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ABSTRACT

Overthe pastdecadesthe incidenceand mortality rates of breastcancer(BC)haveincreasedrapidly; however.
molecularbiomarkersthat canreliably detect BCare yet to be discovered.Our study aimedto identify a novel
signaturethat can predict the prognosisof patients with BC.Datafrom the TCGABRCAcohort were analyzec
using univariate Coxregressionanalysis,and least absolute shrinkageand selection operator (LASSOanalysit
was performed to build a stable prognosticmodel. Subsequently KaplargMeier (KcM) and receiver operating
characteristic(ROChnalyseswere performedto demonstratethe predictive power of our genesignature.Eacl
patient was assignedto either a low- or high-risk group. Patients with high-risk BChad poorer survival than
those with low-risk BC.Coxregressionanalysissuggestedthat our signature was an independent prognostic
factor. Additionally, decisioncurve andysisand calibration accuratelypredicted the capacityof our nomogram
Thus, based on the differentially expressedgenes (DEGs)of mitophagyrelated tumor classification, we
establisheda 13-genesignatureand robust nomogramfor predicting BCprognosis,which canbe beneficial for
the diagnosisand treatment of BC.

INTRODUCTION estrogen receptor (ER), and progesterone receptor (PR),
four subtypes of BC were identified: HERRriched
(HER2+), TNBC (ERT, PRi, HE

breast cancer), l umi nal A (

Breast cancer (BC) is one kind of malignant tumor and
accounts for onguarter of cases of cancerwomen.

Over the past decades, the incidence and mortality of
BC in developing countries have increased rapidly,
especially in China [12]. Approximately 2 million
people were newly diagnosed with BC and 600
thousand died of this malignant tumor worldwidte
2018 [3]. There are many known risk factors involved
in the tumorigenesis and progression of BC, such as
obesity, genetic factors, family history, and endocrine
factors. According to specific protein expressions such
as human epidermal growth factor eptor 2 (HER2),

luminal B (ER+ or PR+, HER2+) [45]. Despite
advances in surgical treatment, endocrine therapy,
radiation treatment, chemotherapy and targeted therapy,
the fiveyear survival rate of BC, especially in TNBC,
still low owing to distant metastasis [B]. Although
there have been many stuslien BC, the mechanisms
underlying its progression remain unclear. Thus,
building a novel gene signature and clarifying the
potential mechanisms in BC patients are critically
needed.
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Mitophagy is a selective process in which mitochondria
are selectively éared through the autophagic pathway.
Mitophagy is critical for cellular homeostasis, and cells
can eliminate dysfunctional mitochondria or reduce
mitochondrial numbers via the mitophagy mechanism
[8, 9]. Mitochondria are important cellular organelles
that perform many different functions, from cell death
regulation and energy generation to immune responses
and fatty acid oxidation [10]11]. Mitophagy can be
mediated by multiple molecular mechanisms, such as
the NIX, FundCl1, and PINK1/Parkin signaling
pathways. Mitophagy disorders are closely related to
various cancers, including rectal cancer, lung cancer,
and BC. Deng et al. revealed that degradation of ULK1
attenuates mitophagy and promotes BC bone metastasis
[12]. Although there have been many studies on
mitophagy, its role in BC has not been fully studied.

In our analysis, we established a stable signature,
including 13 genes, based on differentially expressed
genes (DEGs) in  mitophagelated  tumor
classification. KaplaiMeier (KiM) and evaluation
anayses of the signature were performed across the
TCGA-BRCA project. The signature was validated in
the independent BC cohort GSE20685. In addition,
tumor microenvironment (TME), immunotherapy
response, drug sensitivity, and putative molecular
pathways wereinvestigated. Taken together, these
results provide a novel treatment option and predictive
tool for BC.

MATERIALS AND METHODS
Data

Expression data and clinical information of BC samples
were downloaded from the Gene Expression Omnibus
(GEO) (GSE20685ttps://www.ncbi.nlm.nih.gov/gep/
database and The Cancer Genome Atlas (TCGA)
(https://portal.gdc.cancer.gov/repositpryThe TCGA
BRCA project wasused for breast cancer analysis. The
batch effect of the GEO data was eliminated by
normalization. Transcriptome profiling was converted
into fragments per kilobase million (FPKM) and
combined with clinical information for further analysis.
In addition, weobtained 29 mitophagselated genes
(MRGs) from the Pathway Unification online database
(Supplementary Table 1).

