www.nature.com/scientificreports

scientific reports

OPEN

W) Check for updates

The metabolism-related IncRNA
signature predicts the prognosis
of breast cancer patients

Xin Ge'?, Shu Lei%*3, Panliang Wang?, Wenkang Wang' & Wendong Wang***

Long non-coding RNAs (IncRNAs) involved in metabolism are recognized as significant factors in
breast cancer (BC) progression. We constructed a novel prognostic signature for BC using metabolism-
related IncRNAs and investigated their underlying mechanisms. The training and validation cohorts
were established from BC patients acquired from two public sources: The Cancer Genome Atlas
(TCGA) and Gene Expression Omnibus (GEO). The prognostic signature of metabolism-related
IncRNAs was constructed using the least absolute shrinkage and selection operator (LASSO) cox
regression analysis. We developed and validated a new prognostic risk model for BC using the
signature of metabolism-related IncRNAs (SIRLNT, SIAH2-AS1, MIR205HG, USP30-AS1, MIR200CHG,
TFAP2A-AS1, AP005131.2, AL031316.1, C60rf99). The risk score obtained from this signature was
proven to be an independent prognostic factor for BC patients, resulting in a poor overall survival (OS)
for individuals in the high-risk group. The area under the curve (AUC) for OS at three and five years
were 0.67 and 0.65 in the TCGA cohort, and 0.697 and 0.68 in the GEO validation cohort, respectively.
The prognostic signature demonstrated a robust association with the immunological state of BC
patients. Conventional chemotherapeutics, such as docetaxel and paclitaxel, showed greater

efficacy in BC patients classified as high-risk. A nomogram with a c-index of 0.764 was developed to
forecast the survival time of BC patients, considering their risk score and age. The silencing of C6orf99
markedly decreased the proliferation, migration, and invasion capacities in MCF-7 cells. Our study
identified a signature of metabolism-related IncRNAs that predicts outcomes in BC patients and could
assist in tailoring personalized prevention and treatment plans.
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Breast cancer (BC), a common malignancy in women, is the most common cancer and the second most common
cause of cancer-related deaths globally’2. The molecular mechanisms driving BC pathogenesis have been exten-
sively researched and categorized into three major subtypes (luminal, HER2-enriched, and triple-negative breast
cancer) based on markers such as expression of estrogen receptor (ER) and progesterone receptor (PR)*. However,
a robust molecular signature is still needed to accurately predict and stratify disease outcomes®. Dysregulated
metabolism is a prominent feature of BC®. Significant focus has been directed towards analyzing the metabolic
alterations that accompany the onset and progression of cancer®. The Warburg effect is a well-known phenom-
enon in which tumor cells transition from oxidative phosphorylation to glycolysis for energy generation’. The
metabolic changes in cancer cells facilitate the production of ATP as well as the necessary metabolic intermediates
needed for cellular growth and proliferation, including amino acids, fatty acids, and nucleotides. High-through-
put analytical methods have unveiled the metabolic alterations linked to the mechanisms of BC development®’.
Research on metabolism has provided insights into novel therapeutic approaches and drug development!®. Vari-
ations in metabolic activity among tumor cells in different patients necessitate the identification of metabolism-
related biomarkers, which can reveal the molecular mechanisms of tumor progression, ultimately enhancing the
development of effective treatment strategies and improving prognoses for BC patients'’. Dai et al. developed a
prognostic model for BC based on long noncoding RNAs (IncRNAs) associated with amino acid metabolism'2.
Xu et al. found that glucose metabolism-related IncRNAs could impact the progression of BC". Shi et al. identi-
fied that lipid metabolism IncRNAs held significant prognostic value in predicting the survival of patients with
BC™. The role of metabolism-related IncRNAs in the progression of BC is still uncertain.

In this study, we aimed to identify a signature of metabolism-related IncRNAs and assess its prognostic value
in BC patients. We screened the Cancer Genome Atlas (TCGA) transcriptome data of BC patients to identify
clinically significant metabolism-related IncRNAs. Using these IncRNAs, we constructed a prognostic model and
externally validated its accuracy in a GEO dataset. We also investigated immune infiltration, immunotherapy,
and medication sensitivity in high- and low-risk groups. A unique model of metabolic risk score was developed
to predict the prognosis and therapeutic responsiveness of BC patients. Furthermore, we validated specific risk
factors, such as C60rf99, in BC cell lines.

