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Abstract
Background: Cancer metabolism and speci�cally lipid metabolism play an important role in breast cancer
(BC) progression and metastasis. However, the role of lipid metabolism-associated genes (LMGs) in the
diagnosis of breast cancer remains unknown.

Methods: The expression pro�les and clinical follow-up information of BC were downloaded from The
Cancer Genome Atlas (TCGA), and metabolic genes were downloaded from the Gene Set Enrichment
Analysis (GSEA) dataset. Univariate cox regression and least absolute shrinkage and selection operator
(LASSO) regression analyses were performed on the differentially expressed metabolism-related genes.
Then, the formula of the metabolism-related risk model was composed, and the risk score of each patient
was calculated. The breast cancer patients were divided into high-risk and low-risk groups with a cutoff
of the median expression value of the risk score, and the prognostic analysis was also used to analyze
the survival time between these two groups. Finally, we analyzed the expression, interaction and
correlation among the lipid metabolism-associated genes risk model.

Results: The results from the prognostic analysis indicated that the survival was signi�cantly poorer in
the high-risk group than in the low-risk group in TCGA, single-sample gene set enrichment analysis
(ssGSEA)  shows it is plausible that lipid metabolism is highly correlated with tumor immunity.

Conclusion: Lipid metabolism-associated genes may become a new prognostic indicator predicting the
survival of BC patients. The prognostic genes (n=16) may help provide new strategies for tumor therapy.

Background
Female breast cancer has surpassed lung cancer as the most commonly diagnosed cancer. Despite the
dramatic improvement in breast cancer prognosis due to recent therapeutic advances such as more
effective adjuvant and neo-adjuvant chemotherapies, together with more radical and safer surgery,
advances in early diagnosis and treatment over the past decades, breast cancer prognosis is still very
poor and the death rate is as high as 6.9%.[1] The exploration of potential biomarkers and regulatory
mechanisms for early diagnosis and therapeutic targets of BC has important scienti�c signi�cance and
application values.

Cancer is basically a disease of abnormal cell growth and proliferation, in order to meet its needs, cells
synthesize nucleic acids, proteins and lipids at an accelerated rate.[2] Unlimited cell proliferation is one of
the most important characteristics of tumor cells, reprogrammed metabolism is considered a hallmark of
cancer.[3, 4] Increased cancer cell proliferation requires the rapid synthesis of lipids for the generation of
biological membranes and lipid provide cancer cells with energy during times of nutrient depletion, lipids
are also important signalling molecules.[2, 5] The synthesis of lipids in healthy organisms is tightly
controlled and responds to the nutrient’s status of the cell. However, many human cancers display
aberrant lipid metabolism.[5]
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Next generation sequencing capabilities are revolutionizing approaches to all �elds of medicine,recent
advances in our understanding of tumor biology have uncovered a growing list of clinically relevant
biomarkers.[6] However, the vast majority of studies have concentrated mainly on a single gene, and its
predictive ability is insu�cient compared with multiple biomarker-based models.[7] In clinical practice, the
more accurately a patient's OS stage can be predicted, the sooner the clinician can make the clinical
decision.

Lipid decomposition and anabolism of tumor cells, which are different from normal cells,have attracted
more and more attention,and are also a new hotspot of tumor targeted therapy. In this study, we
established a robust 16-gene prognostic signature for breast cancer by integrating TCGA datasets, which
might complement classical clinical prognostic characteristics, and further aid clinicians in personalized
treatment planning.

Results

Identi�cation of prognostic LMGs in the breast TCGA cohort
Among 193 LMGs, 116 genes were signi�cantly differentially expressed between BC samples and
adjacent breast tissue samples (FDR < 0.05), 21 genes were statistically signi�cantly related to OS in the
univariate Cox regression model. Finally, a total of 18 intersection genes were selected as hub genes for
further analyses (Fig. 2A-C). The PPI network of removing free nodes and Correlations between
expression levels of genes are shown in (Fig. 2D,E). Mutational information of these 18 genes showed
that ampli�cations, deep deletion were the most frequent mutation types (Fig. 2F). Three LMGs had
mutation rates ≥ 4%, and LYPLA1 had the highest mutation rate.