I dentification of differentially expressedMRGs

To explore the expression profile of MRGs in breast
cancer, limma algorithm was used to itlign the
di fferentially expressed
across the TCGMBRCA dataset [13]. DEGs were
screened using the criteria FDR < 0.05. A pradtein

protein interaction (PPI) network was used to determine

the interaction of MRGs using the Search Tfmwl the
Retrieval of Interacting Genes (STRINGips://string

db.org) [14]. Additionally, a correlation network of
m7Grelated DEGs was formed (interaction score cutoff

= 0.2) wusing the pgackagsshnaRp e 20
[15].

Consensuglustering

Distinct consensus clustering was conducted using
differentially expressed MRGs. The threshold was set as
iteration = 100 and the resample rate = 80%. Consensus
clustering analysis was performed using the
fCons®@Glsust er Pl uso R packag
difference between different clusters was evaluated
using the HAsurvivald R pacl
clinical characteristics between each cluster were shown

by a heatmap across the TCGXAD project using the
fipheat mapd R package.

Development of ageneprognostic signature

First, we analyzed DEGs between BC subtypes using
the criteria FDR < 0.05. Prognostic differentially
expressed genes were identified using univariate Cox
analysis. Next, we used the R packag igl| mnet o
perform LASSO Cox regression analysis of these
prognostic DEGs [17]. The risk score of each BC was

calculated as followsRisk score= g | Coef {)2Expr {)

and BC samples were assigned to two subgroups
according to the median risk score [18]. Sedadin,
difference of survival of low and highrisk BC was
analyzed in TCGARCA as the training dataset and
GSE20685 as the test dat ase
package. The area under the receiver operating
characteristic (ROC) curve (AUC) values wered to

establish the prognostic value of the MRG signature
across TCGABRCA and GSE20685 [19]. Besides, risk

score distribution and the survival status were
visualized by the fApheat map:¢
BRCA and GSE20685. Principal component analysis
(PCA) and distributed stochastic neighbor embedding
(t-SNE) analysis were used to evaluate the ability of the
signature to distinguish lowand highrisk BC across
TCGA-BRCA and GSE20685 [2@1].

Prognostic values of the signature and subgroup
analysis

Multivariate and univariate Cox regression analyses of
the signature and several clinical characteristics were

Mki/lioe(rggto identify .the . independent rogémstic factors.
n

ver,thée exBr sSioh Pifks o ge sa08nlfaf’?\e% fn

the signature, as well abet correlation between the
signature and clinical characteristics, are presented in a
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heatmap. Additionally, differences in risk between

distinct clinical subgroups were evaluated using the
limma algorithm, and the survival of levand highrisk

BC in disinct clinical subgroups was assessed using K

M analysis [22].

Construction and verification of a nomogram

A nomogram was constructed with the stable signature
and sever al clinical
Airegploto R
constructed to determine the predictive probability of
the nomograms. ROC and decision curve analysis
(DCA) analyses were performed to demonstrate the
robustness of the nomogram as a predictive factor [24].

Functional enrichment analyses

Gere Ontology (GO) analysis, including BP, CC, and
MF analyses, was conducted to evaluate the putative
cellular functions of DEGs in lowand highrisk BC
[25]. Kyoto Encylopedia of Genes and Genomes
(KEGG) analysis was performed to identify the relevant
pahways related to DEGs in lewand highrisk BC
[26]. The top five enriched pathways of loand high

risk BC were visualized through gene set enrichment
analysis (GSEA) analysis, and enriched pathways of
low- and highrisk BC were assessed by gene set
variation analysis (GSVA) analysis [2728]. The
functional enrichment analysis was conducted
by Al i mma, O forg. Hs. eg.
Afenrichplot, o Aggpl ot2, 0
packages [29].

