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ABSTRACT

Background: The high heterogeneity of triple negative breast cancer (TNBC) is the main clinical challenge for
individualized therapy. Considering that fatty acid metabolism (FAM) plays an indispensable role in
tumorigenesis and development of TNBC, we proposed a novel FAM-based classification to characterize the
tumor microenvironment immune profiles and heterogeneous for TNBC.

Methods: Weighted gene correlation network analysis (WGCNA) was performed to identify FAM-related genes
from 221 TNBC samples in Molecular Taxonomy of Breast Cancer International Consortium (METABRIC) dataset.
Then, non-negative matrix factorization (NMF) clustering analysis was applied to determine FAM clusters based
on the prognostic FAM-related genes, which chosen from the univariate/multivariate Cox regression model and
the least absolute shrinkage and selection operator (LASSO) regression algorithm. Then, a FAM scoring scheme
was constructed to further quantify FAM features of individual TNBC patient based on the prognostic
differentially expressed genes (DEGs) between different FAM clusters. Systematically analyses were performed
to evaluate the correlation between the FAM scoring system (FS) with survival outcomes, genomic
characteristics, tumor microenvironment (TME) features and immunotherapeutic response for TNBC, which were
further validated in the Cancer Genome Atlas (TCGA) and GSE58812 datasets. Moreover, the expression level and
clinical significancy of the selected FS gene signatures were further validated in our cohort.

Results: 1860 FAM-genes were screened out using WGCNA. Three distinct FAM clusters were determined by NMF
clustering analysis, which allowed to distinguish different groups of patients with distinct clinical outcomes and
tumor microenvironment (TME) features. Then, prognostic gene signatures based on the DEGs between different
FAM clusters were identified using univariate Cox regression analysis and Lasso regression algorithm. A FAM
scoring scheme was constructed, which could divide TNBC patients into high and low-FS subgroups. Low FS
subgroup, characterized by better prognosis and abundance with effective immune infiltration. While patients
with higher FS were featured with poorer survival and lack of effective immune infiltration. In addition, two
independent immunotherapy cohorts (Imvigor210 and GSE78220) confirmed that patients with lower FS
demonstrated significant therapeutic advantages from anti-PD-1/PD-L1 immunotherapy and durable clinical
benefits. Further analyses in our cohort found that the differential expression of CXCL13, FBP1 and PLCL2 were
significantly associated with clinical outcomes of TNBC samples.

Conclusions: This study revealed FAM plays an indispensable role in formation of TNBC heterogeneity and TME
diversity. The novel FAM-based classification could provide a promising prognostic predictor and guide more
effective immunotherapy strategies for TNBC.
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INTRODUCTION

Triple-negative breast cancer (TNBC), as defined by the
absence of estrogen receptor (ER) and progesterone
receptor (PR), and human epidermal growth factor
receptor 2 (HER2), is a heterogeneous breast cancer
subtype that carries the worst prognosis due to its
aggressive characteristics and limited therapeutic options
[1, 2]. Much effort has been devoted over the past decade
in classifying TNBCs into several molecular subtypes
with distinct mutational profiles, genomic alterations,
and biological processes that could guide treatment
decisions [3-7].

Lipid metabolism, especially the synthesis of fatty acids
(FAs), is an important cellular process that converts
nutrients into metabolic intermediates for membrane
biosynthesis, energy storage, and signal molecule
production [8]. Abnormal lipid metabolism is one of the
hallmarks of cancer. Increasing evidence confirmed the
significance role of FAM in carcinogenesis, affecting
cell-matrix interaction, cell signaling and com-
munication, as well as tumor angiogenesis and
metastasis, and immune modulation [9, 10]. Targeting
FAM process has become a promising therapeutic
strategy for tumors [11, 12]. However, researches of
FAM-relevant molecular stratification in TNBC have not
yet been established.

Recently, immune checkpoint inhibitors (ICIs) has
achieved an impressive clinical response in various types
of cancer, whereas the overall response rate and clinical
benefit rate is still unsatisfied in TNBC [13-15]. The
biological and functional heterogeneity of T cells is a
pivotal determinant for effective antitumor immunity and
immunotherapy. Therefore, it is critical to further
elucidate the molecular mechanism of T cell dysfunction
in tumor microenvironment.

The mechanism of Immunometabolism in regulating
the function and fate of immune cells has been widely
concerned. Previous studies found that tumor cells and
Treg cells drove elevated expression of group IVA
phospholipase A2, then altered lipid metabolism and
senescence of T cells. Inhibition of group IVA
phospholipase A2 reprogrammed effector T cell lipid
metabolism, effectively prevented T cell senescence,
and enhanced anti-tumor immunity and immuno-
therapy efficacy [16]. Meanwhile, S-palmitoylation, a
lipid process that covalently binds palmitic acid to
protein residues, has been found to play an
indispensable role in maintaining PD-L1 stability and
inhibiting T cell cytotoxicity [17]. However, the
specific effects of FAM on the tumor micro-
environment immune profiles in TNBC are not fully
studied.

In this study, we comprehensively evaluated the
association between FAM and TME -cell-infiltrating
characteristics and heterogeneous by integrating the
transcriptomic and genomic data of 470 TNBC samples
from METABRIC, TCGA and GEO databases. Firstly,
FAM-related genes were identified by applying WGCNA
in TNBC patients. Then, 3 distinct FAM clusters with
nonnegative matrix factorization (NMF) clustering were
identified. Moreover, we constructed a scoring scheme to
quantify the FAM features in individual TNBC patient.
The prognosis traits, genomic variations, transcriptome
features, as well as immune infiltration among the
different FAM subtypes were further analyzed and
verified. These findings indicated that FAM plays a crucial
role in reshaping the heterogeneous and tumor immune
microenvironment in TNBC.

METHODS
Data acquisition and preparation

The workflow was shown in Supplementary Figure 1.
TNBC patients with full clinical annotations and
RNA-seq data were searched from Molecular Taxonomy
of Breast Cancer International  Consortium
(METABRIC, http://www.cbioportal.org/datasets), the
Cancer Genome Atlas (TCGA, https://portal.gdc.
cancer.gov/repository), and Gene-Expression Omnibus
(GEO, http://www.ncbi.nlm.nih.gov/geo/) datasets. In
total, 470 TNBC samples were included in our study for
further analysis. The microarray data of the
METABRIC (N = 221) was served as training dataset.
The normalized RNA-seq data which acquired
from TCGA database (N = 142) and the gene expression
profiles from GSES58812 (N = 107) were used as
independent validation datasets. R package ‘limma’
was applied for gene expression normalization [18].

Identification of FAM-related genes

The hallmark gene sets of fatty acid metabolism (FAM),
which including 158 FAM relevant genes, were extracted
from the Molecular Signatures Database (MSigDB)
(https://www.gseamsigdb.org/gsea/msigdb/). First, we
calculated the FAM ssGSEA score in METABRIC-
TNBC samples by the ssGSEA algorithm (R package
“gsva”) [19]. Then, we screened out the FAM module
and FAM genes by the R package “wgcna” [20].
Pearson’s correlation matrices, co-expression similarity
matrix, and average linkage method were performed to
estimate the correlation coefficient between any two
genes. A weighted adjacency matrix with a scale free co-
expression network and topological overlap matrix
(TOM) were constructed to investigate the connectivity
and dissimilarity of the co-expression network. A
hierarchical clustering tree was established based on the
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TOM dissimilarity, which could identify the key modules
and genes. Then, we set the module membership (MM)
>(0.8 and gene significance (GS) > 0.5 to identify the
correlation between genes and FAM ssGSEA score.
Totally, 1860 candidate FAM-related genes were
identified from the FAM module.

