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ABSTRACT

Emerging evidence suggests that the dysregulation of autophagy-related genes (ARGs) is coupled with the
carcinogenesis and progression of breast cancer (BRCA). We constructed three subtype-specific risk models using
differentially expressed ARGs. In Luminal, Her-2, and Basal-like BRCA, four- (BIRC5, PARP1, ATG9B, and TP63),
three- (ITPR1, CCL2, and GAPDH), and five-gene (PRKN, FOS, BAX, IFNG, and EIF4EBP1) risk models were identified,
which all have a receiver operating characteristic > 0.65 in the training and testing dataset. Multivariable Cox
analysis showed that those risk models can accurately and independently predict the overall survival of BRCA
patients. Comprehensive analysis showed that the 12 identified ARGs were correlated with the overall survival of
BRCA patients; six of the ARGs (PARP1, TP63, CCL2, GAPDH, FOS, and EIF4EBP1) were differentially expressed
between BRCA and normal breast tissue at the protein level. In addition, the 12 identified ARGs were highly
interconnected and displayed high frequency of copy number variation in BRCA samples. Gene set enrichment
analysis suggested that the deactivation of the immune system was the important driving force for the progression
of Basal-like BRCA. This study demonstrated that the 12 ARG signatures were potential multi-dimensional
biomarkers for the diagnosis, prognosis, and treatment of BRCA.

INTRODUCTION

Breast cancer is a common malignant tumor in female,
which occurs frequently in middle-aged and old women
[1]. Nowadays, the incidence of breast cancer is
increasing particularly in young adult population [2].
With the continuous development of modern medicine,
the treatment of breast cancer has become more
effective. However, the recurrence and metastasis of
breast cancer are still challenging, and the treatment
outcome after the occurrence of metastasis is poor. The

high mortality among patients with recurrent breast
cancer has been recognized as the major challenge of
clinical treatment [3]. Breast cancer can be divided into
Luminal (Luminal A, Luminal B), Her-2, and Basal-like
subtypes on the basis of the gene expression profile of
50 genes, known as PAMS50 molecular intrinsic
subtypes [4]. The molecular subtypes of breast cancer
are related to the prognosis of patients, and such
subtypes are independent risk factors for prognosis [5].
Breast cancer with different molecular subtypes has
different genetic background and displays differences in
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both biological properties and clinical prognosis [6].
Luminal breast cancer has slow progress and poor
invasion properties and shows good prognosis, whereas
Basal-like and Her-2 breast cancer have strong invasion
and proliferation ability and often has a poor prognosis
[7]. The molecular subtypes of breast cancer also serve
as indicators to guide the selection of therapeutic
strategies. Therefore, the identification of new subtype-
specific biomarkers is necessary for the early detection
and intervention of breast cancer.

Autophagy, also known as type Il programmed cell
death, is an important biological process that maintains
homeostasis within cells by degrading aged or damaged
proteins and organelles in the lysosome [8]. Autophagy
plays a dual role in the pathogenesis of many diseases,
including  inflammatory and  neurodegenerative
disorders and neoplasm [9-12]. In acute kidney injury
and chronic kidney disease, autophagy can reduce the
stimulation of cells to a certain extent, but it can
aggravate tissue damage [13]. In the early stages of
cancer, autophagy inhibits the transformation and
growth of cancer cells, whereas autophagy can
exaggerate the proliferation of malignant cells by
degrading and recovering the components of damaged
or aged organelles to meet their metabolic needs for
rapid growth [14, 15]. Autophagy plays a crucial role in
tumor progression.

Studies have shown that autophagy is involved in
regulating the growth and development of breast cancer
[16, 17]. The autophagy protein Beclin-1 serves as a
tumor suppressor or tumor promoter in a context-
dependent manner [18]. Autophagy-associated genes
ATG8 and UVRAG, which have been frequently found

[ Luminal, Her2, Basal

I Random selection

to be deleted or mutated in BRCA tissue, are inhibitors
of tumor progression [19, 20]. Although the autophagy-
related genes have played a key role in BRCA initiation
and progression, the clinical relevance of these
autophagy genes in different molecular subtypes of
BCRA has not been discussed in detail.

In this study, we explored the prognostic significance of
autophagy-related genes (ARGS) in various types of
BRCA tumors (Luminal, Her-2, and Basal-like) by
using high-throughput expression profiles from the
TCGA databases. We constructed three subtype-specific
ARG risk predicting models by first identifying the
differentially expressed autophagy-related genes
(DEARGS) in each type of BRCA. Then, Lasso
regression and Cox regression analysis were used to
optimize the models, and DEARGS related to overall
survival (OS) were screened out. We used these
DEARGs to establish a Cox regression model (OS
model) and evaluate the specificity and sensitivity of
these models using ROC curve analysis. Our data show
that these subtype-specific models can accurately and
independently predict the prognosis of patients. These
findings also provide an effective biomarker-based
multi-dimensional strategy for the prognosis of BRCA
patients with different molecular subtypes.

RESULTS

Flowchart of this study

The detailed workflow for the construction of the
subtype-specific risk models and downstream analysis

was shown in Figure 1. First, we identified the DEARGs
in Luminal, Her-2, and Basal-like subtypes of BRCA.

Subtype
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Figure 1. The workflow of the identification of subtype-specific survival-related autophagy signature in BRCA.
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Then, subtype-specific risk models were constructed
using the data in the training dataset. The risk models
were further verified and optimized in the testing
datasets. The prediction power of these risk models
was investigated by time-dependent ROC analysis.
GSEA analysis was performed to analyze the
differentially enriched hallmarks and KEGG pathways
in the predicted high- and low-risk groups. The 12
genes in the subtype-specific risk model were
subjected to Kaplan—Meier, protein expression,
oncoPrint, protein—protein interaction (PPI), and
correlation analyses.

Differential expression of ARGs in Luminal, Her2,
and Basal-like BRCA

We downloaded the mRNA expression data and clinical
information of 1109 BRCA tissue samples and 113 non-
tumor samples from the TCGA database (Table 1).
After extracting the expression values of 234 ARGs
from the three breast cancer subtypes, we obtained the
DEARGs and showed the expression patterns of the
DEARGs in BRCA and non-tumor tissues by volcano
plots and box plots (Figure 2). In Luminal BRCA, 29
differentially expressed genes were identified, among
which, 16 and 13 genes were downregulated and
upregulated (Figure 2A, 2B, 2G) in tumor tissue,
respectively. In Her-2 BRCA, 45 differentially
expressed genes were discovered, 23 and 22 of which
were downregulated and upregulated in tumor tissue,
respectively (Figure 2C, 2D, 2H). We also identified 41
differentially expressed genes in Basal-like BRCA,
among them, 22 and 19 genes were upregulated and
downregulated in tumor tissue (Figure 2E, 2F, 2I),
respectively. In addition, we found that 18 DEARGs
were shared by Luminal, Her-2, and Basal-like BRCA
(Supplementary Figure 1A).