Tumor immune cell infiltration

We established the imume cell infiltration patterns of
low- and highr i s k BC using
ACl BERSORT, 0
AMCPCOUNTER, 0 AXCELL, o
visualized with a heatmap. In addition, scores of
infiltrating immune cells (CD4+T cells, d@@ B cells,
DC, iDC, mast cells, CD8+T cells, NK cells,
neutrophils, pDC, macrophages, T helper cells, Tfh,
Thl, Th2, Treg, etc.) and immune functions (A&E
inhibition, APGco-stimulation, CCR, cheechoint,
cytolytic-activity, and et al.) of lowand hidn-risk BC
were also evaluated across TCBRCA and
GSE20685 datasets [30].

Drug sensitivity analysis

Studies have demonstrated that higher inhibitory
concentration (IC50) values are related to lower
antitumor capacity. To investigate drug sensitivity, we
used our established model in the genomics of drug

char a%peariman &s
packagamwe wa® 3] analyZe tleacbrielatiora heiween theot continuous

sensitivity in cancer (GDSC)
(https://www.cancerrxgene.olg/ The R package
ApRRopheticd was used to

Statistical analysis

R software (version 4.1.3) and RBrB2 were applied
for statistical analysis. Subgroup comparisons were
conducted wusing the

variables. The KruskalVallis test was used to compare
the three groups. Statistical significance was defined as
p < 0.05.

RESULTS

Identification of DEGs between tumor and normal
samples

The mRNA expression of 29 MRGs wavaluated
between normal and tumor samples from TCGA
database. Then, 23 DEGs were identified, 17 of which
(CSNK2A1, CSNK2B, FUNDC1, MFN2, MTERF3,
PGAM5, PRKN, SQSTM1, SRC, TOMMZ20,
TOMM22, TOMM40, TOMM5, TOMM70, UBB,
ULK1, and VDAC1) were upregulated, whagesix of
these genes (CSNK2A2, MAPI1LC3B, PINK1,
RPS27A, TOMM7, and UBC) were downregulated
(Figure 1A and 1B). In addition, PPl was used to
@dploreé the cdireldtiohs betwdePtheMR G (I C). O
fTHe Capréladidn nedworkdsslown in®igMA 0 R

Tumor classfication based on MRGs

Unsupervised clustering analysis was performed to
evaluate the efficacy of MRGs on BC samples.

t hccordiigltb WM& flBsulés of the relative change in the
ABSYBEREBQRANTI &r&aQunder the curve (AUC) of the cumulative
a n d disfribuffoh furictio@ (COFY, thé dpiiaintkister number

was K = 3 (Figire 2A, 2B and 2C). BC samples were
divided into three subtypedN(= 333, 301, and 443)
based on mitophagselated genes. The difference in
survival among the three subtypes was significant
(Figure 2D). DEGs between the three groups of
subtypes were analyzed, and the heatmap combined
with clinical information is shown ifrigure 2E.

Establishment of the 13genesignature

DEGs between the three groups of subtypes were
evaluated using univariate Cox analyses, and 13 genes
were identified as prognosislated across TCGA
BRCA. ADAM9, MAL2, and CLEC®& were risk genes
(HR > 1), whereas TNFRSF14, RELB, SEMA3B,
IGFALS, CEBPD, KRTCAP3, CCL19, CHAD, KRTS5,
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Figure 1. Differentially expressed genes (DEGS) related to mitophagy were identified between cancer and normal tigsue.
Heatmap of mitophagyelated genes (MRGs) expression profil@®). Boxplots of the expression of DE@®S. Protein-protein interaction
(PPI) network of DEG®) Correlation network of DEGs. Red represents positive correlations while blue represents negative corrgtations.
<0.05;"p<0.01;"p<0.001.
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Figure 2. Tumor classification based on mitophagglated genes (MRGs(A) Cumulative distribution function (CDF) curve). (
Delta area curve of consensus clusterirg.onsensus clustering matrik) (KaplagMeier (KgM) survival analysis of the three subgroups.
(E) Heatmap of DEG expression profiles in three subgroups.
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and LTF were protective genes (HR < 1) (Fig3A).
We identified a 13jene signature using the LASSO
Cox regression analigs (Figure 3A and 3B). The
formula for the risk score is as follows:

Risk score =17(0.065 x TNFRSF14exp.) +710.006 x
RELBexp.) + (0.132 x SEMA3Bexp.) + (0.059x
ADAM9exp.) + (0.007 x IGFALSexp.) + (0.031x
MAL2exp.) + (0.039 x CEBPDexp + (10.095 x
KRTCAP3exp.) + {0.066 x CCL19exp.) + {0.011 x
CHADexp.) + (0.014 x KRT5exp.) + (0.044 x
CLEC3Aexp.) +10.005x% LTFexp.) (Figire3A and3B).