Prognostic value analysis

The prognostic significance of the FAM-related genes
which obtained from the WGCNA was analyzed by
univariate Cox regression model using the R package
“survival”. Then, LASSO Cox regression algorithm was
applied to further select prognostic FAM genes using the
R package “glmet” [21]. Subsequently, the most robust
prognostic gene signatures for OS were chosen by
performing multivariate Cox regression model in
METABRIC-TNBC patients.

Non-negative matrix factorization (NMF) clustering
analysis

Based on the expression of 8 prognostic FAM-related
genes, we then applied NMF clustering analyses to
identify distinct FAM clusters. The optimal number of
clusters and their stability were determined by the
consensus clustering algorithm. The R package “NMF”
was used to perform the consensus clustering [22].

Identification of differentially expressed genes
(DEGs) between distinct FAM clusters

DEGs between distinctFAM clusters were identify using
the R package “limma” [18]. The significance criteria for
determining DEGs was set as adjusted P value < 0.01.

Gene set variation analysis (GSVA) and functional
annotation

GSVA enrichment analysis using “GSVA” R packages
were performed to investigate the variation in biological
process between different FAM clusters [19]. The gene
sets of “c2.cp.kegg.v7.1.symbols” were downloaded
from MSigDB database for running GSVA analysis.
Adjusted P value < 0.05 was considered as statistically
significance. The “clusterProfiler” R package was used
to perform functional annotation for DEGs between
different FAM clusters, with the cutoff value of FDR <
0.05 and P < 0.05 [23].

Estimation of TME cell infiltration
ssGSEA algorithm was used to quantify the relative

abundance of 28 immune cell types in the TME [24, 25].
CIBERSORT algorithm was applied to analyze the

components of 22 immune cell types among different FAM
subgroups [26]. MCP-counter was performed to show the
immune-related activity among different FAM subgroups
using the ‘MCPcounter’ package [27]. The immune and
stromal compositions in TME were further estimated using
the ‘estimate’ package [28]. Moreover, the expression of
key immune profiles was compared between different FAM
clusters.

Generation of a novel FAM-based classification

To quantify the FAM features of individual TNBC
patient, we explored a novel FAM-based classification—
the FAM scoring system (FS) to investigate the FAM
features of individual TNBC patient. Specifically, 782
overlap DEGs were identified from different FAM
clusters, we then extracted the prognostic gene signatures
using univariate Cox regression model and Lasso
regression algorithm. Finally, 8 genes were chosen to
construct the FAM scoring system. The FAM Score (FS)
was calculated by the corresponding coefficients of
selected gene signatures:

FAM Score = > i Coefficient (mRNA) x Expression
(mRNA)

Where i represent the selected gene signatures.
Gene set variation analysis (GSVA)

We then performed GSVA to further reveal the most
significantly enriched molecular pathways between
different FS subgroups using the R package “GSVA”
[19]. The gene sets of “c2.cp.kegg.v7.1.symbols” were
downloaded from MSigDB database. Adjusted P value <
0.05 was considered as statistically significance.

Significantly mutated genes and tumor mutation
burden in different FS groups

Principal component analysis (PCA) for the expression
profiles of 8 FS gene signatures were analyzed and
presented between tumor and normal samples in TCGA
cohort. Moreover, the CNV variation frequency of 8 FS
gene signatures were further evaluated in TCGA-TNBC
cohort. The R package of RCircos was applied to depict
the copy number variation landscape of these selected
gene signatures in 23 pairs of chromosomes [29]. Using
the R package maftools [30], the overall mutation
landscape was summarized and present in patients with
high and low FS subgroups in TCGA cohort. Based on
the TGCA somatic mutation data, we then calculated
TMB scores to assess the mutation status between high
and low FS subgroups.
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Genomic and clinical data sets with immune-

checkpoint blockade

The immunotherapeutic cohorts: IMvigor210 cohort
(advanced urothelial cancer treated with atezolizumab,
anti PD-L1 antibody) [31] and GSE78220 cohort
(metastatic melanoma with intervention of pem-
brolizumab, an anti PD-1 antibody) [32] were chosen to
analyze the predictive efficiency of FS scheme for
immunotherapy.

Exploration of potential compounds targeting the
selected FAM-related gene signatures

To explore potential compounds targeting the selected FS-
related gene signatures for treatment of TNBC, we
calculated the therapeutic response of various molecular
based on their half-maximal inhibitory concentration
(IC50) which extracted from the CellMiner database [33].

Validation of the bioinformatics results in clinical
samples

We first collected 63 paired TNBC tissues and adjacent
normal tissues (ANT) from Sir Run Run Shaw hospital
of Zhejiang University School of Medicine. Total RNAs
was extracted with TRIzol reagent (Invitrogen, USA)
according to the manufacturer’s instruction, which then
reverse transcribed into complementary DNA using
PrimeScript RT MasterMix (Takara, China). Using
SYBR Green PCR MasterMix (Takara, China), RT
gPCR was performed according to the manufacturer’s
instruction. The primers were listed in (Supplementary
Table 1). The average Ct value were used for each gene
which repeated three times, B-actin was applied to
normalize the target genes mRNA expression.

Statistical analysis

Student’s #-tests were applied to analyze normally
distributed variables, Wilcoxon rank-sum tests were used
to estimate non-normally distributed variables. One-way
ANOVA and Kruskal-Wallis tests were performed to
examine difference comparisons of more than two
groups. Kaplan-Meier curve and Cox proportional
hazards model were chosen to investigate the prognostic
significance of FAM-related genes and FAM subtypes.
All statistical analyses were done in R 4.0.1 software.
Statistical significance was determined with a two-sided
p <0.05.

Availability of data and materials

All data used in this work can be acquired from the Gene-
Expression ~ Omnibus  (GEO;  https://www.ncbi.
nlm.nih.gov/geo/) under the accession number

GSE78220 and GSE58812, METABRIC and the TCGA
portal (https://portal.gdc.cancer.gov/).

RESULTS
Identification of FAM-related module and genes

Based on the FAM ssGSEA score we calculated by the
ssGSEA algorithm, a gene co-expression network was
constructed with the WGCNA algorithm to identify
FAM-related module. The most critical parameter of the
soft threshold power was set at 4 (Figure 1A). Then, a
hierarchical clustering tree was established to identify the
key modules and genes (Figure 1B). Figure 1C showed
that the blue module was positively correlated with
FAM, which termed as FAM-related module, and the
genes in the blue module were regarded as FAM-related
genes (n = 1860).

Different FAM clusters mediated by FAM-related
genes

Prognostic analysis (including univariate/multivariate
Cox regression model and Lasso regression algorithm)
were performed to identify the prognostic values of these
FAM-related genes (Figure 2A—2C and Supplementary
Table 2). Then, Consensus Clustering analysis of the
NMF algorithm were applied to classify patients with
qualitatively different FAM clusters based on the
expression of prognostic FAM-related genes (Figure
2D). Three distinct FAM clusters were eventually
identified, including 90 cases in FAM cluster C1, 76
cases in FAM cluster C2 and 55 cases in FAM cluster C3
(Supplementary Table 3). Prognostic analysis revealed
that particularly prominent survival advantage in FAM
cluster-C2, whereas the worst prognosis found in FAM
cluster-C3 (Figure 2E, 2F). GSVA algorithm showed
significant differences in KEGG pathways among these
distinct FAM clusters (Figure 2G, 2H).