Functional annotation of the DEARGS

Functional enrichment analysis of the DEARGs
provided biological understanding of these genes. The
GO terms and KEGG pathway enrichment of these
genes were summarized in Figure 3. In Luminal BRCA,
we found that the top enriched GO terms for biological
processes were as follows: neuron death, neuron
apoptotic process, regulation of neuron death. For
cellular components, the GO terms were as follows:
autophagosome, membrane raft, membrane
microdomain. For molecular function, genes were
mostly enriched in the following terms: ubiquitin
protein ligase binding, ubiquitin-like protein ligase
binding, and protein phosphatase binding (Figure 3A).
In Her-2 BRCA, we found that the top enriched GO
terms for biological processes were as follows:
autophagy, process utilizing autophagic mechanism,

intrinsic apoptotic signaling pathway. For cellular
components, the GO terms were as follows:
autophagosome, autophagosome membrane, vacuolar
membrane. For molecular function, genes were mostly
enriched in the following terms: ubiquitin protein ligase
binding, ubiquitin-like protein ligase binding, cytokine
activity (Figure 3B). In Basal-like BRCA, we found that
the top enriched GO terms for biological processes were
as follows: autophagy, process utilizing autophagic
mechanism, intrinsic apoptotic signaling pathway. For
cellular components, the GO terms were as follows:
mitochondrial outer membrane, organelle outer
membrane, outer membrane. For molecular function,
genes were mostly enriched in the following terms:
ubiquitin protein ligase binding, ubiquitin-like protein
ligase binding, protease binding (Figure 3C).

In addition, in the KEGG pathway enrichment analysis
for the DEARGS, these genes were associated with
EGFR tyrosine kinase inhibitor resistance, ERBB
signaling pathway, and Human cytomegalovirus
infection in Luminal BRCA (Figure 3D). Terms such as
Human cytomegalovirus infection and Apoptosis were
enriched in Her-2 BRCA (Figure 3E). In Basal-like
BRCA, terms such as EGFR tyrosine kinase inhibitor
resistance and Apoptosis were significantly enriched
(Figure 3F). The PPI analysis using STRING showed
that the 18 shared DEARGs (Supplementary Figure 1A)
were highly interconnected with PPl P-value < 0.01
(Supplementary Figure 1B). Functional enrichment
analysis also suggested that the shared DEARGs were
related to mitochondria disassembly, organelle
disassembly, and apoptosis (Supplementary Figure 1C).

Construction and validation of subtype-specific
prognostic risk models for BRCA

To explore the connection between ARGs and
prognosis, we constructed risk models in Luminal, Her-
2, and Basal-like breast cancer patients. Initially,
univariable Cox regression analysis was performed to
obtain the genes that were significantly correlated to
prognosis, and then the lasso regression and
multivariable Cox regression were adopted to generate
the final prognostic model (Table 2, Figure 4A, 5A, 6A).

After the construction of the subtype-specific risk
models, patients were grouped into high- and low-risk
groups, and then Kaplan—Meier survival analysis was
performed in training and testing sets. The results showed
that patients with a high risk score have a significantly
poor overall survival time compared with patients with a
low risk score in Luminal, Her-2, and Basal-like datasets
(Figure 4B, 5B, and 6B). In addition, time-dependent
ROC analysis indicated that both models can accurately
predict the OS of BRCA patients (Figure 4C, 5C, and 6C).
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Table 1. Clinicopathological parameters of BRCA patients in the TCGA database.

Clinical parameters Variables Total(988) Percentages(%6)
Age <=65 698 70.65%
>65 290 29.35%
Pathological stage Stage | 167 16.90%
Stage Il 570 57.69%
Stage Il1 220 22.27%
Stage IV 14 1.42%
Stage X 17 1.72%
T T1 256 25.91%
T2 579 58.60%
T3 116 11.74%
T4 35 3.54%
TX 2 0.20%
N NO 472 47.77%
N1 326 33.00%
N2 110 11.13%
N3 63 6.38%
NX 17 1.72%
Molecular subtypes Luminal 729 73.79%
Her-2 78 7.89%
Basal-like 181 18.32%
Survival status Dead 137 13.87%
Alive 851 86.13%

Abbreviations: T, Tumor; N, Node (lymph node regional)

In Luminal BRCA patients, a four-gene model
(BIRC5, PARP1, ATG9B, and TP63) was successfully
obtained with good prediction power for 2 year
survival (area under the curve [AUC] = 0.787 in the
training set and AUC = 0.729 in the testing set). The
prediction accuracy for 3 year survival of this model
was relatively low but acceptable (AUC = 0.695 in
the training set and AUC = 0.681 in the testing set).
The risk score of each patient was predicted using
this model, and we identified that BIRC5, PARP1,
and ATG9B were positive risk-correlated genes,
whereas TP63 was negative risk-correlated genes
(Figure 4E, 4F).

The same data processing and analysis were also
performed in other BRCA subtypes. We identified a
three-gene risk model (ITPR1, CCL2, and GAPDH) in
Her-2 BRCA with good predicting power for both 2
and 3 year survival (AUC > 0.700). The risk scores
were then calculated, and ITPR1 and GAPDH were
identified as positive risk-correlated genes, and CCL2
was identified as a negative risk-correlated gene
(Figure 5E, 5F).

Moreover, we constructed a five-gene risk model
(PRKN, FOS, BAX, IFNG, and EIF4EBP1) in patients
with Basal-like BRCA, which has a good predicting
power for 2 year survival (AUC = 0.837 in the training
set and AUC = 0.729 in the testing set). The predicting
power of this model for 3 year survival was good but

might have mild overfitting problem (AUC = 0.927 in
the training set and AUC = 0.829 in the testing set).
PRKN, FOS, BAX, and EIF4EBP1 were identified as
positive risk-correlated genes, whereas IFNG was
identified as a negative risk-correlated gene (Figure
6E, 6F).

Prognostic risk models were independently related
to OS in BRCA patients

We used univariable Cox regression and multivariable
Cox regression to analyze the correlation among clinical
parameters, such as age, histological grade, pathological
stage, risk score, and OS in BRCA patients.

In Luminal BRCA, univariable Cox regression analysis
showed that the age, stage, pathological stage T, and
risk score were correlated with OS in BRCA patients
(P < 0.05). Multivariable Cox analysis showed that age
and risk score were correlated with OS in BRCA
patients (P < 0.05) (Figure 7A). In Her-2 BRCA,
univariable Cox regression analysis showed that age,
stage, pathological stage T, and risk score were related
to OS in BRCA patients (P < 0.05). Multivariable Cox
analysis showed that age, stage, and risk score were
correlated with OS in BRCA patients (P < 0.05)
(Figure 7B). In Basal BRCA, univariable Cox
regression analysis showed that stage, pathological
stage T, N, and risk score were correlated with OS of
BRCA patients (P < 0.05). Multivariable Cox analysis
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Figure 2. Subtype-specific DEARGs in BRCA and normal breast tissues. (A) Boxplot showing the expression pattern of DEARGS in
Luminal BRCA. (B) Volcano plot for the 234 ARGs in Luminal BRCA. (C) Boxplot showing the expression pattern of DEARGs in Her-2 BRCA. (D)
Volcano plot for the 234 ARGs in Her-2 BRCA. (E) Boxplot showing the expression pattern of DEARGs in Basal-like BRCA. (F) Volcano plot for
the 234 ARGs in Basal-like BRCA. The upregulated, downregulated and no-differential expressed genes were indicated by green, red and
black dots, respectively. The P-value was calculated by Wilcox-test. (G—I) Clustered heatmap of differentially expressed ARGs expression level
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showed that stage, pathological stage T, N, and risk
score were significantly correlated with OS (P < 0.05)
(Figure 7C). These results indicated that the identified
subtype-specific prognostic models can be used
independently to predict OS in BRCA patients with
different molecular subtypes.