Patients with BC were divided into higland low
risk groups based on the median value (Fé3E).
The survival curve suggested that higbk BC
patients had poorer survival rates than that of-low
risk BC patients (Figre 3C). ROC analysis was
performed to evaluate the predictive model
constructed using the risk score. The AUC of the
ROC curves at ,13, and 5year were 0.694, 0.683,
and 0.682, respectively (Rige 3D). In addition, PCA
analysis presented that BC patients in different
groups were well separated into different subtypes
(Figure 3F).
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Figure 3. Establishment of a 1-8ene signature in TCGA coho(p) Differentially expressed genes (DEGs) were penalized by LASSO
Cox regression analysi8) (Crossvalidation of candidate genes based on the minimum lambda val&Syrvival analysis between twisk
subgroups. D) Receiver operating characteristic (ROC) curve of thgeh® signature.H) Survival time and status of each breast cancer
(BC) sample based on the risk scoReRrincipal component analysis (PCA) of theyéBe signature.
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Validation of the risk signature

The GSE20685 dataset from the GEO database was
selected for validation. First, mRNA expression levels
were normalized for subsequent analysis. Alldapprs

in the GEO cohort were divided into lewnd highrisk
subtypes (Figre 4A and 4B). Consistent with TCGA
analysis, BC patients in the higisk group had poorer
survival rates (Figre4C). The AUC of the ROC curve

at lyear, 3year, and 5ear were 0.815, 0.647, and
0.621, respectively (Fige 4D). In addition, PCA
displayed a moderate difference between the two groups
(Figure 4E). The results of GSE20685 also
demonstrated that our prognostic model had moderate
predictive capability.
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Independentprognostic analysis of therisk model

Univariate and multivariate Cox regression analyses
were performed to estimate independent prognostic
factors for patients, univariate and multivariable Cox
regression analysis was performed. The results revealed
that the risk so@ (HR = 5.458, 95% CI = 3.441
8.657) was a prognostic factor in the TCGA cohort
(Figure 5A). Multivariate analysis revealed that the risk
score (HR = 4.367, 95% CI = 2.7266.995) was an
independent factor for BC patients (&ig 5B). Figure

5C shows that the risk score (HR = 3.233, 95% CI 1.677

T 6.231) was a prognostic factor in the GSE20685

dataset. Multivariate analysis revealed that the risk
score (HR = 3.701, 95% CI = 1.7817.691) was an
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Figure 4. Validation of the 13gene signaturen GSE20685A and B) Survival time and status of each breast cancer (BC) sample
based on the risk scoreC)(Survival analysis between two risk subgroup$.Receiver operating characteristic (ROC) curve of thgeh@
signature.(E) Principal componenanalysis (PCA) of the -tg@ne signature.
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independent factor for BC patients in the GSE20685 Figure 6A, different subgroups, @luding N stage,
cohort (Figire 5D). Moreover, based on the TCGA age, T stage, and stage, had significantly different
cohort, a clinicopathological information heatmap was  risk scores. To further verify the reliability tfie risk

displayed, which showed that BC pat®tetween the model, subgroup analysis confirmed the differences
two groups showed a significant correlation with tumor  in survival between the lowand highrisk groups in
stage, age, and T classification (Hig5E). different cancersubgroups, including subgroups of

age > 65 years, female sex, M1, @65 years, NO,
Next, the correlation between the risk scores and stage IIHV, N1-3, stage dll, T1+2, ard T3+4
clinical characteristics was investigated. As shown in  (Figure 6B).