TME cell infiltration characteristics in distinct FAM
clusters

Firstly, we analyzed the enrichment levels of 28 immune
signatures in the TME of TNBC by performing ssGSEA,
METABRIC-TNBC samples were further classified into
three distinct immune subtypes (Figure 3A). 67 patients
were set at the high-immunity group, which characterized
by abundance of immune cell infiltration; The low-
immunity group contained 57 patients, which
characterized by the suppression of immunity, and 97
patients were present in the modulate-immunity group,
which represented with inadequate immune cell
infiltration and ineffective antitumor immunity. Then, we
analyzed the distribution of immune signatures among
these distinct FAM clusters. As shown in Figure 3B, FAM
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cluster-C2 was markedly associated with high-immunity
group, whereas FAM cluster-C1 presented high
proportion of low-immunity group. Then, CIBERSORT
algorithm and MCPcounter method were used to show the
differences on the component of TME immune cell
profiles between distinct FAM clusters. As shown in
Figure 3C, 3D, FAM cluster-C2 was remarkably enriched
in innate immune cell infiltration including natural killer
cell, plasma cells, Myeloid dendritic cell, and cytotoxic
lymphocytes compared to other FAM clusters. Moreover,
ESTIMATE analysis found that the diversity distribution
of the immune and stromal scores between different FAM
clusters, which suggested that FAM plays an inevitable
role in tumor microenvironment immune profiles (Figure
3E, 3F).

Prognostic DEGs between different FAM clusters

Considering the prominently prognostic difference
among the FAM-clusters, we further examined the
potential FAM-related transcriptional expression change
across three FAM clusters in METABRIC-TNBC
samples. A total of 782 DEGs were identified, which
depicted in Figure 4A and Supplementary Table 3.
Univariate Cox regression model based on the 782 DEGs
was performed to find prognostic FAM-related DEGs
(Supplementary Table 3). Functional enrichment
analysis of these prognostic FAM-related DEGs revealed

Mean connectivity

response and T cell activation, 23 cellular components
(CC), including T cell complex and plasma membrane,
and 14 molecular functions (MF) refer to SH3/SH2
adaptor activity and transmembrane signaling receptor
activity were significant enriched; 13 KEGG pathways
related to primary immunodeficiency and T cell receptor
signaling pathway were significant over-represented
(Figure 4B—4E).

Construction of FAM gene signature and FAM
scoring system

Based on the obtained 140 prognostic FAM-related
DEGs, Lasso regression analysis was performed to
stratify TNBCs into different genomic subtypes (Figure
5A, 5B and Supplementary Table 3). Totally, 8 selected
FAM-related prognostic genes were identified, which
were defined as FAM-related gene signatures
(Supplementary Table 3). Then, a set of FAM scoring
system, which termed as FAM score (FS), was
established to quantify the FAM features of individual
TNBC patient. Consistent with the clustering grouping of
FAM clusters, two distinct FAM score subgroups were
found and we named these 2 subgroups as FS-low and -
high. Kaplan-Meier survival analysis shown that
significant prognostic differences between the low- and
high- FS subgroups (Figure 5C, 5D), patients with lower
FS was shown with better survival outcomes.
Furthermore, multivariate Cox regression model
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analysis confirmed that the FS scheme could serve as an
independent prognostic biomarker for METABRIC-
TNBC patients (Figure SE and Supplementary Table 4).
To better illustrate the association between FAM features
with prognosis, we visualized the attribute variety of
individual TNBCs by applying alluvial diagram (Figure
5F). Moreover, significant differences were observed
between the low and high FS groups refer to KEGG
pathways (Figure 5G).

TME immune cell profiles between distinct FS
subgroups

Regarding the immune classification, low-FS subtype
consisted of more proportions of high- and medium-
immunity tumors, whereas high-FS subtype contained
mainly low-immunity tumors. (Figure 6A). The results of
Cibersort and MCPcounter methods revealed the
different infiltrating abundances of TME immune
infiltrating cell types between the low- and high-FS

W

67 66 66 64 63 61 59 54 52 48 42 37 27 18 2

groups. As shown in Figure 6B, 6C, low-FS subtype was
remarkably abundant with activate immune cell
infiltration including cytotoxic lymphocytes, plasma
cells, CD8+ T cells, NK cells, Myeloid dendritic cell, and
mast cells compared to the high FS subtype. ESTIMATE
analysis exhibited the diversity of the immune and
stromal scores between distinct FS subgroups (Figure
6D, 6E). Moreover, significant reverse correlation
between the abundance of immune profiles and FS were
found in METABRIC-TNBC cohort (Figure 6F). The
above findings demonstrated that low-FS subtype tumors
had relatively higher immune infiltration levels
compared with that in high-FS subtype.

Clinical application of the FAM scoring system in two
independent cohorts

To further explore the clinical application value of the
novel FAM-based classification, we drew attention to
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the TCGA and GSE58812 cohorts, which comprised 142 characterized by poorer survival (Supplementary Figure

and 107 TNBC samples, respectively. First, we 2A, 2B and Supplementary Figure 3A, 3B). In addition,
calculated the FAM score for each patient and then multivariate Cox regression model for TCGA-TNBC
categorized patients into high- and low-FS subgroups cohort supported that FS could serve as an independent
based on the cutoff value of their individual FS. Familiar prognostic biomarker in TNBC (Supplementary Figure
to the results of METABRIC-TNBC dataset, prognostic 2C). As for TME immune features, ssGSEA algorithm
analysis also revealed FS-low group was remarkable also identified three distinct immunity phenotypes for
related to prolonged survival, while FS-high group was TCGA and GSE58812 cohorts (Supplementary Figure
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cohort. (E) Multivariate Cox regression analysis confirmed that FS could serve as an independent prognostic biomarker for METABRIC-TNBC
samples. (F) Alluvial diagram showing the changes of FAM clusters, FS subtypes and overall survival. (G) Differences in KEGG pathways
between the low- and high FS groups.
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expression of immune profiles between the low- and high-FS groups in METABRIC-TNBC cohort.
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2D and Supplementary Figure 3C). Regarding the immune
classification, low-FS subtype also showed greater
proportion  of  high- and  medium-immunity
(Supplementary Figure 2E and Supplementary Figure 3D).
Cibersort and MCPcounter algorithm also revealed that
effective immune cells were markedly abundant in low-FS
groups (Supplementary Figure 2F, 2G and Supplementary
Figure 3E, 3F). ESTIMATE analysis also exhibited higher
immune and stromal score in the low-FS group
(Supplementary Figure 2H, 21 and Supplementary Figure
3G, 3H). The abundance of immune profiles between
different FS subgroups were found a significant difference
in TCGA and GSES58812 cohorts (Supplementary Figure
2] and Supplementary Figure 3I). All the above findings
demonstrated that the FAM-based classification could be a
reliable  clinically  application  for  predicting
immunotherapy response and prognosis in TNBC.

Landscape of genomic variation and expression of
different F'S subgroups in TNBC

First, we recapitulated the frequency of copy number
variations (CNV) of 8 selected FS gene signatures in
TCGA-TNBC samples (Figure 7A). The locations of
CNV alterations of these mutated FAM genes on
chromosomes are shown in Figure 7B. Then, we
evaluated whether the differential expression of 8
selected FS gene signatures could distinguish TNBC

3 T 3
PC1 (85.4%) o
&

Altered in 60 (95.24%) of 63 samples.

samples from normal samples in TCGA cohort by
performing principal component analysis (PCA) (Figure
7C). Furthermore, the mRNA expression levels of these
selected FAM gene signature were depicted in Figure
7D, which shown wide diversity between normal and
TNBC samples. Next, we further investigated the
allocation diversity of somatic mutation and TMB
between different FS subgroups in TCGA-TNBC cohort
using the R package “maftools”. As shown in Figure 7E,
7F, the top 20 genes of mutation frequency were
significant different between the low- and high-FS
subtypes. The TMB score between the low- and high-FS
subgroups in TCGA-TNBC cohort were further
summarized in Figure 7G. The above results indicated
that the potentially complex interaction between genomic
variation and FS classification in TNBC.