Comprehensive analysis of genes in subtype-specific
autophagy prognostic models

We obtained a total of 12 genes in the subtype-specific
risk models, and then we further evaluated the
prognostic value of the selected genes in other
databases. The genes were subjected to GEPIA database
to perform the Kaplan—Meier analysis. The results
showed that in Luminal BRCA, BIRC5, PARP1, and
ATGIB negatively correlated with OS, whereas the high
expression of TP63 indicated a good prognosis (Figure
8Al1-4). In Her-2 BRCA, ITPR1 and GAPDH were
correlated with bad prognosis, whereas CCL2 was a
good prognostic marker (Figure 8B 1-3). In Basal
BRCA, the high expression of PRKN, FOX, BAX, and
EIFAEBP1 indicated a bad prognosis; however, INFG
was a protective molecule that significantly correlated
with good prognosis (Figure 8C 1-5). Collectively, the
results of Kaplan—Meier analysis were consistent with

the results of univariable Cox analysis, which indicated
that all genes have been inculcated in the risk-specific
models and have a good prognostic predicting power.

Next, we analyzed the protein expression patterns of the
genes in subtype-specific risk models by the HPA
database (Figure 9). The results showed that PARP1,
GAPDH, and FOS protein were less expressed in
normal breast tissues but were moderately expressed in
breast cancer tissues (Figure 9A-9C). TP63 was highly
expressed in normal tissues but not detected in tumor
tissues (Figure 9D). The CCL2 protein was moderately
expressed in normal tissues and lowly expressed in
cancer tissues (Figure 9F). The EIF4EBP1 protein was
moderately expressed in normal tissues and highly
expressed in cancer tissues (Figure 9H). These results
were consistent with most of our previous mRNA level
observations. However, we found that PRKN and BAX
protein were only slightly upregulated in cancer tissues
(Figure 9E, 9G).

We then investigated the CNV and mRNA expression
alternation of the aforementioned genes by using the
chioProtal database (Figure 10A). The results indicated
that CNVs contributed to the mRNA expression
alterations of these analyzed genes. Notably, PARP1,
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Table 2. The 12 selected autophagy-related genes.

Subtypes Gene Coef HR HR.95L HR.95H P value
Luminal BIRC5 0.03 1.03 0.79 1.33 0.85
PARP1 0.49 1.64 1.02 2.64 0.04
ATG9B 0.24 1.28 0.94 1.74 0.12
TP63 -0.25 0.78 0.63 0.96 0.02
Her-2 ITPR1 1.06 2.89 1.12 7.44 0.03
CCL2 -0.68 0.51 0.26 0.99 0.04
GAPDH 0.34 141 0.51 3.88 0.50
Basal-like PRKN 0.91 2.47 1.10 5.58 0.03
FOS 0.99 2.70 1.20 6.07 0.02
BAX 1.26 3.53 1.10 11.30 0.03
IFNG -0.22 0.81 0.39 1.67 0.56
EIF4AEBP1 1.65 5.23 2.11 12.99 <0.001
Abbreviations: HR, hazard ratio; HR.95 L/H, 95 % confidence interval of the hazard ratio.
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Figure 4. Construction and Validation of the prognostic risk model in Luminal BRCA patients. (A) Lasso regression analyses of
DEARGs using the OS model. The Lasso regression was performed using prognosis-significant DEARGs in the training dataset of Luminal BRCA.
(B) Kaplan-Meier plot represents that patients in the high-risk group had a significantly shorter overall survival time than those in the low-risk
group. left, training dataset, right, testing dataset. (C) Time-dependent ROC curve analyses showing AUC values for OS in BRCA patients. Left,
training dataset, right, testing dataset. (D) Dot plots showing the survival time and risk score in training set and testing set. (E) The heatmap
of the 4 key genes expression profiles in the training dataset and testing dataset. (F) Forest plot showing the multivariable Cox regression
analysis of 4 key genes in risk-model.
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EIF4EBP1, and CCL2 showed the highest CNVs and
MRNA expression alterations throughout the analyzed
samples, which might indicate that the CNVs were the
primary driving power response to the mRNA expression
alterations of such genes. We also analyzed the PPI of the
12 selected genes, and the results suggested that such
genes were highly interconnected (PPl enrichment P <
0.05), and GAPDH was the major hub gene in the PPI
network (Figure 10B). The correlation analysis of the 12
selected genes was consistent with PPl analysis, which
showed that most of the genes were correlated with
mMRNA expression (Figure 10C). The clustered heatmap

3333333333333333333320

showed that the 12 selected genes can be clustered into
two groups, one of which showed a universal
upregulation pattern in Basal-like BRCA (IFNG, CCL2,
ATG9B, BAX, EIF4EBP1, GAPDH, and BIRC5),
whereas genes in another cluster (PRKN, FOS, TP63, and
ITPR1) displayed a low expression pattern in Basal-like
BRCA. This finding might indicate that the two clusters
of genes played different functional roles in Basal-like
BRCA (Figure 10D). Consistently, the violin plots also
showed that most of the selected genes were
differentially expressed between Luminal, Basal-like, and
Her-2 BRCA (Figure 10E).
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Figure 5. Construction and Validation of the prognostic risk model in Her-2 BRCA patients. (A) Lasso regression analyses of
DEARGs using the OS model. The Lasso regression was performed using prognosis-significant DEARGs in the training dataset of Her-2 BRCA.
(B) Kaplan-Meier plot represents that patients in the high-risk group had a significantly shorter overall survival time than those in the low-risk
group. left, training dataset, right, testing dataset. (C) Time-dependent ROC curve analyses showing AUC values for OS in BRCA patients. Left,
training dataset, right, testing dataset. (D) Dot plots showing the survival time and risk score in training set and testing set. (E) The heatmap
of the 3 key genes expression profiles in the training dataset and testing dataset. (F) Forest plot showing the multivariable Cox regression
analysis of 4 key genes in risk-model.
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Mechanistic exploration of model-predicted high-
risk patients by gene set enrichment analysis
(GSEA)

Considering that the high- and low-risk patients had a
significant prognostic difference in the OS, we explored
the mechanisms that contributed to this observation by a
computational approach. The GSEAs were performed in