Construction of a prognostic LMGs signature
According to LASSO, the optimal tuning parameter λ was identi�ed based on a 1-SE (standard error)
standard. As a result, 16 prognosis-related key LMGs were identi�ed and integrated to construct a
prognostic signature for BC (Fig. 3A,B). Figure 3C show the risk score distribution of patients and the
survival status of patients in TCGA database. As we can see from PCA and t-SNE mappings (Fig. 3D,E),
patients formed two distinct clusters. As the risk score increased, the patients’ survival time decreased,
and the death risk increased.patients in the high-risk group were more likely to die earlier than those in the
low-risk group (Fig. 3F). The results from the Kaplan-Meier plot indicated that the survival was
signi�cantly poorer in the high-risk group than in the low-risk group (Fig. 3G). The prognostic e�ciency of
the 16-gene signature was assessed by time-dependent ROC curves. The area under the curve (AUC)
values were 0.704 (1-year), 0.740 (3-year), and 0.728 (5-year) (Fig. 3H).

Independent prognostic value of the 16-gene signature
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Samples have been chosen with well established clinical data. Among the 867 patients, we explored risk
strati�cation for patients with different clinicopathologic factors, including risk parameters, age,
histological grade and clinical stage. These variables indicated signi�cant differences in univariate
analysis and age, the stage, N classi�cation, M classi�cation showed signi�cant differences in
multivariable analysis. The risk score was signi�cantly related to overall survival (OS) both in the
univariate and multivariate Cox regression analyses (Fig. 4A,B and Table 1).

Table 1
Univariable and multivariable analyses for each clinical feature

Clinical feature Number Univariate Analysis Multivariate Analysis

HR 95% CI P
value

HR 95% CI P
value

Risk Parameter(high-
risk/low-risk)

427/419 2.979 2.287–
3.881

< 
0.001

2.521 1.927-
3.300

< 
0.001

Age(< 65/≥65) 626/241 2.270 1.568–
3.287

< 
0.001

2.386 1.632–
3.487

< 
0.001

Stage(I-II/III-IV) 659/208 2.478 1.719–
3.572

< 
0.001

1.876 1.087–
3.236

0.024

T(I-II/III-IV) 741/126 1.667 1.100–
2.530

0.016 0.923 0.552–
1.545

0.762

N(0/1–3) 421/446 2.235 1.521–
3.285

< 
0.001

1.472 0.921–
2.353

0.106

M(0/1–3) 851/16 6.121 3.361–
11.151

< 
0.001

2.343 1.183–
4.638

0.015

Functional Enrichment Analyses
We performed GO and KEGG functional enrichment analyses on risk-related DEGs to analyze the
relationship between biological functions and risk score. The results indicated that the 16 prognostic
biomarkers mainly focused on immunoglobulin complex, lymphocyte mediated immunity and immune
response-activating (Fig. 5A). KEGG functional enrichment analysis suggested that the 16 prognostic
biomarkers were mainly related to Hematopoietic cell lineage, Cytokine-cytokine receptor interaction
(Fig. 5B). To further explore relationship between the BC prognosis and immune status, we further used
ssGSEA to quantify the in�ltrating scores of immune cell and immunity-related functions. The enrichment
score of aDCs, DCs, iDCs, Bcells, CD8 + Tcells, T helper cells, NK cells, TIL were higher in the low-risk group
than in the high-risk group (adjusted p value < 0.05, Fig. 5C). Meanwhile, low-risk group had a higher score
of CCR, HLA, check-point, cytolytic activity, APC co-inhibition, in�ammation promotion, para in�ammation,
T cell co-stimulation, T cell co-inhibition, and type II INF response (adjusted p value < 0.05, Fig. 5D).

