https://doi.org/10.1038/s41568-022-00535-5
https://doi.org/10.1038/s41568-022-00535-5
https://doi.org/10.1016/j.critrevonc.2022.103621
https://doi.org/10.1016/j.critrevonc.2022.103621
https://doi.org/10.3390/cancers13143438
https://doi.org/10.1136/jitc-2019-000340
https://doi.org/10.1186/s13046-022-02469-0
https://doi.org/10.1158/0008-5472.Can-22-1124
https://doi.org/10.1158/0008-5472.Can-22-1124
https://doi.org/10.1016/j.dnarep.2016.05.003
https://doi.org/10.1038/s41467-023-37096-6
https://doi.org/10.1002/1878-0261.13224
https://doi.org/10.3389/fimmu.2024.1331841
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

	A new 4-gene-based prognostic model accurately predicts breast cancer prognosis and immunotherapy response by integrating WGCNA and bioinformatics analysis
	1 Introduction
	2 Materials and methods
	2.1 Data collection
	2.2 WGCNA
	2.3 Identification of DEGs and functional enrichment analysis
	2.4 Random survival forest variable screening
	2.5 GeneMANIA analysis
	2.6 Analysis of immune cell infiltration
	2.7 Development of the prognostic model
	2.8 Clinical significance analysis of the risk model
	2.9 Establishment of a predictive nomogram
	2.10 Drug sensitivity analysis
	2.11 Cell transfection
	2.12 RT-qPCR
	2.13 Cell counting kit-8 assay
	2.14 Wound healing
	2.15 Transwell
	2.16 Statistical analysis

	3 Results
	3.1 Identification of DEG sets associated with BRCA patients compared to normal women
	3.2 Acquisition of intersection genes and molecular characteristics analysis in BRCA
	3.3 Development and validation of the prognostic model
	3.4 Clinical correlation analysis of the prognostic model and construction of a nomogram
	3.5 Assessment of TME, checkpoints, and immune function in distinct groups
	3.6 Drug sensitivity analysis
	3.7 Core genes related to genetic alterations, TMB, and targeted therapy/chemotherapy in BRCA
	3.8 Biological function and POLQ expression in BRCA are confirmed

	4 Discussion
	5 Conclusions
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	Acknowledgments
	Conflict of interest
	Publisher’s note
	Supplementary material
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages false
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 1
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /ENU (T&F settings for black and white printer PDFs 20081208)
  >>
  /ExportLayers /ExportVisibleLayers
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