Luminal, Basal-like, and Her-2 BRCA to interpret the
enriched hallmarks and pathways between high- and
low-risk patients. In Luminal BRCA, the results showed
that several canonical tumor-promoting molecules were
upregulated in the high-risk groups, including DNA
repair, E2F targets, and G2M checkpoint. Otherwise,
certain well-recognized Onco-signaling pathways were
highly activated in high-risk tumors, such as PI3K AKT
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Figure 6. Construction and Validation of the prognostic risk model Basal-like BRCA patients. (A) Lasso regression analyses of
DEARGs using the OS model. The Lasso regression was performed using prognosis-significant DEARGs in the training dataset of Basal-like
BRCA. (B) Kaplan-Meier plot represents that patients in the high-risk group had a significantly shorter overall survival time than those in the
low-risk group. left, training dataset, right, testing dataset. (C) Time-dependent ROC curve analyses showing the AUC values for OS in BRCA
patients. Left, training dataset, right, testing dataset. (D) Dot plots showing the survival time and risk score in training set and testing set.
(E) The heatmap of the 5 key genes expression profiles in the training dataset and testing dataset. (F) Forest plot showing the multivariable
Cox regression analysis of 4 key genes in risk-model.
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mTOR signaling, DNA replication, and cell cycle. High
enrichment of focal adhesion, cell adhesion molecules
(CAMs), and ECM receptor interaction-related genes
were found in low-risk tumors, which might suggest
that high-level cell-cell adhesion was a protective event
in Luminal BRCA (Figure 11A).

Similar to Luminal BRCA, canonical tumor-promoting
molecules and pathways in Her-2 BRCA were also
enriched in high-risk tumors. The low-risk tumors were
enriched in terms such as cytokine—cytokine receptor
interaction and natural Killer cell-mediated cytotoxicity,
which suggested that the activation of the immune
system contributed to the restraints of tumor
progression (Figure 11 B).

None of the analyzed hallmarks or KEGG pathways
were enriched in Basal-like BRCAs with high risk

score; however, several immune-related molecules and
signaling pathways were highly enriched in low-risk
patients of Basal-like BRCA, such as interferon
alpha/gamma response, antigen processing and
presentation, cytokine—cytokine receptor interaction,
natural killer cell-mediated cytotoxicity, and T-cell
receptor signaling pathway (Figure 11C). This
observation indicated that the activation of the immune
system was important in controlling the progression of
Basal-like BRCA.

Collectively, such in silico analyses proposed that
ARGs might correlate with several well-known
oncogenes and/or Onco-pathways that contributed to the
progression of Luminal and Her-2 BRCA, but the
dysregulation of ARGs might inhibit the tumor-
suppressing immune reactions that exaggerated the
aggressive nature of Basal-like BRCA.
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Figure 7. Univariable and multivariable Cox regression analyses of OS in Luminal, Her-2, and Basal-like BRCA. (A) Forest plots
showing the univariable (A1) and multivariable cox regression analyses (A2) of OS in Luminal BRCA. (B) Forest plots showing the univariate
(B1) and multivariable cox regression analyses (B2) of OS in Her-2 BRCA. (C) Forest plots showing the univariable (C1) and multivariable cox
regression analyses (C2) of OS in Basal-like BRCA.
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DISCUSSION

Breast cancer is a common malignant tumor in female
patients, which is one of the primary causes of death in
women with malignant tumors [21, 22]. The
development of a new molecularly targeted therapy is
relatively slow because of limited effective molecular
biomarkers for BRCA prognostic monitoring and
pharmaceutical intervention [23]. At present, the role of
autophagy in BRCA is controversial. Current data
shows that autophagy can inhibit or promote the
progression of cancer in a context-dependent manner
[14]. Autophagy can also regulate the response of
cancer to various therapies, which contributes to the
acquisition of drug resistance in cancer cells [8].
Therefore, studying the expression pattern of ARGs is
important to understand the role of autophagy in BRCA

[24, 25]. Although the correlation between single ARG
and BRCA has been discussed in previous studies, a
comprehensive in-depth analysis of the clinical
correlation between ARGs and the subtype of BRCA
has not been carried out [26, 27]. In addition, the
relationship between the expression of ARGs and the
prognosis of BRCA patients is not clear.

In this study, we explore the expression profile of ARGs
in the TCGA database to identify molecular biomarkers
related to the diagnosis, treatment, and prognosis of
BRCA patients. We first screened the DEARGs
between BRCA and non-tumor tissues. Considering that
these genes may be deeply related to the occurrence of
BRCA, we performed GO and KEGG analysis on these
genes. Most of the enriched pathways are autophagy-
related pathways. Some other annotations were also
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Figure 8. Kaplan-Meier analyses of ARGs in subtype-specific prognosis models. (A) Kaplan-Meier analyses of BIRC5, PARP1, ATG9B
and TP63 in Luminal BRCA. (B) Kaplan-Meier analyses of ITPR1, CCL2 and GAPHD in Her-2 BRCA. (C) Kaplan-Meier analyses of PRKN, FOS, BAX,
INFG and EIF4EBP1 in Basal-like BRCA. The statistical significance was determined by Log-rank test. The dashed lines represent 95%

confidence interval.
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found, including apoptosis signaling pathway, ERBB
signaling pathways, and mitochondria/organelles
disassembly. For the KEGG pathway, we identified that
the ERBB2 signaling pathway was enriched. The
ERBB2 signal is closely related to autophagy. The
activation of the ERBB2 signaling pathway can induce
autophagy in a variety of cancers [28-30]. Then, we
analyzed three breast cancer subtypes and constructed
models by Cox regression and lasso regression,
subsequently. Multivariable Cox regression analysis of
the prognostic models and other clinical parameters
showed that the model-calculated risk scores
independently predicted the prognosis of patients with
BRCA. The major findings of this study were
summarized in Figure 12.
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Recently, on the basis of the GEO database, Gu and
his colleagues constructed an ARG model consisting
of eight genes (BCL2, BIRC5, EIF4EBP1, EROIL,
FOS, GAPDH, ITPR1, and VEGFA), which can be
used as an independent prognostic indicator of breast
cancer [31]. Notably, five of those genes (BIRCS5,
EIF4EBP1, FOS, GAPDH, and ITPR1) are also
identified in our subtype-specific risk models.
Considering that the molecular background is distinct
in Luminal, Her-2, and Basal-like breast cancer, this
scoring system did not consider the subtype-specific
genetic background, which may limit clinical
application. Thus, a subtype-specific scoring system is
necessary and more reliable in clinical application to
predict patient’s prognosis.
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Figure 9. Analysis of the protein expression of ARGs in subtype-specific prognostic models by HPA. (A—H) The protein expression
of PARP1, GAPDH, FOS, TP63, PRKN, CCL2, BAX and EIF4EBP were determined by immunohistochemistry using indicated antibodies in HPA
database, the staining strengths were annotated as Not detected, Low, Medium and High. The bar plots indicating the number of samples