Expression levels of key genes in the clinical samples
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The levels of the 16 genes in the BC and paired adjacent normal tissues of TCGA were compared to
explore the clinical signi�cance of the signature.The result showed that the mRNA expression levels were
presented in Fig. 6A-P.The highly expressed genes included AGPAT1,PCYT2,
DGKZ,PLPP2,CEL,LYPLA1,GK,PLA2G2D,and low expression genes have
ENPP6,ADPRM,PAFAH1B1,SGMS2,CHPT1,SGPP1,CHKB,PCYT1A.

Discussion
Previous studies have developed a number of tumour molecular signatures for breast cancer.[6] The
assessment of estrogen receptor, progesterone receptor, and human epidermal growth factor receptor 2 is
mandatory for all invasive breast tumors, and have been widely used in clinical practice.[6] But outcomes
of studying patients based on a single gene lack of accuracy. Lack of effective and reliable prognostic
biomarkers still remains a major problem to improve the clinical outcomes of breast cancer patients. The
relationship between lipid metabolism and cancer is multifaceted. Recent studies have shown that
reprogramming of cellular lipid metabolism directly leads to malignant transformation and progression.
[8, 9] It broadened our understanding of how lipid metabolism was relevant to cancer biology. To our
knowledge, this study is the �rst to use LMGs to predict the prognosis of BC. In this study, we
comprehensively analyzed 193 LMGs in BC samples and their relationships with prognosis. In functional
analyses, these genes were signi�cantly enriched in several immune cell types and immune-related
pathways.

We identi�ed 116 DEGs that were signi�cantly differentially expressed between BC samples

and adjacent non-cancer samples, supporting the general importance of lipid metabolism in the
pathogenesis and progression of BC. Moreover, we found 18 of these genes were related to OS in a
univariate Cox regression analysis. These results demonstrated the importance of studying LMGs in
breast tumors. The combination of univariate analysis and LASSO Cox regression was conducted to
screen genes to indicate either poor or good prognosis and to construct a robust gene signature, which
has been used widely in studies.[10–12] In the result, we established a new lipid-related 16-gene
signature. According to the results of the ROC curve, the AUC of the risk score established by 16 LMGs
was more than 0.7. This result showed that the risk score established by these 16 LMGs had a high value
for predicting prognosis.

In recent years, the tumor microenvironment (TME) has been a research hotspot. During BC progression,
tumor immune microenvironment remodeling with the changing of the ratio of immune cells and
releasing of multiple immune inhibitory and reactive cytokines is a critical feature.[13, 14] The role of the
tumor microenvironment (TME) in breast cancer immunomodulation is vitally important,[15] a better
understanding of the immune cell in�ltrate in the breast cancer microenvironment is crucial for the
development of more effective therapeutic approaches.[16] By analyzing the pathways and functions of
genes enriched in differences between the high and low risk groups, we observed a strong association
with immune function. Given the above situation, we intended to unearth more information about the
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immunological characteristics of the LMGs signature. As excepted, patients in the low-risk groups had
higher fractions of CD8 + T cells and NK cells. CD8 + T cells are the main kind of cytolytic lymphocytes in
tumors, while NK cells, a type of cytotoxic lymphocytes, are crucial constituents of the innate immune
system and play a key role in immune surveillance.[15] This phenomenon may indicate that CD8 + T cells
and NK cells are correlated with a favorable prognosis in tumor due to their ability to target and kill tumor
cells, consistent with previous studies.[17–21] PD-1 and PD-L1 constitute an essential inhibitory
mechanism which causes T cell exhaustion. That's the main reason why PD-L1 has drawn increasing
attention of researchers concerned.[22–24] There have been many studies of lipid metabolism effects on
tumor immunity. Recently, a potent sphingolipid metabolite regulated tumorigenesis, and responsed to
chemotherapy and immunotherapy by affecting the tra�cking, differentiation or effector function of
tumor-in�ltrating immune cells (TIICs), and implicated in many processes that are important for BC.[25]
But the potential mechanism of LMGs and tumor immune microenvironment in BC prognosis remains
unknown, and requires further investigation.