Methods and materials

Data extraction

We obtained the transcriptomic datasets and clinical information from the TCGA databases (https://portal.
gdc.cancer.gov/) and the Gene Expression Omnibus (GEO dataset GSE58644, based on the GPL6244 platform,
https://www.ncbi.nlm.nih.gov/geo). After excluding cases with missing clinicopathological information, only
patients diagnosed with BC and with an overall survival exceeding 30 days were considered for the analysis. The
study utilized RNA sequencing data from the TCGA database, comprising 1022 BC and 112 adjacent non-tumor
cases, along with 312 BC from the GSE58644 dataset.

Metabolism-related IncRNAs detection

The R package was used to identify differentially expressed genes associated with metabolism in BC and normal
tissues'®. A total of 944 genes related to metabolism were identified using the Molecular Signatures Database
(http://www.broad.mit.edu/gsea/msigdb/) and the Kyoto Encyclopedia of Genes and Genomes (KEGG) gene
sets. Subsequently, the expression levels of metabolism-related genes and their corresponding IncRNAs were
compared using Pearson correlation coefficients. To identify metabolism-related IncRNAs, the correlation coef-
ficient and p values were used (|Cor |>0.4 and p value <0.001), we screened 1135 metabolism-related
IncRNAs that met these criteria.

pearson

Construction of a risk signature

Metabolism-related IncRNAs showing differential expression between tumor and normal tissues in the TCGA
cohort were identified using the limma package, applying fold change (FC)>2 and a false discovery rate
(FDR) <0.05 as cut-off criteria. Univariate Cox proportional hazards regression analysis was used to identify
metabolism-associated IncRNAs significantly linked to the prognosis of BC. Subsequently, multivariate Cox
regression analysis was applied to pinpoint metabolism-related IncRNAs for the development of a predictive
signature. Protective factors exhibit a hazard ratio (HR) of 1 or less, whereas risk factors demonstrate a HR greater
than 1. The computational formula was constructed for this analysis as follows: Risk score=> "1, (Expi * Coei).
The number of prognostic genes was denoted as #, the expression of metabolism-related IncRNAs was denoted as
Expi, and the regression coefficient of the metabolism-related IncRNA in the model was denoted as Coei. Patients
in the two cohorts were stratified into low-risk or high-risk groups based on the median value of their risk scores
in the training cohort. To evaluate the prognostic efficacy of the risk score model, we employed receiver operating
characteristic (ROC) curve analysis and principal component analysis (PCA) to visualize IncRNA expression
patterns in the two groups of BC patients.

Prognostic signature evaluation

Cytoscape was used to display and visualize correlations between mRNA and IncRNA co-expression, while
the corrplot software was employed to construct interactions between identified IncRNAs. The co-expressed
network components were represented by a sankey diagram in the R package. The biological functions and
pathways associated with the identified IncRNAs were explored using gene ontology (GO) and KEGG pathway
analysis. Immune signatures, associated markers, and estimated gene sets for immune scores were utilized to
infer immune infiltration through single-sample gene set enrichment analysis (ssGSEA)'®. The CIBERSORT
algorithm was utilized to assess the proportion of tumor-infiltrating immune cells in both groups'”. The Tumor
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Immune Dysfunction and Exclusion (TIDE) algorithms (available at http://tide.dfci.harvard.edu/) were employed
to forecast the clinical responses to immune checkpoint inhibitors'®. R package “pRRophetic” was used to assess
the effectiveness of chemotherapy drugs by half maximal inhibitory concentration (IC50) of each BC patient®.

Nomogram construction

The rms package was utilized to conduct multivariate Cox regression analyses with a risk score model in the
training cohort, which were then integrated with clinicopathological features to construct a nomogram. The
integration of these prognostic indicators, along with the computation of the concordance index (C-index) and
calibration curves, was utilized in the development of a nomogram for predicting one-, three-, and five-year
OS probabilities.