with different staining strength in HPA database.
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Genetic Alteration
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Figure 10. Comprehensive analysis of ARGs in subtype-specific prognostic models. (A) OncoPrint showing the copy number
alterations and mRNA expression alterations of 12 ARGs in subtype-specific autophagy prognostic models. The analysis was performed by
cBioProtal database using MATABRIC dataset. (B) Protein-protein interaction analysis of genes in subtype-specific autophagy prognostic
model by STRING database. (C) Clustered heatmap showing the correlation of genes expression in subtype-specific autophagy prognostic
model. The correlation was calculated by Pearson’s correlation using log2 (TPM+1). Not statistically significant correlations were defined as P
> 0.05 and marked by a black cross. (D) Clustered heatmap showing the genes expression and clinical information in BRCA patients. (E) Violin
plots showing identified gene expression in Luminal, Her-2 and Basal-like BRCA. The P values were calculated by Wilcox-test (two groups
comparison) and Kruskal- Wallis test (three groups comparison).
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In the Luminal subtype, a four-gene (BIRC5, PARP1,
ATG9B, and TP63) risk model was identified. High-risk
patients in this model are related to DNA repair, G2M
checkpoints, MYC-related genes, and PISBK/AKT/mTOR
pathways in GSEA, which indicate that tumors in the
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Figure 11. Gene set enrichment analysis of genes in high-risk and low-risk patients in Luminal, Her-2 and Basal-like BRCA. (A)
Gene set enrichment analysis (GSEA) showing the enrichment of Hallmarks and KEGG pathways in high-risk and low-risk patients with
Luminal BRCA. (B) GSEA showing the enrichment of Hallmarks and KEGG pathways in high-risk and low-risk patients with Her-2 BRCA. (C)
GSEA showing the enrichment of Hallmarks and KEGG pathways in high-risk and low-risk patients with Basal-like BRCA.
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expression of adhesion molecules may have an
inhibitory effect on tumor progression in the Luminal
type. A prognostic model of three genes (ITPR1, CCL2,
and GAPDH) was obtained in the Her-2 subtype.
Similar to the Luminal type, E2F downstream genes,
G2M checkpoint-related genes, and MYC target genes
are highly enriched in high-risk patients. However, low-
risk patients are highly enriched in CAMS and
cytokine-related molecules. This finding indicates that
in Her-2 BRCA, not only cell proliferation-related
signals play a role in promoting the development of
tumors but also the deactivation of immune-related
pathways can promote the progression of tumors [32].
A prognostic model of five genes (PRKN, FOS, BAX,
IFNG, and EIF4EBP1) was obtained in a basal-like
subtype. Unlike the luminal and Her-2 subtypes, some
well-known tumor-promoting molecules and signaling
pathways were not enriched in high-risk patients based
on the GSEA analysis. Notably, the immune-related
molecules, such as immunology-related signaling,
TNFa signaling, antigen presentation, natural killer cell,
and T-cell receptor signaling, are highly enriched in the
low-risk patients. Autophagy-related genes exert a
distinct functional role in the Basal-like BRCA, which
indicates that the microenvironment and immune-
related signaling are related to autophagy in Basal-like
BRCA [33-35].

Based on the comprehensive analysis of ARG expression
profiles and corresponding clinical characteristics, three
subtype-specific prognostic ARG risk models were
identified. The genes identified in the aforementioned
models provide new targets for the treatment and
intervention of breast cancer. The primary limitation of
our findings is that the data used in our study were
obtained from several public databases. The 12 identified
ARGs may prove new perspectives for the diagnosis,
prognosis, and treatment of breast cancers. However, the
clinical implication of these findings is challenging and
remains unclear, and these findings need to be validated
in future clinical trials. In addition, the Luminal and
Basal-like risk models perform well in predicting 2 years
of survival but less accurate in predicting 3 years of
survival. Such limitations are probably due to limited
data involved in model construction, and future studies
are needed to improve the performance of such risk
models by involving more data in model construction.
Moreover, the mechanisms by which ARGs regulate
BRCA initiation and progression require further study.
Our study shows that the DEARGs have remarkable
potential as biomarkers and therapeutic targets for the
diagnosis and prognosis of BRCA. Further investigation
is needed to confirm our findings. These models should
also be verified in local clinical cohorts to improve the
accuracy of the prediction.

Autophagy related genes

7

29 DEGs 16 | 13 1

45 DEGs 23| 221

22 DEGs 19! 221

Gene HR Gene HR Gene HR
BIRC5 1.03 ITPR1 2.89 PRKN 2.47
PARP1 1.64 CCL2 0.51 FOS 2.70
ATG9B 1.28 GAPDH 1.41 BAX 3.53
TP63 0.78 IFNG 0.81
EIF4EBP1 5.23
Multivariable COX Multivariable COX Multivariable COX
P=0.002 P=0.001 P < 0.001
Luminal Her-2 Basal-like

Figure 12. Schematic summary diagram for the three subtype-specific risk-models constructed in this study.
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MATERIALS AND METHODS
Data collection

In this study, ARGs were downloaded from human
autophagy database (HADB, http://www.autophagy.
lu/index.html), and clinicopathological parameters and
RNA sequencing results (FPKM) of BRCA were
obtained from the TCGA data portal
(https://portal.gdc.cancer.gov/). The expression data
were converted to TPM, and the batch effect in the data
was analyzed by TCGA Batch Effects Viewer and PCA
analysis. No significant batch effect was found. The
PAMS0 classification information of samples included
in this study was downloaded from UCSC Xena
(http://xena.ucsc.edu/).

Differential expression analysis of ARGs

The Wilcox test was used to estimate the DEARGs
between BRCA and non-tumor samples. Genes with
at least a two fold change and corresponding P values
of less than 0.05 were selected as ARGs with
significant differential expression (DEARGs). A
series of gene functional enrichment analyses was
then performed to discover the primary biological
characteristics of these genes. The clusterProfiler
package in R was used to identify the enriched GO
and KEGG, and the GOplot package of R was used to
visualize the enriched items.

Construction and validation of subtype-specific risk
prediction models using DEARGs

We randomly divided the patients with complete OS
information into two groups: the training group and
the testing group (Table 3). We used the data from the
training group to build a Cox regression model for the
0OS, and we used the testing group to verify the
accuracy of the model. Initially, univariable Cox
regression analysis was used to select potential
prognostic genes. Then, the lasso regression analysis
was used to eliminate false-positive parameters caused
by overfitting. Finally, Cox proportional risk
regression was used to establish an OS prognostic risk
model.

Calculation of risk score

The risk score of each patient was calculated by the
regression coefficient of a single gene and the
expression value of each gene. The calculation formula
is as follows:

Risk score (Patients) = Zi:1’2,3,icoefficient (ARGI)

x expression (ARGI)

where ARGi represents the identifier of the i-th
selected ARG. The value of coefficient (ARGI) is the
regression coefficient estimated by ARGi based on
Cox proportional risk regression analysis. The risk
score is a measurement of the prognostic risk of each
BRCA patient. We divided the BRCA patients into
high- and low-risk groups, with the median risk
score of the training group as the boundary. High
risk scores suggested a poor prognosis for BRCA
patients.