Conclusions
In summary, we established a robust 16-gene prognostic signature for breast cancer by comprehensive
mining of the transcriptional pro�les. Our study provides a new understanding of the prognostic value of
tumor progress in BC and will bene�t the prognosis assessment of BC patients. Targeting lipid
metabolism in cancer cells could have therapeutic bene�ts. However, there are several limitations to our
study. First, the present research is a retrospective study based on TCGA databases. Therefore,
prospective clinical research should be performed to validate the application of this model. Secondly, the
underlying mechanisms of lipid metabolism-associated genes on BC, and its relation to tumor immune
status remain relatively enigmatic and warrant further investigation.

Material And Methods

Data collection
The RNA sequencing (RNA-seq) expression data and clinicopathological information of female breast
cancer patients from 1053 breast cancer tissue samples and 111 nontumor tissue samples were
downloaded from the TCGA BRCA dataset (https://portal.gdc.cancer.gov/). Probes were transformed to
corresponding Entrez gene names referring to the annotation �les. In addition, 193 genes in the Kyoto
Encyclopedia of Genes and Genomes (KEGG) pathway associated with metabolism were also extracted
from the “c2.cp.kegg.v7.0.symbols” gene sets in GSEA platform (https://www.gsea-
msigdb.org/gsea/downloads.jsp). Pathways including glycerolipid metabolism, glycerophospholipid
metabolism, ether lipid metabolism and sphingolipid metabolism, genes in datasets were extracted for
further analysis. The detailed �ow-process diagram of this study is shown in Fig. 1. The study was
conducted in accordance with the Declaration of Helsinki(as revised in 2013).

Construction of a lipid-metabolism model
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First, the expression level of lipid metabolism genes was extracted from the total gene expression list. If a
gene appeared more than once in the same sample, the limma of Bioconductor R package was utilized
for averaging operations.[26] Second the limma was utilized to identify differentially expressed genes
(DEGs) between breast cancer tissue samples and adjacent noncancerous breast tissue samples. The
false discovery rate (FDR) threshold was set at p < 0.05 for DEG calling. To establish the lipid metabolism-
related risk model, univariate Cox regression analysis was performed on the differentially expressed lipid
metabolism-related genes. A total of 18 prognostic related differential genes were obtained by the
intersection of DEGs and prognostic genes,The mutation rates of prognostic LMGs were analyzed by the
cBioPortal for Cancer Genomics online website (https://www.cbioportal.org).[27] The OncoPrint
schematic was constructed in cBioPortal (TCGA provisional) to directly re�ect the mutation of 817 BRCA
patients.

A protein–protein interaction (PPI) network of proteins encoded by all overlapping DEGs with prognostic
value was visualized using String (http://string-db.org).[28]

To avoid over�tting, the least absolute shrinkage and selection operator (LASSO) was utilized to select
variables with high prognostic value.[29] Next, 1000 LASSO iterations were performed for prognostic
model construction using the ‘glmnet’ package in R.and their regression coe�cients were obtained.
Finally, the formula of the risk score was composed as follows, and risk scores were computed: Risk
score = ∑ni = ∑Coe� × xi, where xi represents the normalized expression level of target gene i and Coe�
represents the regression coe�cient. According to the median risk score in TCGA dataset, 1014 patients
in the data set were divided into high-risk and low-risk groups after samples with a survival time of zero
were removed. The Kaplan-Meier plot were used to evaluate survival differences between the high- and
low-risk groups. Receiver operator characteristic curves (ROC) and area under the curves (AUC) were used
to evaluate the availability of the prognosis model via the ‘survivalROC’ R package. To analyze the
distribution differences between different groups, PCA was performed using the ‘prcomp’ function in the
STATS package in R. A t-SNE analysis was implemented using the R package Rtsne
(https://github.com/jkrijthe/Rtsne).