Cell culture

The human normal breast cell line (MCF-10A) and BC cell lines (MCEF-7, T47D, MDA-MB-231, and HCC1937)
were sourced from the National Infrastructure of Cell Line Resource in Beijing, China. They were maintained
in RPMI-1640 medium (HyClone) supplemented with 10% fetal bovine serum (Gibco) at 37 °C in a 5% CO,
incubator.

gRT-PCR and transfection

TRIzol (Invitrogen) was used to extract total RNA from the cell line. The FastKing RT Kit (TTANGEN Biotech,
Beijing, China) was employed to synthesize cDNA following the manufacturer’s protocol. The FastKing One Step
Kit (TTANGEN Biotech, Beijing, China) was utilized to perform qRT-PCR following the manufacturer’s protocol.
Relative expression level of C60rf99 was calculated by the 2742 method. C60rf99 specific targeting siRNA (si-
C60rf99 #1 and si-C60rf99 #2) and negative control siRNA (siNC) were purchased from Sangon Biotech. The
siRNA was transfected using Lipo2000 (Invitrogen) according to the manufacturer’s protocol. The primers and
siRNA were described in Supplementary Table 1.

CCK-8, and Transwell assay

The cell counting kit 8 (CCK-8, KeyGEN BioTECH) was utilized to quantify cell proliferation. 2000 cells were
plated in each well using 96-well plate and CCK-8 reagent was added to each well. Then, the plates were incu-
bated at 37 °C for 1-2 h. Absorbance value at a wavelength of 450 nm were utilized to quantify the cell number.
Cell migration and invasion were measured by Transwell insert (NEST). The Transwell insert was coated with
Matrigel for detecting cell invasion ability or without Matrigel for detecting cell migration ability. 60,000 cells in
serum-free medium were added into the upper of a Transwell insert and the lower chamber filled with medium
with 20% FBS for 1-2 days.

Statistical analyses

Statistical analyses were performed using R (version 4.0.2). A Pearson correlation coefficient was calculated
for further analysis. The Kruskal-Wallis and Wilcoxon tests were employed to assess the expression of DEGs
in normal and malignant tissues, respectively. The univariate Cox regression model was utilized to calculate
the HR and corresponding 95% confidence intervals (Cls). The coefficients of the prognostic signatures were
determined using the absolute shrinkage and selection operator (LASSO) regression. Survival curves were gen-
erated using the Kaplan-Meier method. We utilized the log-rank test to compare OS and RFS between groups.
Cox proportional hazard models, both univariate and multivariate, were utilized to examine independent risk
variables for the prognosis of BC patients. P-value <0.05 was regarded as indicative of a significant difference
in the statistical analyses.

Results

Metabolism-related IncRNA identification in the TCGA cohort

The flowchart of the study was exhibited in Fig. 1. To identify metabolism-related IncRNAs in the TCGA cohort,
we analyzed a dataset consisting of 14,142 IncRNAs and 19,658 mRNAs. Among these, 2100 IncRNAs exhibited
differential expression between patient tumors and normal tissues (Fig. 2A). We retrieved 944 genes associated
with metabolism from the KEGG pathway database and screened for significant metabolism-related IncRNAs
through significant univariate Cox regression analysis. This analysis identified 151 IncRNAs significantly cor-
related with BC survival and further investigations considered 28 metabolism-related IncRNAs as candidates
based on their differential expression and prognostic significance (Fig. 2B,C).

Construction of a risk signature for prognostic

After identifying metabolic IncRNAs associated with candidate prognosis, we used LASSO regression mod-
els to construct the prognostic signature, incorporating the expression of 9 IncRNAs (SIRLNT, SIAH2-AS1,
MIR205HG, USP30-AS1, MIR200CHG, TFAP2A-AS1, AP005131.2, AL031316.1, and C60rf99). Each coefficient
in the signature represents the expression weight of the corresponding IncRNA. By combining the expression
levels of these 9 metabolism-related long noncoding RNAs with their associated Cox regression coeflicients, we
generated a risk score for each BC patient (P <0.05, Table 1).