Comprehensive analysis of ARGs in the risk-specific
model

The ARGs in risk-specific models were subjected to
Kaplan—Meier analysis using the GEPIA database
(http://gepia.cancer-pku.cn/). The log-rank test was
used to determine statistical significance. The protein
expression of the selected ARGs was analyzed by
comparing immunohistochemistry staging images
in The Human Protein  Atlas database
(http://www.proteinatlas.org/). The samples were
annotated as not detected, low, medium, and high on
the basis of the staining strength. The 12 ARGs in the
risk-specific model were analyzed by using the
chioProtal database (http://www.cbioportal.org/) to
assess the copy number variation and mMRNA
expression variation. The threshold to determine
MRNA expression alteration was set as Z-score=1.5.
For PPl network construction, the 12 selected
ARGs were subjected to STRING database
(https://string-db.org/). The interacting proteins (both
experimentally determined and computationally
predicted) were marked as colored lines between
genes. For correlation analysis of selected ARGs,
the gene expression data were extracted and
logarithmically  transformed.  Then, Pearson’s
correlation was calculated among all the gene pairs.
The expression of the selected ARGs was compared
among different molecular subtypes of BRCA
(Luminal, Her-2, and Basal-like) using the Wilcox
test and Kruskal-Wallis test, and the distribution of
the gene expression was presented by violin plots.

Gene set enrichment analysis (GSEA)

To explore the hallmarks and pathways that were
enriched in the predicted high- and low-risk group,
GSEA was performed. Using GSEA, the present study
tested whether the activated/repressed gene signatures
were enriched for high-risk vs. low-risk cases. The
enrichment of pre-defined hallmarks and KEGG
pathways was calculated using a normalized enrichment
score (NES) and normalized P-value. Terms with
INES|>1 and P<0.05 were considered significantly
enriched.
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Table 3. Demographics of the patients in training and testing groups.

Subtypes Clinical parameters Variables Training group(%b) Testing group(%6)
Luminal Survival status Dead 52(5.26) 44(4.45)
Alive 315(31.88) 318(32.19)
Her-2 Survival status Dead 9(0.92) 7(0.71)
Alive 31(3.14) 31(3.14)
Basal-like Survival status Dead 14(1.42) 11(1.11)
Alive 78(7.89) 78(7.89)

Total patient =988
Statistical analysis

All statistical analyses were performed using R software
(version 3.6.0). P < 0.05 was considered statistically
significant. Wilcox test or Kruskal-Wallis test was used to
evaluate the distribution differences among variables.
Kaplan—-Meier survival curve analysis and log-rank test
were used to analyze OS. The Cox regression model was
used to analyze the factors influencing the survival of
BRCA patients. Cox proportional risk regression model
was used for univariable and multivariable analyses.
Time-related ROC analysis was used to assess the
accuracy of models for predicting prognosis. We used the
survival time, survival state, and risk score obtained from
the risk models to draw the ROC curve in the R software
using the survivalROC package, and both 2 year and 3
year ROC curve was drawn. The AUC value greater than
or equal to 0.70 was regarded as the significant prediction
value, and AUC value greater than or equal to 0.65 was
regarded as the acceptable prediction value.

AUTHOR CONTRIBUTIONS

Conception and design: Baoai Han, He Zhang, Fei
Zhang, Ruifang Niu; Development of methodology: He
Zhang, Baoai Han, Yuying Zhu; Analysis and
interpretation of data: He Zhang, Baoai Han, Yuying
Zhu, Zhiyong Wang, Xingxing Han, Zhiyong Wang,
Zicong Gao, Yue Yuan, Ruinan Tian; Writing, review,
and/or revision of the manuscript: Baoai Han, He
Zhang; Study supervision: Ruifang Niu, Fei Zhang, He
Zhang.

CONFLICTS OF INTEREST
The authors declare no conflicts of interest.
FUNDING

This research was supported by grants from the National
Natural Science Foundation of China (Numbers

81472474, 81772804, and 81702992), Tianjin Municipal
Science and Technology Commission (Number
16JCYBJC25400), Changjiang Scholars and Innovative
Research  Team (Number IRT_14R40), Cancer
Translational Medicine Seed Fund (no. 1514) and
Introduced Talents and Doctoral Start-up Fund (B1912).

REFERENCES

1. Abderrahman B, Jordan VC. Telling details of breast-
cancer recurrence. Nature. 2018; 553:155.
https://doi.org/10.1038/d41586-018-00399-6
PMID:32094777

2. Coughlin SS. Epidemiology of breast cancer in women.
Adv Exp Med Biol. 2019; 1152:9-29.
https://doi.org/10.1007/978-3-030-20301-6 2
PMID:31456177

3. Diaby V, Tawk R, Sanogo V, Xiao H, Montero AJ. A
review of systematic reviews of the cost-effectiveness
of hormone therapy, chemotherapy, and targeted
therapy for breast cancer. Breast Cancer Res Treat.
2015; 151:27-40.
https://doi.org/10.1007/s10549-015-3383-6
PMID:25893588

4. Kim HK, Park KH, Kim Y, Park SE, Lee HS, Lim SW, Cho
JH, Kim JY, Lee JE, Ahn JS, Im YH, Yu JH, Park YH.
Discordance of the PAMS50 intrinsic subtypes
compared with immunohistochemistry-based
surrogate in breast cancer patients: potential
implication of genomic alterations of discordance.
Cancer Res Treat. 2019; 51:737-47.
https://doi.org/10.4143/crt.2018.342 PMID:30189722

5. Makama M, Drukker CA, Rutgers EJ, Slaets L, Cardoso
F, Rookus MA, Tryfonidis K, Van't Veer LJ, Schmidt MK.
Corrigendum to “an association study of established
breast cancer reproductive and lifestyle risk factors
with tumour subtype defined by the prognostic 70-
gene expression signature (MammaPrint®)”. Eur J
Cancer. 2018; 96:131-32.

WWW.aging-us.com 13334

AGING


https://doi.org/10.1038/d41586-018-00399-6
https://pubmed.ncbi.nlm.nih.gov/32094777
https://doi.org/10.1007/978-3-030-20301-6_2
https://pubmed.ncbi.nlm.nih.gov/31456177
https://doi.org/10.1007/s10549-015-3383-6
https://pubmed.ncbi.nlm.nih.gov/25893588
https://doi.org/10.4143/crt.2018.342
https://pubmed.ncbi.nlm.nih.gov/30189722

10.

11.

12.

13.