Univariate and Multivariate Cox Regression Analysis
Univariate cox regression analysis was presented for assessment of the prognostic values of the risk
score and clinical features (age, stage, T classi�cation, N classi�cation, M classi�cation). Then,
multivariate cox regression analysis was used to determine which prognostic factors could independently
predict the survival of patients.

Functional enrichment and pathway analysis
BC patients were divided into the high- and low-risk groups based on the median risk score,Gene Ontology
(GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analyses for all
selected DEGs between the two risk,[30, 31] cohorts were performed with the ‘clusterPro�ler’ package in
BioConductor using |log2FC|≥1 and FDR < 0.05 as thresholds. Finally, we determined the scores of 16
tumor-in�ltrating immune cells and 13 immune-related functions for samples by ssGSEA.
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Statistical analysis
We used R software (version 3.6.2) to perform all statistical analyses. The Student’s t-test was used to
compare gene expression levels between BC samples and non-cancer samples. Heatmaps of the LASSO
analysis genes were plotted using the ‘heatmap’ R package. The OS for the two risk groups was
evaluated by Kaplan-Meier (KM) survival curves and log-rank test. The ‘survivalROC’ package in R
software was used to plot the ROC curve and calculate the area under the ROC curve (AUC). Bioconductor
R package ‘GSVA’ was used to compare ssGSEA enrichment scores for immune cells and immune-related
pathways between the two groups (i.e. high- or low-risk groups).[32] Unless otherwise stated, p < 0.05 was
considered statistically signi�cant.

Abbreviations
BC breast cancer;

TCGA The Cancer Genome Atlas

LASSO least absolute shrinkage and selection operator

ssGSEA single-sample gene set enrichment analysis

LMGs lipid metabolism-associated genes

FDR false discovery rate
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Figure 1
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Flowchat of 16-genes signature model construction

Figure 2

Identi�cation of candidate genes related to lipid metabolism in breast cancer. (A) Venn diagram
illustrating prognostic DEGs between tumor and adjacent nontumor samples. (B) Heatmap analysis of 18
prognostic DEGs. (C) Forest plot with hazard ratios from the survival analysis based on the univariate
Cox regression model using gene expression levels as variables. (D) Construction and visualization of a
protein-protein interaction (PPI) network of 18 genes generated using the STRING database. Yellow lines
represent text-mining evidence in the PPI network, and black lines represent co-expressed proteins.
(E)Network analysis of internal correlations among 18 candidate genes. Correlation coe�cients are
indicated by different colors (F)Alteration of the 18 candidate genes in clinical samples.
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Figure 3

Synthetic analysis of a prognostic gene signature A. LASSO coe�cient pro�les of the 18 genes in BC
samples. B. Selection of the optimal parameter (lambda) in the LASSO model for BC. C. The distribution
and median value of the risk scores among BC samples D. Score plot for the principal component
analysis (PCA). E. Two-dimensional projection of BC-seq data from TCGA by a t-SNE analysis. F. OS
status, OS, and risk score in the TCGA cohort G. OS by Kaplan-Meier curves for patients in the two risk
groups H. AUC of time-dependent ROC curves veri�ed the prognostic performance of the risk score
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Figure 4

Independent prognostic analysis of risk scores and clinical parameters. A.The univariate Cox regression
analysis of the associations between the risk scores and clinical parameters and the OS of patients B.The
multivariate Cox regression analysis of the associations between the risk scores and clinical parameters
and the OS of patients.

Figure 5

Functional enrichment analyses and ssGSEA enrichment scores in the TCGA cohort A.GO analysis
showing the biological processes, cellular components and molecular functions enrichment of DEGs in
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two groups B.KEGG analysis of DEGs in two groups C.the distribution of ssGSEA enrichment scores of 16
immune cells between high-risk and low-risk groups in BC samples D.the distribution of ssGSEA
enrichment scores of 13 immune-related biological processes between high-risk and low-risk groups in BC
samples

Figure 6

The mRNA expression level of 16 LMGs in TCGA