Establishing and validating a robust metabolism-related IncRNAs prognostic signature
To establish the robustness of our metabolism-related IncRNAs prognostic signature, we calculated the risk
score in the TCGA cohort for internal validation and in the GEO cohort for external confirmation. Based on
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Figure 1. The flowchart of our research.
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Figure 2. Exploration of metabolism-related IncRNAs in BC. (A) IncRNA expressed differently in tumor and
normal tissues. Up-regulated IncRNAs were shown in red, while down-regulated IncRNAs were shown in blue.
(B) Venn diagram showing IncRNAs met two criteria. 9 IncRNAs were tagged in (A). (C) After further filtering,
the metabolism-related IncRNAs that were substantially linked with prognosis.
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IncRNA Coefficient
SIRLNT 0.097448759
SIAH2-AS1 —0.332363482
MIR205HG —0.098220261
USP30-AS1 —0.416509153
MIR200CHG —0.13935231
TFAP2A-AS1 —0.666605613
AP005131.2 —0.478339835
AL031316.1 -0.221521122
C60rf99 0.222236591

Table 1. Prediction signature for survival.

their median risk scores, the 1022 BC patients from TCGA and the 312 BC patients from GEO were classified
into high- and low-risk categories. The high-risk groups in both the training cohort (91/511 vs. 49/511) and the
validation cohort (41/156 vs. 28/156) exhibited higher mortality rates compared to the low-risk groups (Figs. 3A,
4A). Kaplan-Meier curve analysis demonstrated a significantly lower overall survival rate for high-risk patients
than for low-risk patients in both cohorts (Figs. 3B, 4B). The prognostic model showed high predictive power,
as indicated by the area under the receiver operating characteristic curve values for predicting 3-year survival
in the training (0.67) and validation (0.697) groups (Figs. 3C, 4C). Additionally, we used PCA to examine the
distinct distribution patterns of the high- and low-risk groups. The risk model successfully separated breast
cancer patients into two groups with different risk levels (Figs. 3D, 4D).
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Figure 3. Signature test in the training cohort. (A) Risk score and survival status distribution of BC patients in
low-risk and high-risk groups. (B) OS survival curves for low-risk and high-risk patients. (C) Risk score ROC
Curve for one, three, and five years. (D) PCA visualization of risk categorization.
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Figure 4. Signature test in the validation cohort. (A) Risk score and survival status distribution of BC patients
in low-risk and high-risk groups. (B) OS survival curves for low-risk and high-risk patients. (C) Risk score ROC
Curve for one, three, and five years. (D) PCA visualization of risk categorization.

Constructing the co-expression network in prognostic model

As illustrated in Fig. 5A, the metabolism-related IncRNAs in the prognostic model were highly correlated, which
demonstrated the potential consistency of IncRNAs function in the model. In the regulatory mechanisms of
metabolism-related IncRNAs, it is considered that IncRNAs regulate mRNAs in breast cancer onset and devel-
opment. Cytoscape was used to create a network of co-expressions. In our prognostic signature, there were 111
IncRNA-mRNA couples in the IncRNA-mRNA co-expression network, and 108 mRNAs were substantially linked
to metabolism-related IncRNAs (Fig. 5B). AL031316.1, MIR200CHG, and USP30-AS1 were likely to be the most
important components. The Sankey diagram established a link between IncRNAs and mRNAs and revealed a
link between metabolism-related IncRNAs and overall survival in BC patients (Fig. 5C). Notably, C60rf99 and
SIRLNT were the risky factors among the included IncRNAs.

Discovery of functional enrichment analysis

In order to investigate the variations in gene functions and gene enrichment between high-risk and low-risk
groups based on the risk model, a total of 111 co-expressed mRNAs were identified. We performed GO analysis of
these mRNAs and discovered that the top three biological processes represented by GO terms were the nucleoside
phosphate biosynthetic process, nucleotide biosynthetic process, and small molecule catabolic process (Fig. 6A).
As expected, KEGG pathway analysis confirmed that these genes were associated with metabolic functions, and
the most significantly enriched pathways were those for fatty acid degradation, purine metabolism, and carbon
metabolism (Fig. 6B).