14.

https://doi.org/10.1016/j.ejca.2018.03.017
PMID:29656866

Cejalvo JM, Pascual T, Fernandez-Martinez A, Brasoé-
Maristany F, Gomis RR, Perou CM, Mufioz M, Prat A.
Clinical implications of the non-luminal intrinsic
subtypes in hormone receptor-positive breast cancer.
Cancer Treat Rev. 2018; 67:63-70.
https://doi.org/10.1016/j.ctrv.2018.04.015
PMID:29763779

Elomrani F, Zine M, Afif M, L'annaz S, Ouziane |, Mrabti
H, Errihani H. Management of early breast cancer in
older women: from screening to treatment. Breast
Cancer (Dove Med Press). 2015; 7:165—71.

https://doi.org/10.2147/BCTT.587125 PMID:26185468

Chen C, Lu L, Yan S, Yi H, Yao H, Wu D, He G, Tao X,
Deng X. Autophagy and doxorubicin resistance in
cancer. Anticancer Drugs. 2018; 29:1-9.
https://doi.org/10.1097/CAD.0000000000000572
PMID:29099416

Feng F, Zhang M, Yang C, Heng X, Wu X. The dual roles
of autophagy in gliomagenesis and clinical therapy

strategies based on  autophagic  regulation
mechanisms. Biomed Pharmacother. 2019;
120:109441.

https://doi.org/10.1016/j.biopha.2019.109441
PMID:31541887

Yazdani HO, Huang H, Tsung A. Autophagy: dual
response in the development of hepatocellular
carcinoma. Cells. 2019; 8:91.
https://doi.org/10.3390/cells8020091
PMID:30695997

Lin W, Xu G. Autophagy: a role in the apoptosis,
survival, inflammation, and development of the retina.
Ophthalmic Res. 2019; 61:65-72.
https://doi.org/10.1159/000487486

PMID:29694961

Liu Z, Qiao L, Zhang Y, Zang Y, Shi Y, Liu K, Zhang X, Lu
X, Yuan L, Su B, Zhang T, Wu H, Chen D. ASPP2 plays a
dual role in gp120-induced autophagy and apoptosis of
neuroblastoma cells. Front Neurosci. 2017; 11:150.
https://doi.org/10.3389/fnins.2017.00150
PMID:28392757

Choi ME. Autophagy in kidney disease. Annu Rev
Physiol. 2020; 82:297-322.
https://doi.org/10.1146/annurev-physiol-021119-
034658 PMID:31640469

Singh SS, Vats S, Chia AY, Tan TZ, Deng S, Ong MS,
Arfuso F, Yap CT, Goh BC, Sethi G, Huang RY, Shen HM,
Manjithaya R, Kumar AP. Dual role of autophagy in
hallmarks of cancer. Oncogene. 2018; 37:1142-58.
https://doi.org/10.1038/s41388-017-0046-6
PMID:29255248

15.

16.

17.

18.

19.

20.

21.

22.

23.

Jin' S, Wei J, You L, Liu H, Qian W. Autophagy regulation
and its dual role in blood cancers: a novel target for
therapeutic development (review). Oncol Rep. 2018;
39:2473-81.

https://doi.org/10.3892/0r.2018.6370
PMID:29658589

Wang X, Li Y, Fan Y, Yu X, Mao X, Jin F. PTBP1 promotes
the growth of breast cancer cells through the PTEN/akt
pathway and autophagy. J Cell Physiol. 2018;
233:8930-39.

https://doi.org/10.1002/jcp.26823

PMID:29856478

Maycotte P, Jones KL, Goodall ML, Thorburn J,
Thorburn A. Autophagy supports breast cancer stem
cell maintenance by regulating IL6 secretion. Mol
Cancer Res. 2015; 13:651-58.
https://doi.org/10.1158/1541-7786.MCR-14-0487
PMID:25573951

Chen Y, Wang X, Wang G, Li Z, Wang J, Huang L, Qin Z,
Yuan X, Cheng Z, Zhang S, Yin Y, He J. Integrating
multiple omics data for the discovery of potential
beclin-1 interactions in breast cancer. Mol Biosyst.
2017; 13:991-99.
https://doi.org/10.1039/c6mb00653a

PMID:28401970

Cufi S, Vazquez-Martin A, Oliveras-Ferraros C, Martin-
Castillo B, Vellon L, Menendez JA. Autophagy
positively regulates the CD44(+) CD24(-/low) breast
cancer stem-like phenotype. Cell Cycle. 2011;
10:3871-85.

https://doi.org/10.4161/cc.10.22.17976
PMID:22127234

Yang W, Ju JH, Lee KM, Nam K, Oh S, Shin I. Protein
kinase B/Akt1 inhibits autophagy by down-regulating
UVRAG expression. Exp Cell Res. 2013; 319:122-33.
https://doi.org/10.1016/j.yexcr.2012.11.014
PMID:23200933

Ahmad A. Breast cancer statistics: recent trends. Adv
Exp Med Biol. 2019; 1152:1-7.
https://doi.org/10.1007/978-3-030-20301-6 1
PMID:31456176

Cai Z, Liu Q. Understanding the global cancer statistics
2018: implications for cancer control. Sci China Life Sci.
2019. [Epub ahead of print].
https://doi.org/10.1007/s11427-019-9816-1
PMID:31463738

Di Leo A, Curigliano G, Diéras V, Malorni L, Sotiriou C,
Swanton C, Thompson A, Tutt A, Piccart M. New
approaches for improving outcomes in breast cancer in
europe. Breast. 2015; 24:321-30.
https://doi.org/10.1016/j.breast.2015.03.001
PMID:25840656

WWW.aging-us.com

13335

AGING


https://doi.org/10.1016/j.ejca.2018.03.017
https://pubmed.ncbi.nlm.nih.gov/29656866
https://doi.org/10.1016/j.ctrv.2018.04.015
https://pubmed.ncbi.nlm.nih.gov/29763779
https://doi.org/10.2147/BCTT.S87125
https://pubmed.ncbi.nlm.nih.gov/26185468
https://doi.org/10.1097/CAD.0000000000000572
https://pubmed.ncbi.nlm.nih.gov/29099416
https://doi.org/10.1016/j.biopha.2019.109441
https://pubmed.ncbi.nlm.nih.gov/31541887
https://doi.org/10.3390/cells8020091
https://pubmed.ncbi.nlm.nih.gov/30695997
https://doi.org/10.1159/000487486
https://pubmed.ncbi.nlm.nih.gov/29694961
https://doi.org/10.3389/fnins.2017.00150
https://pubmed.ncbi.nlm.nih.gov/28392757
https://doi.org/10.1146/annurev-physiol-021119-034658
https://doi.org/10.1146/annurev-physiol-021119-034658
https://pubmed.ncbi.nlm.nih.gov/31640469
https://doi.org/10.1038/s41388-017-0046-6
https://pubmed.ncbi.nlm.nih.gov/29255248
https://doi.org/10.3892/or.2018.6370
https://pubmed.ncbi.nlm.nih.gov/29658589
https://doi.org/10.1002/jcp.26823
https://pubmed.ncbi.nlm.nih.gov/29856478
https://doi.org/10.1158/1541-7786.MCR-14-0487
https://pubmed.ncbi.nlm.nih.gov/25573951
https://doi.org/10.1039/c6mb00653a
https://pubmed.ncbi.nlm.nih.gov/28401970
https://doi.org/10.4161/cc.10.22.17976
https://pubmed.ncbi.nlm.nih.gov/22127234
https://doi.org/10.1016/j.yexcr.2012.11.014
https://pubmed.ncbi.nlm.nih.gov/23200933
https://doi.org/10.1007/978-3-030-20301-6_1
https://pubmed.ncbi.nlm.nih.gov/31456176
https://doi.org/10.1007/s11427-019-9816-1
https://pubmed.ncbi.nlm.nih.gov/31463738
https://doi.org/10.1016/j.breast.2015.03.001
https://pubmed.ncbi.nlm.nih.gov/25840656

24.