anti-PD-1/L1

The vrole of FS scheme in

immunotherapy

Immunotherapies represented by PD-L1 and PD-1
inhibitors were strongly recommended in antitumor
therapy of advanced TNBC patients. Based on two
immunotherapy cohorts (IMvigor210 and GSE78220),
we next investigated the predictive ability of the
established FS system for patients’ response to immune
checkpoint blockade. Patients with lower FS exhibited
higher clinical benefit rates (Figure 8B, 8C and 8F) and
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Figure 7. Landscape of genetic and expression variation of FS in TNBC. (A) The CNV variation frequency of FS gene signatures in
TNBC-TNBC cohort. (B) The location of CNV alteration of FS gene signatures on 23 chromosomes in TCGA-TNBC cohort. (C) Principal
component analysis for the expression profiles of 8 FS gene signatures to distinguish tumors from normal samples in TCGA-TNBC cohort. (D)
The expression of 8 FS gene signatures between normal and tumor tissues. (E, F) The waterfall plot of tumor somatic mutation of the low- (E)
and high-FS subgroups (F) in TCGA-TNBC cohort. (G) The TMB status between the low- and high-FS subgroups in TCGA-TNBC cohort.
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better survival outcomes (Figure 8A, 8E). In addition,
patients with higher FS were observed abundant with
desert immune phenotype, whereas patients with lower
FS were enriched in inflamed immune phenotype
(Figure 8D). In summary, the above findings implied
that the established FAM based classification could be
a practical and promising biomarker for predicting
immunotherapy efficiency and survival outcomes in
TNBC.

Identification of novel candidate compounds
targeting the selected FAM-related gene signatures

As shown in Supplementary Figure 4, robust positive
correlation was found between the expression level of
SH2D1A with IC50 of Nelarabine, Dexamethasone
Decadron, Fluphenazine and Asparaginase. The IC50 of
Fulvestrant and Raloxifene appeared to be positively

associated with the expression level of FBPI1, similar
results were found in the IC50 of Nelarabine and
Hydroxyurea with the expression level of PLCL2. A
significantly positive correlation was noted between the
expression level of IL18RAP and IC50 of Imatinib (all p
< 0.001). These findings may help to exploring novel
treatment strategies for targeting the FAM-related gene
signatures in TNBC patients.

The mRNA levels and prognostic value of selected
FAM-related genes in our cohort

The RT qPCR assay exhibited the relative mRNA
expression level of selected FAM-related genes
(PLCL2, DLL3, DCAF4, CXCL13, RASGEFIA,
FBP1, SH2D1A and IL18RAP) in TNBCs and adjuvant
normal tissues (Figure 9A). Generally, CXCL13,
IL18RAP and PLCL2 mRNA were downregulated,
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Figure 8. The role of FS scheme in anti-PD-1/L1 immunotherapy. (A) Survival analyses for low- and high-FS subgroups in the anti-PD-
L1 immunotherapy cohort (IMvigor 210). (B) The proportion of patients with response/nonresponse to PD-L1 blockade immunotherapy in
low and high FS groups (IMvigor 210). (C) The proportion of patients with different therapeutic responses to PD-L1 blockade in low and high
FS groups (IMvigor 210). (D) The proportion of patients with different immunity phenotypes in low and high FS groups (IMvigor 210). (E) The
proportion of patients with different survival status in low and high FS groups (GSE78220). (F) The proportion of patients with different
therapeutic response to PD-1 blockade immunotherapy in low and high FS groups (GSE78220). Abbreviations: SD: stable disease; PD:

progressive disease; CR: complete response; PR: partial response.
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while DLL3, DCAF4 and FBP1 were upregulated in
TNBC samples compared with that in the paired ANTs.
Furthermore, Kaplan-Meier curve implied that high

expression of FBP1 was correlated with worse DFS,
whereas low expression of CXCL13 and PLCL2 were
associated with worse DFS (Figure 9B-9I).
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Figure 9. The mRNA levels and prognostic value of selected FS gene signatures in our cohort. (A) Comparison of mRNA expression
levels of selected FS gene signatures in adjacent normal tissues and Tumor tissues by RT-qPCR assay. Kaplan—Meier curve shows the survival
diversity between differential expression of DLL3 (B), DCAF4 (C), CXCL13 (D), IL18RAP (E), FBP1 (F), SH2D1A (G), PLCL2 (H) and RASGEF1A (I)
in our cohort. Non-significant (ns) P> 0.05, *P < 0.05, **P < 0.01.
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DISCUSSION

Studies on classification of tumors based on their FAM
relevant profiles are beginning to emerge [34, 35]. Increasing
evidence demonstrated that FAM play an indispensable role
in the tumorigenesis, immunity regulation as well as
chemoresistance in TNBC [36-38]. Thus, elucidating the
FAM profiles in shaping immune contexture and
heterogeneous of TNBC will providing insights into the
interaction of FAM and TME, and steering more efficient
immunotherapy strategies for TNBC. To date, the
association between FAM and the overall TME infiltration
characterizations and heterogeneity of TNBC has not been
comprehensively recognized.

In this study, we successfully classified TNBCs into two
heterogeneous subtypes defined by their intact FAM
features, with distinct survival outcomes, genomic
alternations, immune profiles. Further analyses highlighted
the FS scheme could serve as an independent prognostic
biomarker for predicting survival in TNBC. In accordance
with previous studies, we demonstrated that TNBC
displayed distinct immune phenotypes among different
FAM features [38]. More importantly, the FAM-based
classification we constructed could predict the response to
anti-PD-1/PD-L1 immunotherapy in two cohorts.

With the aim of identifying the molecular drivers of
distinct FS subtypes in TNBC, we observed that
significantly mutated genes in different FS groups. The top
20 genes of mutation frequency were significant different
between the low- and high-FS subtypes. Moreover, the 8
FS gene signatures could markedly identify tumor tissues
from normal breast tissues. We next confirmed the mRNA
levels of these FS gene signatures by RT-qPCR assay in
our cohort. In accord with the bioinformatics results, the
selected FS genes were found differentially expression in
TNBC samples. Kaplan—-Meier survival analysis showed
that differential expression of CXCL13, FBP1 and PLCL2
were remarkably correlated with survival outcomes in
TNBCs.

Among the selected gene signatures, DLL3 has been
found high expression in breast cancer and was an
independent prognostic factor for OS [39]. The
expression level of CXCL13 has been found linked to the
proinflammatory features of macrophages, could predict
the response to the combination of chemo-therapy with
checkpoint inhibitors for TNBCs [40]. Moreover,
previous researches showed that increasing the
expression of Aging-associated and CD4 T cell-
dependent ectopic CXCL13 were correlated with
immune-related adverse events (irAEs) incidence in
ICB-treated patients [41]. FBP1, a gluconeogenesis
regulatory enzyme, has been found modulate cell
proliferation and chemosensitivity by targeting c-myc in

breast cancer [42]. Further mechanism analysis showed
that MY C-overexpressing TNBC relied on fatty acid
oxidation (FAO), inhibition of FAO may as a potential
treatment strategy for MYC-overexpressing TNBC.
Other studies found that FBP1 deletion disrupted liver
metabolic homeostasis and promotes tumorigenesis by
inducing the senescence of hepatic stellate cell (HSCs),
which established an essential crosstalk between
metabolic reprograming and HSC senescence [43]. The
interesting findings yielded several novel insights for the
molecular drivers in creating subtype-specific FAM
reprograming in TNBC.

Our study also has important implications for clinical
translations. First, novel therapeutic strategies targeting
FAM vulnerabilities are warranted according to subtype-
specific features for individual TNBC patients. Second,
although immune checkpoint inhibitors have been shown
to be successful across multiple tumor types, including
TNBC. However, the response to immunotherapy is still
low in this tumor type [44, 45], highlighting other
underlying mechanisms may influence the immune
responsiveness. Mounting evidence have shown
metabolites in the tumor micro-environment affecting the
fate of immune cells, and therefore, modulate immune
responses [46, 47]. On the basis of the FAM features in
TNBC, we hypothesized that targeting FAM therapeutic
strategies and anti-PD-1/PD-L1 immunotherapy could
have a synergistic effect for TNBCs.