Comparing tumor-infiltrating immune cells in two groups

Immunotherapy is a novel therapeutic option for BC that may enhance antitumor capacity by stimulating
patients’ immune systems. Nonetheless, not all BC patients are candidates for immunotherapy, implying that
identifying these individuals is critical. The immune infiltration of the two risk groups was compared using the
TIMER method. The higher the score, the more robust the immunological activity. The immunological activity
of innate immunity cells (aDCs, DCs, iDCs, mast cells, and pDCs) and adaptive immune cells (B cells, CD8*
T, T helper, Tth, and until cells) was greater in the low-risk subgroup as compared to the high-risk subgroup
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Figure 5. Co-expressed Incrna mRNA of the prognostic signature. (A) Annotated coefficients for 9 IncRNAs.
(B) A metabolic-related IncRNA-mRNA co-expression regulation network. (C) Sankey diagram depicting the
relationships between mRNAs, IncRNAs, and risk types.

(Fig. 7A). Similar results for immune activities such as checkpoint, cytolytic activity, type I IEN response, and
type I IEN response were verified using the ssGSEA method (Fig. 7B). Following that, we examined the asso-
ciation between risk scores and important immunological checkpoints. In comparison to the low-risk group,
the high-risk group had considerably lower levels of expression of many immunological checkpoints (CTLA4,
CD274, and PDCD1) (Fig. 7C). The study revealed that a risk score could be used to help find people who might
benefit from immunotherapy.

Investigation of clinical treatment in risk groups

Recently, there has been a surge in the development of new molecular target drugs and regimens that are tailored
to the predicted sensitivity of specific histological types of BC. Unique biological markers in individual patients
can provide tailored therapy, leading to optimal treatment efficacy. The expression of CDK4, BRCA1, PIK3CA,
and CDK6 was higher in the high-risk group (Fig. 8A). This allowed us to choose relevant drugs for BC patients
based on their risk mode. Additionally, we discovered that docetaxel and paclitaxel, which are used in the treat-
ment of BC, had a greater IC50 in the high-risk group (Fig. 8B). As expected, the high-risk group showed a lower
IC50 for AKT inhibitor VIII (Fig. 8B). Based on these findings, individuals in high- and low-risk groups were
able to develop tailored treatment plans.

Evaluation of prognostic value and construction of nomogram

The metabolic-related IncRNA prognostic signature was tested using Cox regression analysis to see if it was
an independent prognostic factor for BC patients in the TCGA. A univariate Cox regression study found that
age, stage, T stage, M stage, and N stage, as well as risk scores, were all significantly linked with overall survival
in BC patients, and a multivariate analysis suggested that age and risk scores may be independent predictors
of BC survival (P<0.05, Fig. 9A). Furthermore, the prognostic accuracy of the metabolism-related IncRNAs
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Figure 6. Functional analysis of Incrnas mRNAs co-expression. (A) GO enrichment analysis. (B) KEGG
pathway analysis™.

was assessed using a time-dependent receiver operating characteristic (ROC) analysis, with an AUC value of
0.667 (Fig. 9B). The nomogram’s C-index value was 0.764. Nomograms are extensively used to calculate a score
based on the values of numerous prognostic indicators to estimate patient survival®’. In patients with BC, this
nomogram was used to predict survival rates at 1, 3, and 5 years (Fig. 9C). The calibration curves showed good
agreement between expected and actual OS rates after one, three, and five years of follow-up (Fig. 9D). We may
conclude from these data that our prognostic nomogram is both accurate and robust.
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Figure 7. Immune infiltration signature in two groups. (A) 16 immune cells in low and high-risk groups. (B) 13
immune functions in two groups. (C) Known immune checkpoints. *P <0.05, **P<0.01, **P<0.001.