25.

26.

27.

28.

29.

30.

Janku F, McConkey DJ, Hong DS, Kurzrock R.
Autophagy as a target for anticancer therapy. Nat Rev
Clin Oncol. 2011; 8:528-39.
https://doi.org/10.1038/nrclinonc.2011.71
PMID:21587219

Moretti L, Yang ES, Kim KW, Lu B. Autophagy
signaling in cancer and its potential as novel target to
improve anticancer therapy. Drug Resist Updat. 2007;
10:135-43.
https://doi.org/10.1016/j.drup.2007.05.001
PMID:17627865

Sun WL, Wang L, Luo J, Zhu HW, Cai ZW. Ambral
modulates the sensitivity of breast cancer cells to
epirubicin by regulating autophagy via ATG12. Cancer
Sci. 2018; 109:3129-38.
https://doi.org/10.1111/cas.13743

PMID:30027574

Lee MH, Koh D, Na H, Ka NL, Kim S, Kim HJ, Hong S,
Shin YK, Seong JK, Lee MO. MTAL1 is a novel regulator
of autophagy that induces tamoxifen resistance in
breast cancer cells. Autophagy. 2018; 14:812-24.
https://doi.org/10.1080/15548627.2017.1388476
PMID:29130361

Lozy F, Cai-McRae X, Teplova |, Price S, Reddy A,
Bhanot G, Ganesan S, Vazquez A, Karantza V. ERBB2
overexpression suppresses stress-induced autophagy
and renders ERBB2-induced mammary tumorigenesis
independent of monoallelic Becnl loss. Autophagy.
2014; 10:662-76.

https://doi.org/10.4161/auto.27867

PMID:24492513

D’Alesio C, Bellese G, Gagliani MC, Lechiara A, Dameri
M, Grasselli E, Lanfrancone L, Cortese K, Castagnola P.
The chromodomain helicase CHD4 regulates ERBB2
signaling pathway and autophagy in ERBB2* breast
cancer cells. Biol Open. 2019; 8:bio038323.
https://doi.org/10.1242/bio.038323

PMID:30967373

D’Alesio C, Bellese G, Gagliani MC, Aiello C, Grasselli E,
Marcocci G, Bisio A, Tavella S, Daniele T, Cortese K,

31

32.

33.

34,

35.

Castagnola P. Cooperative antitumor activities of
carnosic acid and trastuzumab in ERBB2* breast cancer
cells. J Exp Clin Cancer Res. 2017; 36:154.
https://doi.org/10.1186/s13046-017-0615-0
PMID:29100552

GuY, Li P, Peng F, Zhang M, Zhang Y, Liang H, Zhao W,
Qi L, Wang H, Wang C, Guo Z. Autophagy-related
prognostic signature for breast cancer. Mol Carcinog.
2016; 55:292-99.

https://doi.org/10.1002/mc.22278

PMID:25620657

Aggarwal R, Lu J, Kanji S, Das M, Joseph M, Lustberg
MB, Ray A, Pompili VJ, Shapiro CL, Das H. Human
VWy2V82 T cells limit breast cancer growth by
modulating cell survival-, apoptosis-related molecules
and microenvironment in tumors. Int J Cancer. 2013;
133:2133-44.

https://doi.org/10.1002/ijc.28217

PMID:23595559

Maycotte P, Gearheart CM, Barnard R, Aryal S,
Mulcahy Levy JM, Fosmire SP, Hansen RJ, Morgan MJ,
Porter CC, Gustafson DL, Thorburn A. STAT3-mediated
autophagy dependence identifies subtypes of breast
cancer where autophagy inhibition can be efficacious.
Cancer Res. 2014; 74:2579-90.
https://doi.org/10.1158/0008-5472.CAN-13-3470
PMID:24590058

Wang P, Du Y, Wang J. Indentification of breast cancer
subtypes sensitive to HCQ-induced autophagy
inhibition. Pathol Res Pract. 2019; 215:152609.
https://doi.org/10.1016/j.prp.2019.152609
PMID:31488317

Bortnik S, Choutka C, Horlings HM, Leung S, Baker JH,
Lebovitz C, Dragowska WH, Go NE, Bally MB,
Minchinton Al, Gelmon KA, Gorski SM. Identification of
breast cancer cell subtypes sensitive to ATG4B
inhibition. Oncotarget. 2016; 7:66970-88.
https://doi.org/10.18632/oncotarget.11408
PMID:27556700

WWW.aging-us.com

13336

AGING


https://doi.org/10.1038/nrclinonc.2011.71
https://pubmed.ncbi.nlm.nih.gov/21587219
https://doi.org/10.1016/j.drup.2007.05.001
https://pubmed.ncbi.nlm.nih.gov/17627865
https://doi.org/10.1111/cas.13743
https://pubmed.ncbi.nlm.nih.gov/30027574
https://doi.org/10.1080/15548627.2017.1388476
https://pubmed.ncbi.nlm.nih.gov/29130361
https://doi.org/10.4161/auto.27867
https://pubmed.ncbi.nlm.nih.gov/24492513
https://doi.org/10.1242/bio.038323
https://pubmed.ncbi.nlm.nih.gov/30967373
https://doi.org/10.1186/s13046-017-0615-0
https://pubmed.ncbi.nlm.nih.gov/29100552
https://doi.org/10.1002/mc.22278
https://pubmed.ncbi.nlm.nih.gov/25620657
https://doi.org/10.1002/ijc.28217
https://pubmed.ncbi.nlm.nih.gov/23595559
https://doi.org/10.1158/0008-5472.CAN-13-3470
https://pubmed.ncbi.nlm.nih.gov/24590058
https://doi.org/10.1016/j.prp.2019.152609
https://pubmed.ncbi.nlm.nih.gov/31488317
https://doi.org/10.18632/oncotarget.11408
https://pubmed.ncbi.nlm.nih.gov/27556700

SUPPLEMENTARY MATERIAL

Supplementary Figure

GABARAPL1

/.

W2, cdi=
\g.

MAP1LC3C

A B

Luminal Her2

NRG2

CX3CL1
—

Basal-like Interaction types:

From curated databases
Experimentally determined
Text mining
Co-expression FOS

PPI enrichment P-value < 0.01

BIRCS

C Biological process (FDR < 0.05)

autophagy of mitochondrion
mitochondrion disassembly

organelle disassembly

apoptosis

macroautophagy

neuron death

autophagy

process utilizing autophagic mechanism

mitochondrion organization

regulation of cell death

r T T T T T T 1

0 5 10 15 20 25 30 35 40 45 50 55
Enrichment ratio

Supplementary Figure 1. Analysis of the overlapping DEARGs among the three subtypes. (A) Venn diagram of overlapping
DEARGSs between three subtypes. (B) PPl analysis of overlapping genes. (C) Gene Ontology enrichment analysis of overlapping genes.
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