Although we set a novel FAM-based classification for
predicting immunotherapy efficiency and survival on
TNBC, some limitations are needed to declare. First, the
FS scheme was identified by bioinformatic analysis using
retrospective data; thus, our findings should be validated
by prospective studies with TNBC samples. Besides,
owing to shortage of an appropriate ICI-based TNBC
dataset, the effects of FS scheme on immunotherapy
should be further verified to strengthen our conclusion.

In conclusion, this work demonstrated the indispensable
role of FAM in shaping tumor microenvironment and
heterogeneous for TNBC. Evaluating the FAM features
of individual TNBC patient will contribute to enhance
our cognition of tumor heterogeneity and TME
infiltration features in TNBC, then providing new
potential therapeutic targets and steering more efficient
immunotherapy strategies.

AUTHOR CONTRIBUTIONS

XY and YTH designed this work. HMA and WT
integrated and analyzed the data. XY wrote this
manuscript. XY and JW edited and revised the
manuscript. All authors approved this manuscript.

WWww.aging-us.com

1188

AGING



CONFLICTS OF INTEREST

The authors declare no conflicts of interest related to this
study.

ETHICAL STATEMENT

The patient data in this work were approved by Sir Run
Run Shaw Hospital of Zhejiang University School of
Medicine.

FUNDING
This study was not supported by any fund.

REFERENCES

1. Bianchini G, Balko JM, Mayer IA, Sanders ME, Gianni L.
Triple-negative breast cancer: challenges and
opportunities of a heterogeneous disease. Nat Rev Clin
Oncol. 2016; 13:674-90.
https://doi.org/10.1038/nrclinonc.2016.66
PMID:27184417

2. Denkert C, Liedtke C, Tutt A, von Minckwitz G.
Molecular alterations in triple-negative breast cancer-
the road to new treatment strategies. Lancet. 2017;
389:2430-42.
https://doi.org/10.1016/5S0140-6736(16)32454-0
PMID:27939063

3. Lehmann BD, Bauer JA, Chen X, Sanders ME,
Chakravarthy AB, Shyr Y, Pietenpol JA. Identification of
human triple-negative breast cancer subtypes and
preclinical models for selection of targeted therapies.
J Clin Invest. 2011; 121:2750-67.
https://doi.org/10.1172/)CI45014
PMID:21633166

4. Burstein MD, Tsimelzon A, Poage GM, Covington KR,
Contreras A, Fuqua SA, Savage MI, Osborne CK,
Hilsenbeck SG, Chang JC, Mills GB, Lau CC, Brown PH.
Comprehensive genomic analysis identifies novel
subtypes and targets of triple-negative breast cancer.
Clin Cancer Res. 2015; 21:1688-98.
https://doi.org/10.1158/1078-0432.CCR-14-0432
PMID:25208879

5. Bareche, Venet D, Ignatiadis M, Aftimos P, Piccart M,
Rothe F, Sotiriou C. Unravelling triple-negative breast
cancer molecular heterogeneity using an integrative
multiomic analysis. Ann Oncol. 2018; 29:895-902.
https://doi.org/10.1093/annonc/mdy024
PMID:29365031

6. Garrido-Castro AC, Lin NU, Polyak K. Insights into
Molecular Classifications of Triple-Negative Breast
Cancer: Improving Patient Selection for Treatment.

10.

11.

12.

13.

14.

Cancer Discov. 2019; 9:176-98.
https://doi.org/10.1158/2159-8290.CD-18-1177
PMID:30679171

. Jiang YZ, Ma D, Suo C, ShiJ, Xue M, Hu X, Xiao Y, Yu KD,

Liu YR, Yu Y, Zheng Y, Li X, Zhang C, et al. Genomic and
Transcriptomic Landscape of Triple-Negative Breast
Cancers: Subtypes and Treatment Strategies. Cancer
Cell. 2019; 35:428-40.e5.
https://doi.org/10.1016/j.ccell.2019.02.001
PMID:30853353

. Réhrig F, Schulze A. The multifaceted roles of fatty acid

synthesis in cancer. Nat Rev Cancer. 2016; 16:732—49.
https://doi.org/10.1038/nrc.2016.89
PMID:27658529

. Bian X, Liu R, Meng Y, Xing D, Xu D, Lu Z. Lipid

metabolism and cancer. J Exp Med. 2021;
218:€20201606.
https://doi.org/10.1084/jem.20201606
PMID:33601415

Vriens K, Christen S, Parik S, Broekaert D, Yoshinaga K,
Talebi A, Dehairs J, Escalona-Noguero C, Schmieder R,
Cornfield T, Charlton C, Romero-Pérez L, Rossi M, et al.
Evidence for an alternative fatty acid desaturation
pathway increasing cancer plasticity. Nature. 2019;
566:403-6.
https://doi.org/10.1038/s41586-019-0904-1
PMID:30728499

Munir R, Lisec J, Swinnen JV, Zaidi N. Too complex to
fail? Targeting fatty acid metabolism for cancer
therapy. Prog Lipid Res. 2022; 85:101143.
https://doi.org/10.1016/j.plipres.2021.101143
PMID:34856213

Wang Y, Wang Y, Ren Y, Zhang Q, Yi P, Cheng C.
Metabolic modulation of immune checkpoints and
novel therapeutic strategies in cancer. Semin Cancer
Biol. 2022; 86:542—65.
https://doi.org/10.1016/j.semcancer.2022.02.010
PMID:35151845

Jia H, Truica Cl, Wang B, Wang Y, Ren X, Harvey HA,
Song J, Yang JM. Immunotherapy for triple-negative
breast cancer: Existing challenges and exciting
prospects. Drug Resist Updat. 2017; 32:1-15.
https://doi.org/10.1016/].drup.2017.07.002
PMID:29145974

Liu L, Wang Y, Miao L, Liu Q, Musetti S, Li J, Huang L.
Combination Immunotherapy of MUC1 mRNA Nano-
vaccine and CTLA-4 Blockade Effectively Inhibits
Growth of Triple Negative Breast Cancer. Mol Ther.
2018; 26:45-55.
https://doi.org/10.1016/j.ymthe.2017.10.020
PMID:29258739

WWww.aging-us.com

1189

AGING


https://doi.org/10.1038/nrclinonc.2016.66
https://pubmed.ncbi.nlm.nih.gov/27184417
https://doi.org/10.1016/S0140-6736(16)32454-0
https://pubmed.ncbi.nlm.nih.gov/27939063
https://doi.org/10.1172/JCI45014
https://pubmed.ncbi.nlm.nih.gov/21633166
https://doi.org/10.1158/1078-0432.CCR-14-0432
https://pubmed.ncbi.nlm.nih.gov/25208879
https://doi.org/10.1093/annonc/mdy024
https://pubmed.ncbi.nlm.nih.gov/29365031
https://doi.org/10.1158/2159-8290.CD-18-1177
https://pubmed.ncbi.nlm.nih.gov/30679171
https://doi.org/10.1016/j.ccell.2019.02.001
https://pubmed.ncbi.nlm.nih.gov/30853353
https://doi.org/10.1038/nrc.2016.89
https://pubmed.ncbi.nlm.nih.gov/27658529
https://doi.org/10.1084/jem.20201606
https://pubmed.ncbi.nlm.nih.gov/33601415
https://doi.org/10.1038/s41586-019-0904-1
https://pubmed.ncbi.nlm.nih.gov/30728499
https://doi.org/10.1016/j.plipres.2021.101143
https://pubmed.ncbi.nlm.nih.gov/34856213
https://doi.org/10.1016/j.semcancer.2022.02.010
https://pubmed.ncbi.nlm.nih.gov/35151845
https://doi.org/10.1016/j.drup.2017.07.002
https://pubmed.ncbi.nlm.nih.gov/29145974
https://doi.org/10.1016/j.ymthe.2017.10.020
https://pubmed.ncbi.nlm.nih.gov/29258739