Knockdown C60rf99 inhibited MCF-7 cell proliferation, migration, and invasion

In order to investigate the biological function of these IncRNAs, we conducted cytology and molecular biol-
ogy experiments. Given the number of IncRNAs in the signature, C60rf99 was a risky factor, a new IncRNA
which has never been researched. The expression of C60rf99 was significantly higher expressed in BC cell lines
(Fig. 10A). Thus, we chose the MCEF-7 cell line for molecular validation. We used siRNA to knockdown C60rf99
in MCF-7 and found that si-C60rf99 #1 significantly decreased the expression of C6orf99 (Fig. 10B). The CCK-8
results showed that knockdown of C60rf99 inhibits cell proliferation ability (Fig. 10C). Moreover, knockdown
of C60rf99 suppressed migration and invasion in MCF-7 (Fig. 10D). Collectively, these findings indicated that
C60rf99 promoted cell proliferation and metastasis in BC cells.

Discussion

Existing evaluation models for predicting BC prognosis heavily rely on clinical factors, simplifying the process
of collection and assessment of patient data?"-*>. However, the AJCC TNM staging primarily employs anatomical
data, and it often fails to precisely forecast cancer recurrence®. The enhancement of gene detection technologies
proposes an alternative approach, enabling hospitals and specialized labs to sequence a set of vital genes from
patients. Consequently, certain IncRNAs have been identified in diverse malignant tumors, serving as reliable
indicators of prognosis as well as treatment responsiveness®*?°.

Several studies have highlighted the significance of IncRNAs in BC**%’, revealing their vital role in
metabolism?®. They are identified to be closely involved with metabolic processes in cancer®, potentially influ-
encing glycolysis activity and cell proliferation by altering metabolism-related signaling pathways®’. Thus, it
becomes essential to identify a metabolism-related IncRNA prognostic signature in BC patients.

The novelty and technicality of this research were evident in the prognostic signature, which comprises nine
metabolism-related IncRNAs (SIRLNT, STAH2-AS1, MIR205HG, USP30-AS1, MIR200CHG, TFAP2A-ASI,
AP005131.2, AL031316.1, C60rf99). This signature distinguished patients at different risk levels and had been
identified as a significant independent factor for patients with BC. The ROC curve suggested that the newly
discovered metabolism-related IncRNA signature exhibited a moderate predictive performance for OS. A newly
proposed nomogram was expected to guide doctors in making informed treatment decisions. Our investigation
revealed that immunotherapy and targeted therapy demonstrated potential effectiveness for BC patients across
diverse risk groups. Advancements in the understanding of metabolism-related IncRNAs could facilitate the
development of a more comprehensive mechanistic insight into BC, thus catalyzing transformative progress in
clinical practice.
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Among the identified IncRNAs, MIR205HG, USP30-AS1, MIR200CHG, and TFAP2A-AS1 were associ-
ated with tumor progression, each mediating different processes of tumor development. LncRNA miR205HG
interacts with HNRNPAO mRNA and then inhibits the migration and invasion of esophageal carcinoma cells™.
Repression of mitophagy by USP30-AS1 may have a role in the development of glioma tumors®>. MIR200CHG
promotes breast cancer proliferation, invasion, and treatment resistance®. In gastric cancer cells, TFAP2A-AS1
was confirmed to inhibit the proliferation and migration®*. SIAH2-AS1, AP005131.2, AL031316.1, and C60rf99
parts of IncRNAs risk models were implicated with autophagy, immunity, and hypoxia, suggesting a close asso-
ciation of tumor metabolism with these processes. In recent years, numerous studies, including those related to
miRNA-IncRNA interaction prediction, have been conducted in the field of bioinformatics®>*. In the Sankey
diagram, we identified several IncRNAs that were associated with key genes, including GBE1, HK3, PGM1,
PYGL, and UGP2, which were involved in glycogenesis. Fluctuations in specific metabolite levels can contribute
to the development of cancer. Detecting such deviations in metabolite levels can assist in disease diagnosis®.