A pvalue Hazard ratio ! B pvalue Hazard ratio '
1 1
Age <0.001 1.034(1.020-1.049) h Age <0,001 1.031(1.016-1.046) i
1
1 1
Stage <0.001 2.109(1.669-2.666) 1 [ -] Stage 0.140  1.494(0.877-2.546) —a—
1 1
1 1
T <0.001 1.571(1.266-1.949) : (] T 0.666 1.070(0.788-1.453) |_-_|
1 1
1
M <0.001 6.027(3.314-10.962) : —_ M 0.287 1.584(0.679-3.693) ———
1 1
1 1
N <0.001 1.672(1.394-2.005) [ N 0.206 1.213(0.899-1.636) B
1 1
1
riskScore  <0.001  5.458(3.441-8.657) 4 [ riskScore  <0.001  4.367(2.726-6.995) ! —_
[ T T T 1 r T T T 1
1 2 4 8 16 0.5 1 2 4 8
Hazard ratio Hazard ratio
pvalue Hazard ratio : pvalue Hazard ratio :
1 1
1 1
1 1
Age 0483 0.992(0.971-1.014) * Age 0930 0.999(0.976-1.022) '
1 1
1 1
1 1
N <0.001 2.099(1.758-2.507) : - N 0.022 1.283(1.037-1.588) :.-.-c
1 1
1 1
1 1
™M <0.001 2.846(2.412-3.358) : F oA M <0,001 2.594(2.097-3.210) : [ ]
1 1
1 1
1 1
riskScore  <0.001  3.233(1.677-6.231) ! —_— riskScore  <0.001  3.701(1.781-7.691) ! —_
T T T T 1 r 1 T T 1
0.5 1 2 4 8 0.5 1 2 4 8
Hazard ratio
E N
o
N
Ny
Ia
"
w ™l
unkrou
_,"""
n
J *gli
unkoow
Stage"
Stage |
stge
stage
 soe v
ko
Wrowe
Age
P l);
s
RTCAP3 ow
igh
1

Figure 5. Assessment of the clinical prognostic value of the risk score model in patiemith breast cancer (BChy
univariate and multivariate ©x analysis.(A) Univariate independent Cox analysis for TCGA cof@®rMultivariate independent Cox
analysis for TC&cohort.(C) Univariate independent Cox analysis for GSE20@39Multivariate independent Cox analysis for GSE20685.
(BE) Heatmap of the 13)ene signature and clinicopathological manifestations.
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Establishment of a prognostic nomogram for BC

patients

Based on TCGA cohort, we generated a new prognostic
nomogram to predict BC patient survival (&ig 7A),
which revealed that the prognostic nomogram could
systematically predict the overall survival (OS) of BC
patients at 1, 3, and 5 years. The calibration plots
showed good agreement between the actual and
predicted outcomes (Rige 7B). In addition, the AIC

of the nomogram for predicting survival was 0.844
(Figure 7C), and DCA showed a robust predictive

probability of the nomogram (Fige 7D).

Functional enrichment of the risk signature

To research the functional annotations of thegége
risk signature we performed enrichment analysis on
DEGs between the highand lowrisk groups. As
shown in Figire 8A and8C, GO enrichment revealed

t hat t hese DEGs wer e

mai n

to chemoki neo -nedated Signhliegmo k i
pat hway o -médatedosighaling pathways.

KEGG enrichment showed significant enrichment of
Aviral protein interaction
receptor o0-kaspnpda MBNFsignaling
(Figure 8B and 8D). GSEA was performed to
evaluate the different pathways betweka tow and
highr i sk groups. Results sho
ifprogesterone medi at ed 0
Ahomol ogous recombination, 0o
and Aterpenoid backbone bio
enriched pathways in highisk group. In thdow-risk

group, the top five enriched pathways were the
Afchemokine signaling pathwa
|l i neageo,cyfioktimlei nreeceptor
Aineuroactive l' i gand recep
Apri mary i mmunode f8E)cilmncyo
addition as shown in Figre 8F, from the heatmap of

GSVA, significant differences in enriched functions
between the Ilow and highrisk groups were
bbgervednr i ched i n Aresponse

Figure 6. Subgroup analysis of the risk scor@) Correlation of risk models with clinical characterist{@.Survival analysis between

two risk subgroups during clinical subgroups.
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