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

LiuJ, LiuQ, LiY,LiQ,SuF, Yao H, SuS, Wang Q, Jin L,
Wang Y, Lau WY, Jiang Z, Song E. Efficacy and safety of
camrelizumab combined with apatinib in advanced
triple-negative breast cancer: an open-label phase I
trial. J Immunother Cancer. 2020; 8:e000696.
https://doi.org/10.1136/jitc-2020-000696
PMID:32448804

Liu X, Hartman CL, Li L, Albert CJ, Si F, Gao A, Huang L,
ZhaoY, Lin W, Hsueh EC, Shen L, Shao Q, Hoft DF, et al.
Reprogramming lipid metabolism prevents effector T
cell senescence and enhances tumor immunotherapy.
Sci Transl Med. 2021; 13:eaaz6314.
https://doi.org/10.1126/scitranslmed.aaz6314
PMID:33790024

Zheng S, Song Q, Zhang P. Metabolic Modifications,
Inflammation, and Cancer Immunotherapy. Front
Oncol. 2021; 11:703681.
https://doi.org/10.3389/fonc.2021.703681
PMID:34631531

Ritchie ME, Phipson B, Wu D, Hu Y, Law CW, Shi W,
Smyth GK. limma powers differential expression
analyses for RNA-sequencing and microarray studies.
Nucleic Acids Res. 2015; 43:e47.
https://doi.org/10.1093/nar/gkv007

PMID:25605792

Hanzelmann S, Castelo R, Guinney J. GSVA: gene set
variation analysis for microarray and RNA-seq data.
BMC Bioinformatics. 2013; 14:7.
https://doi.org/10.1186/1471-2105-14-7
PMID:23323831

Langfelder P, Horvath S. WGCNA: an R package for
weighted correlation network analysis. BMC
Bioinformatics. 2008; 9:559.
https://doi.org/10.1186/1471-2105-9-559
PMID:19114008

Tibshirani R. The lasso method for variable selection in
the Cox model. Stat Med. 1997; 16:385-95.
https://doi.org/10.1002/(sici)1097-
0258(19970228)16:4<385::aid-sim380>3.0.c0;2-3
PMID:9044528

Gaujoux R, Seoighe C. A flexible R package for
nonnegative matrix factorization. BMC Bioinformatics.
2010; 11:367.
https://doi.org/10.1186/1471-2105-11-367
PMID:20598126

Yu G, Wang LG, Han Y, He QY. clusterProfiler: an R
package for comparing biological themes among gene
clusters. OMICS. 2012; 16:284-7.
https://doi.org/10.1089/0mi.2011.0118
PMID:22455463

Charoentong P, Finotello F, Angelova M, Mayer C,
Efremova M, Rieder D, Hackl H, Trajanoski Z. Pan-

25.

26.

27.

28.

29.

30.

31.

cancer Immunogenomic Analyses Reveal Genotype-
Immunophenotype Relationships and Predictors of
Response to Checkpoint Blockade. Cell Rep. 2017;
18:248-62.
https://doi.org/10.1016/j.celrep.2016.12.019
PMID:28052254

Barbie DA, Tamayo P, Boehm JS, Kim SY, Moody SE,
Dunn IF, Schinzel AC, Sandy P, Meylan E, Scholl C,
Frohling S, Chan EM, Sos ML, et al. Systematic RNA
interference reveals that oncogenic KRAS-driven
cancers require TBK1. Nature. 2009; 462:108-12.
https://doi.org/10.1038/nature08460
PMID:19847166

Newman AM, Liu CL, Green MR, Gentles AJ, Feng W,
Xu Y, Hoang CD, Diehn M, Alizadeh AA. Robust
enumeration of cell subsets from tissue expression
profiles. Nat Methods. 2015; 12:453-7.
https://doi.org/10.1038/nmeth.3337
PMID:25822800

Becht E, Giraldo NA, Lacroix L, Buttard B, Elarouci N,
Petitprez F, Selves J, Laurent-Puig P, Sautés-Fridman C,
Fridman WH, de Reyniés A. Estimating the population
abundance of tissue-infiltrating immune and stromal
cell populations using gene expression. Genome Biol.
2016; 17:218.
https://doi.org/10.1186/s13059-016-1070-5
PMID:27765066

Yoshihara K, Shahmoradgoli M, Martinez E, Vegesna R,
Kim H, Torres-Garcia W, Trevifio V, Shen H, Laird PW,
Levine DA, Carter SL, Getz G, Stemke-Hale K, et al.
Inferring tumour purity and stromal and immune cell
admixture from expression data. Nat Commun. 2013;
4:2612.

https://doi.org/10.1038/ncomms3612
PMID:24113773

Zhang H, Meltzer P, Davis S. RCircos: an R package for
Circos 2D track plots. BMC Bioinformatics. 2013;
14:244.

https://doi.org/10.1186/1471-2105-14-244
PMID:23937229

Mayakonda A, Lin DC, Assenov Y, Plass C, Koeffler HP.
Maftools: efficient and comprehensive analysis of
somatic variants in cancer. Genome Res. 2018;
28:1747-56.

https://doi.org/10.1101/gr.239244.118
PMID:30341162

Mariathasan S, Turley SJ, Nickles D, Castiglioni A, Yuen
K, Wang Y, Kadel EE Ill, Koeppen H, Astarita JL, Cubas
R, Jhunjhunwala S, Banchereau R, Yang Y, et al. TGFj
attenuates tumour response to PD-L1 blockade by
contributing to exclusion of T cells. Nature. 2018;
554:544-8.

WWww.aging-us.com

AGING


https://doi.org/10.1136/jitc-2020-000696
https://pubmed.ncbi.nlm.nih.gov/32448804
https://doi.org/10.1126/scitranslmed.aaz6314
https://pubmed.ncbi.nlm.nih.gov/33790024
https://doi.org/10.3389/fonc.2021.703681
https://pubmed.ncbi.nlm.nih.gov/34631531
https://doi.org/10.1093/nar/gkv007
https://pubmed.ncbi.nlm.nih.gov/25605792
https://doi.org/10.1186/1471-2105-14-7
https://pubmed.ncbi.nlm.nih.gov/23323831
https://doi.org/10.1186/1471-2105-9-559
https://pubmed.ncbi.nlm.nih.gov/19114008
https://doi.org/10.1002/(sici)1097-0258(19970228)16:4%3c385::aid-sim380%3e3.0.co;2-3
https://doi.org/10.1002/(sici)1097-0258(19970228)16:4%3c385::aid-sim380%3e3.0.co;2-3
https://pubmed.ncbi.nlm.nih.gov/9044528
https://doi.org/10.1186/1471-2105-11-367
https://pubmed.ncbi.nlm.nih.gov/20598126
https://doi.org/10.1089/omi.2011.0118
https://pubmed.ncbi.nlm.nih.gov/22455463
https://doi.org/10.1016/j.celrep.2016.12.019
https://pubmed.ncbi.nlm.nih.gov/28052254
https://doi.org/10.1038/nature08460
https://pubmed.ncbi.nlm.nih.gov/19847166
https://doi.org/10.1038/nmeth.3337
https://pubmed.ncbi.nlm.nih.gov/25822800
https://doi.org/10.1186/s13059-016-1070-5
https://pubmed.ncbi.nlm.nih.gov/27765066
https://doi.org/10.1038/ncomms3612
https://pubmed.ncbi.nlm.nih.gov/24113773
https://doi.org/10.1186/1471-2105-14-244
https://pubmed.ncbi.nlm.nih.gov/23937229
https://doi.org/10.1101/gr.239244.118
https://pubmed.ncbi.nlm.nih.gov/30341162

32.