Moreover, low-risk patients showcased higher numbers of B cells, CD8* T cells, T helpers, and TIL cells, stress-
ing the importance of metabolism-related IncRNAs in controlling tumor immune infiltration. It was observed
that immune infiltration in BC was linked to these IncRNAs***. With the tumor environment related to the
outcome of immune checkpoint inhibitor treatments***!, our study found that low-risk patients demonstrated
higher levels of CTLA-4, PD-1, and PD-L1, suggesting that immunotherapies targeting these entities could be
more beneficial for such patients. This casts light on tumor immunotherapy in a novel way. When coupled with
endocrine therapy in advanced BC, CDK4/6 inhibitors have been demonstrated to improve response rates and
prolong disease control*>**. The antitumor efficacy of small compounds was determined through in vitro testing*.
Several researchers have developed novel deep learning predictive models to identify and avoid serious cardio-
toxicity inhibitors*. Interestingly, CDK4, CDK6, and PIK3CA were significantly overexpressed in the high-risk
group, implying that CDK4/6 inhibitors and PIK3CA inhibitors may improve outcomes in the high-risk group.

We performed molecular verification using BC cell line MCF-7, which revealed high expression levels of
C60rf99. BC cells displayed augmented proliferation, migration, and invasion influenced by C60rf99, thereby
proposing C60rf99 as a potential oncogene in BC, contributing to cancer proliferation and metastasis.

Single-cell multimodal sequencing techniques have become available to enhance our understanding of
cancer cellular function and heterogeneity of individual cancer cells*. Several single-cell multimodal analysis
frameworks have been developed, providing a more comprehensive understanding of cellular heterogeneity and
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Figure 9. Evaluating risk features and constructing a prognostic nomogram. (A) Univariate and multivariate
analysis in BC. (B) ROC curves of risk model score and clinical features. (C) The prognostic nomogram utilized
the risk score and clinicopathological characteristics to predict one-, three-, and five-year survival rates. (D)
Calibration curves demonstrated the concordance between predicted and observed 1-, 3-, and 5-years survival
rates based on the nomogram.

facilitating research in biomedical diseases*”*%. Hence, there is a necessity to advance data analysis frameworks
founded on deep learning to enhance the effectiveness of data analysis.

However, our study also recognizes potential limitations of the metabolism-related IncRNAs prognostic
signature that may restrict its applicability, necessitating further improvement. Although we used data from
the TCGA and GEO public databases, obtaining prospective, multicenter, real-world data can substantiate our
predictive model. Theoretical modeling studies of gene/protein signaling networks are crucial for understand-
ing regulatory mechanisms and identifying potential therapeutic targets for diseases*->!. Future studies can be
strengthened by the incorporation of more state-of-the-art computational models and technologies.

Conclusion

In conclusion, we discovered a new metabolism-related predictive risk model in breast cancer made up of 9 IncR-
NAs (SIRLNT, SIAH2-AS1, MIR205HG, USP30-AS1, MIR200CHG, TFAP2A-AS1, AP005131.2, AL031316.1,
Cé60rf99). If the nine metabolism-related IncRNA signature is verified prospectively, it has the potential to
improve prediction accuracy and lead to personalized treatment for breast cancer patients.

Scientific Reports|  (2024) 14:3500 | https://doi.org/10.1038/s41598-024-53716-7 nature portfolio



www.nature.com/scientificreports/

A

209

Migration

Relative C60rf99 Expression
3>
!

@~ si-NC -@- si-C6orfa9 #1
. . ok
: . g :
S 15
P [&] — L 8 R
—_— 5 <
a
—— %)
310 o
> 2 1.04
—c' 3 -
S g
7 H :
Bos T 05-
o .
g ©
] ns
)
£
00 0.0 T T T T T
MCF-10A MCF-7 T47D MDA-MB-231 HCC1937 : si-NC si-C60rf99 #1 si-C60rfa9 #2 0 1 2 3 4
Time(Days)
si-C6orfo9 #1

si-NC
si-C60rf99 #1

Cell number per field

Migration  Invasion

Figure 10. The effects of C60rf99 on BC cell proliferation, migration, and invasion. (A) The expression level
of C60rf99 in normal and BC cell lines. (B) Transfection siRNA efficiency was detected in MCF-7. (C) CCK-8
assays were evaluated cell viability in MCF-7. (D) Cell migration and invasion were detected by transwell assays
in MCF-7. *P<0.05, **P<0.01, **P<0.001.