33.

34.

35.

36.

37.

38.

39.

https://doi.org/10.1038/nature25501
PMID:29443960

Hugo W, Zaretsky JM, Sun L, Song C, Moreno BH, Hu-
Lieskovan S, Berent-Maoz B, Pang J, Chmielowski B,
Cherry G, Seja E, Lomeli S, Kong X, et al. Genomic and
Transcriptomic Features of Response to Anti-PD-1
Therapy in Metastatic Melanoma. Cell. 2017; 168:542.
https://doi.org/10.1016/j.cell.2017.01.010
PMID:28129544

Reinhold WC, Sunshine M, Liu H, Varma S, Kohn KW,
Morris J, Doroshow J, Pommier Y. CellMiner: a web-
based suite of genomic and pharmacologic tools to
explore transcript and drug patterns in the NCI-60
cell line  set. Cancer Res. 2012; 72
3499-511.
https://doi.org/10.1158/0008-5472.CAN-12-1370
PMID:22802077

Hu B, Yang XB, Sang XT. Construction of a lipid
metabolism-related and immune-associated
prognostic signature for hepatocellular carcinoma.
Cancer Med. 2020; 9:7646-62.
https://doi.org/10.1002/cam4.3353

PMID:32813933

Bao M, Shi R, Zhang K, Zhao Y, Wang Y, Bao X.
Development of a membrane lipid metabolism-based
signature to predict overall survival for personalized
medicine in ccRCC patients. EPMA J. 2019; 10:383—
93.

https://doi.org/10.1007/s13167-019-00189-8
PMID:31832113

Camarda R, Zhou AY, Kohnz RA, Balakrishnan S,
Mahieu C, Anderton B, Eyob H, Kajimura S, Tward A,
Krings G, Nomura DK, Goga A. Inhibition of fatty acid
oxidation as a therapy for MYC-overexpressing triple-
negative breast cancer. Nat Med. 2016; 22:427-32.
https://doi.org/10.1038/nm.4055

PMID:26950360

Al-Bahlani S, Al-Lawati H, Al-Adawi M, Al-Abri N, Al-
Dhahli B, Al-Adawi K. Fatty acid synthase regulates the
chemosensitivity of breast cancer cells to cisplatin-
induced apoptosis. Apoptosis. 2017; 22:865-76.
https://doi.org/10.1007/s10495-017-1366-2
PMID:28386750

Gong, JiP, Yang YS, Xie S, Yu TJ, Xiao Y, Jin ML, Ma D,
Guo LW, Pei YC, Chai WJ, Li DQ, Bai F, et al. Metabolic-
Pathway-Based Subtyping of Triple-Negative Breast
Cancer Reveals Potential Therapeutic Targets. Cell
Metab. 2021; 33:51-64.e9.
https://doi.org/10.1016/j.cmet.2020.10.012
PMID:33181091

Yuan C, Chang K, Xu C, Li Q, Du Z. High expression of
DLL3 is associated with a poor prognosis and immune

40.

41.

42.

43.

44,

45.

infiltration in invasive breast cancer patients. Transl
Oncol. 2021; 14:101080.
https://doi.org/10.1016/].tranon.2021.101080
PMID:33915517

Zhang Y, Chen H, Mo H, Hu X, Gao R, Zhao Y, Liu B,
Niu L, Sun X, Yu X, Wang Y, Chang Q, Gong T, et al.
Single-cell analyses reveal key immune cell subsets
associated with response to PD-L1 blockade in triple-
negative breast cancer. Cancer Cell. 2021; 39:1578-
93.e8.

https://doi.org/10.1016/j.ccell.2021.09.010
PMID:34653365

Tsukamoto H, Komohara Y, Tomita Y, Miura Y,
Motoshima T, Imamura K, Kimura T, Ikeda T, Fujiwara
Y, Yano H, Kamba T, Sakagami T, Oshiumi H. Aging-
associated and CD4 T-cell-dependent ectopic CXCL13
activation predisposes to anti-PD-1 therapy-induced
adverse events. Proc Natl Acad Sci U S A. 2022;
119:e2205378119.
https://doi.org/10.1073/pnas.2205378119
PMID:35858347

Liu W, Xiong X, Chen W, Li X, Hua X, Liu Z, Zhang Z.
High expression of FUSE binding protein 1 in breast
cancer stimulates cell proliferation and diminishes
drug sensitivity. Int J Oncol. 2020; 57:488-99.
https://doi.org/10.3892/ij0.2020.5080
PMID:32626933

Li F, Huangyang P, Burrows M, Guo K, Riscal R, Godfrey
J, Lee KE, Lin N, Lee P, Blair IA, Keith B, Li B, Simon MC.
FBP1 loss disrupts liver metabolism and promotes
tumorigenesis through a hepatic stellate cell
senescence secretome. Nat Cell Biol. 2020; 22:728-39.
https://doi.org/10.1038/s41556-020-0511-2
PMID:32367049

Mangino M, Christiansen L, Stone R, Hunt SC, Horvath
K, Eisenberg DT, Kimura M, Petersen |, Kark JD, Herbig
U, Reiner AP, Benetos A, Codd V, et al. DCAF4, a novel
gene associated with leucocyte telomere length. J Med
Genet. 2015; 52:157-62.
https://doi.org/10.1136/jmedgenet-2014-102681
PMID:25624462

Schmid P, Rugo HS, Adams S, Schneeweiss A, Barrios
CH, Iwata H, Diéras V, Henschel V, Molinero L, Chui SY,
Maiya V, Husain A, Winer EP, et al, and IMpassion130
Investigators. Atezolizumab plus nab-paclitaxel as
first-line treatment for unresectable, locally advanced
or metastatic triple-negative  breast cancer
(IMpassion130): updated efficacy results from a
randomised, double-blind, placebo-controlled, phase
3 trial. Lancet Oncol. 2020; 21:44-59.
https://doi.org/10.1016/5S1470-2045(19)30689-8
PMID:31786121

WWww.aging-us.com

AGING


https://doi.org/10.1038/nature25501
https://pubmed.ncbi.nlm.nih.gov/29443960
https://doi.org/10.1016/j.cell.2017.01.010
https://pubmed.ncbi.nlm.nih.gov/28129544
https://doi.org/10.1158/0008-5472.CAN-12-1370
https://pubmed.ncbi.nlm.nih.gov/22802077
https://doi.org/10.1002/cam4.3353
https://pubmed.ncbi.nlm.nih.gov/32813933
https://doi.org/10.1007/s13167-019-00189-8
https://pubmed.ncbi.nlm.nih.gov/31832113
https://doi.org/10.1038/nm.4055
https://pubmed.ncbi.nlm.nih.gov/26950360
https://doi.org/10.1007/s10495-017-1366-2
https://pubmed.ncbi.nlm.nih.gov/28386750
https://doi.org/10.1016/j.cmet.2020.10.012
https://pubmed.ncbi.nlm.nih.gov/33181091
https://doi.org/10.1016/j.tranon.2021.101080
https://pubmed.ncbi.nlm.nih.gov/33915517
https://doi.org/10.1016/j.ccell.2021.09.010
https://pubmed.ncbi.nlm.nih.gov/34653365
https://doi.org/10.1073/pnas.2205378119
https://pubmed.ncbi.nlm.nih.gov/35858347
https://doi.org/10.3892/ijo.2020.5080
https://pubmed.ncbi.nlm.nih.gov/32626933
https://doi.org/10.1038/s41556-020-0511-2
https://pubmed.ncbi.nlm.nih.gov/32367049
https://doi.org/10.1136/jmedgenet-2014-102681
https://pubmed.ncbi.nlm.nih.gov/25624462
https://doi.org/10.1016/S1470-2045(19)30689-8
https://pubmed.ncbi.nlm.nih.gov/31786121

46. Schmid P, Adams S, Rugo HS, Schneeweiss A, Barrios

CH, lwata H, Diéras V, Hegg R, Im SA, Shaw Wright G,
Henschel V, Molinero L, Chui SY, et al, and
IMpassion130 Trial Investigators. Atezolizumab and
Nab-Paclitaxel in Advanced Triple-Negative Breast
Cancer. N Engl J Med. 2018; 379:2108-21.
https://doi.org/10.1056/NEJM0al1809615
PMID:30345906

47. Patel CH, Leone RD, Horton MR, Powell JD. Targeting

metabolism to regulate immune responses in
autoimmunity and cancer. Nat Rev Drug Discov. 2019;
18:669-88.
https://doi.org/10.1038/s41573-019-0032-5

PMID:31363227

WWww.aging-us.com

1192

AGING


https://doi.org/10.1056/NEJMoa1809615
https://pubmed.ncbi.nlm.nih.gov/30345906
https://doi.org/10.1038/s41573-019-0032-5
https://pubmed.ncbi.nlm.nih.gov/31363227

SUPPLEMENTARY MATERIALS

Supplementary Figures

(Four cohorts including 470 TNBC samples enrolled in this Work)

CWGCNA algorithm for identifying FAM-related module and genes)

Univariate Cox regression model
Lasso regression algorithm
Multivariate Cox regression model

( Prognostic FAM-related genes )

( NMF clustering analysis for identifying FAM clusters )

FAM cluster C1
FAM cluster C2
FAM cluster C3

v v

(Evaluation of the immune landscape) ( Functional enrichment analysis )
1

( Identification of DEGs among distinct FAM clusters )

(Prognostic DEGs among distinct FAM clusters)

( Construction of a novel FAM-based classification )

FS-low subtypes
FS-high subtypes

%

(Evaluation of the immune landscapeXFunctional enrichment analysis)
|

(Validation of the FAM-based classification in TCGA and GSE58812 cohorts)

] + w ] ]
Evaluation of the Functional )Tumor mutation) Immunotherapy I Identification of novel )
immune lanscape _¢ enrichment analysis analysis response prediction candidate compounds

Supplementary Figure 1. The workflow of this study.
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Supplementary Figure 2. (A, B) Survival analyses for DFS (A) and OS (B) between low- and high- FS groups in TCGA-TNBC cohort. (C)
Multivariate Cox regression analysis confirmed that FS could serve as an independent prognostic biomarker for TCGA-TNBC samples. (D)
ssGSEA showed three distinct immunity phenotypes were identified in TCGA cohort. (E) The rate of different immunity phenotypes between
the low- and high FS groups. (F) Cibersort revealed the abundance of each TME infiltrating cells between the low- and high-FS groups. (G)
MCPcounter revealed the abundance of each immune infiltrating cell types between the low- and high-FS groups. (H, 1) ESTIMATE analysis
exhibited the diversity of the immune (H) and stromal score (I) between the low- and high-FS groups. (J) The expression of immune profiles
between the low- and high-FS groups in TCGA cohort.
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Supplementary Figure 3. (A, B) Survival analyses for MFS (A) and OS (B) between low- and high- FS groups in GSE58812 cohort. (C) ssGSEA
showed three distinct immunity phenotypes were identified in GSE58812 cohort. (D) The rate of different immunity phenotypes between
the low- and high FS groups. (E) Cibersort revealed the abundance of each TME infiltrating cells between the low- and high-FS groups. (F)
MCPcounter revealed the abundance of each immune infiltrating cell types between the low- and high-FS groups. (G, H) ESTIMATE analysis
exhibited the diversity of the immune (G) and stromal score (H) between the low- and high-FS groups. (I) The expression of immune profiles
between the low- and high-FS groups in GSE58812 cohort.
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Supplementary Figure 4. Identification of novel candidate compounds targeting the selected FS gene signatures.
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Supplementary Tables
Please browse Full Text version to see the data of Supplementary Table 3.

Supplementary Table 1. The primers used in this study.

Gene Sequence (5’ -> 3')

PLCL2 Forward Primer ATGACATGATGATTCAGTCCC
Reverse Primer GCCTTCTGACAATGTACGA

FBP1 Forward Primer GATGTTCATCGCACTCTGG
Reverse Primer CAGTCTCAGCTTTCCATTGG

DCAF4 Forward Primer AGTAGAAGACGACATGGGAG
Reverse Primer GGAGTCAGACCTGTCTTCAG

CXCL13 Forward Primer TCCAGTCCAAGGTGTTCTG
Reverse Primer CTAGGGATAAAGACTGAGCTCTC

DLL3 Forward Primer TTCAGAGTCTGCCTGAAGC
Reverse Primer TGAAAGAGAAGGTGCCAGG

IL18RAP Forward Primer CAGGAGAGCGAATTAAAGGA
Reverse Primer CCTTGTAGAATATGTCCAAAGGAG

SH2D1A Forward Primer CATTGTAATACCTCTGCAGTATCC
Reverse Primer TCTTCTCTTATCCCTGTAGTACC

RASGEFIA Forward Primer TGACTTCCAGGATGAGAAGG
Reverse Primer GTGCCATTCTCCTCATCAC

Supplementary Table 2. The prognostic values of FAM-related genes.

Lasso analysis for FAM Multivariate-Cox analysis for

Univariate-Cox analysis for FAM genes genes FAM genes

Hugo_ Symbol Hugo Symbol Hugo Symbol
TBCIDI19 TAOK?2 DCAF4
MYCN OPRM1 DEXI
TAOK?2 DCAF4 RASGEFI1A
OPRM1 LAGE3 OSBP
SESTDI1 CREBZF UTP20
ATP2A2 DEXI C2CD2L
DCAF4 TRIB2 TYWI1
SHCBP1 SLCI12A1 SPAG6
SCP2 ADH7
TPCNI1 APOLI1
MMP15 RBKS
LAGE3 USP30
MYHG6 DMXL2
XRNI1 RASGEFIA
B4GALTS OSBP
CREBZF ZNF599
LHPP UTP20
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CASP6 ZFANDG6
ZBTBI10 TMEM190
DEXI C2CD2L
TRIB2 TYWI
PGAPI SPAG6
FBXLS PDCD2
FOXP1 ARRBI
SLCI2A1 RPGRIP1
SENP2 riskScore
HDLBP risk
ADH7 Gene
TASIR1 Coef
C3orf52

APOL1

FXR1

RBKS

MAP3K1

SNAP23

CTNNBI

SCCPDH

USP30

DMXIL.2

RASGEF1A

RNF121

DYM

HSPBP1

ZNF524

OSBP

GTF2IRD2

ZNF599

UTP20

ZFAND6

TBCA

TMEM190

DYNLLI

ACOT2

PNMAL

C2CD2L

TYW1

STAR

KRR1

SPAG6
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PDCD2
ARRBI
ERI2
DCTN3
SF3B5
RPGRIP1
C12o0rf45
C170rf100

Supplementary Table 3. The potential FAM-related genes across three FAM clusters in METABRIC-TNBC samples.

Supplementary Table 4. Correlation between FS-group and OS in TNBCs.

Tag p value HR Low 95% CI High 95% CI
Age 0.95 0.97 0.37 2.52
AJCC _Tumor_ Stage 2.40E-03 3.12 1.94 5.03
T stage 0.001 2.55 1.56 4.16
N_stage 1.20E-02 1.87 1.08 3.29
FS-group 0.007 3.23 1.32 4.37
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