Data availability
The datasets are available for download in the TCGA: https://portal.gdc.cancer.gov/ and GEO database, https://
www.ncbi.nlm.nih.gov/geo/.

Received: 3 January 2024; Accepted: 4 February 2024
Published online: 12 February 2024

References

1.

10.

11.

12.

13.

14.

Sung, H. et al. Global cancer statistics 2020: GLOBOCAN estimates of incidence and mortality worldwide for 36 cancers in 185
countries. CA Cancer J. Clin. 71, 209-249. https://doi.org/10.3322/caac.21660 (2021).

. DeSantis, C. E. et al. Breast cancer statistics, 2019. CA Cancer J. Clin. 69, 438-451. https://doi.org/10.3322/caac.21583 (2019).
. Heger, L. et al. Unbiased high-dimensional flow cytometry identified NK and DC immune cell signature in Luminal A-type and

triple negative breast cancer. Oncoimmunology 13, 2296713 https://doi.org/10.1080/2162402X.2023.2296713 (2024).

. Choi, S. R., Hwang, C. Y, Lee, J. & Cho, K. H. Network analysis identifies regulators of basal-like breast cancer reprogramming

and endocrine therapy vulnerability. Cancer Res. 82, 320-333. https://doi.org/10.1158/0008-5472.CAN-21-0621 (2022).

. Carbone, M. et al. Tumour predisposition and cancer syndromes as models to study gene-environment interactions. Nat. Rev.

Cancer 20, 533-549. https://doi.org/10.1038/s41568-020-0265-y (2020).

. Young, C. M. et al. Metabolic dependencies of metastasis-initiating cells in female breast cancer. Nat. Commun. 14, 7076. https://

doi.org/10.1038/s41467-023-42748-8 (2023).

. Rao, S. et al. AIF-regulated oxidative phosphorylation supports lung cancer development. Cell Res. 29, 579-591. https://doi.org/

10.1038/s41422-019-0181-4 (2019).

. Tang, K. et al. Hypoxia promotes breast cancer cell growth by activating a glycogen metabolic program. Cancer Res. 81, 4949-4963.

https://doi.org/10.1158/0008-5472.CAN-21-0753 (2021).

. Tombari, C. et al. Mutant p53 sustains serine-glycine synthesis and essential amino acids intake promoting breast cancer growth.

Nat. Commun. 14, 6777. https://doi.org/10.1038/s41467-023-42458-1 (2023).

Kulkoyluoglu-Cotul, E., Arca, A. & Madak-Erdogan, Z. Crosstalk between estrogen signaling and breast cancer metabolism. Trends
Endocrinol. Metab. 30, 25-38. https://doi.org/10.1016/j.tem.2018.10.006 (2019).

Gong, Y. et al. Metabolic-pathway-based subtyping of triple-negative breast cancer reveals potential therapeutic targets. Cell Metab.
33, 51-64. https://doi.org/10.1016/j.cmet.2020.10.012 (2021).

Dai, Y. W. et al. Amino acid metabolism-related IncRNA signature predicts the prognosis of breast cancer. Front Genet 13, 880387.
https://doi.org/10.3389/fgene.2022.880387 (2022).

Xu, J. L. et al. Glucose metabolism and IncRNAs in breast cancer: Sworn friend. Cancer Med. 12, 5137-5149. https://doi.org/10.
1002/cam4.5265 (2023).

Shi, G. ., Zhou, Q., Zhu, Q., Wang, L. & Jiang, G. Q. A novel prognostic model associated with the overall survival in patients with
breast cancer based on lipid metabolism-related long noncoding RNAs. J. Clin. Lab. Anal. 36, €24384. https://doi.org/10.1002/jcla.
24384 (2022).

Scientific Reports |

(2024) 14:3500 |

https://doi.org/10.1038/s41598-024-53716-7 nature portfolio


https://portal.gdc.cancer.gov/
https://www.ncbi.nlm.nih.gov/geo/
https://www.ncbi.nlm.nih.gov/geo/
https://doi.org/10.3322/caac.21660
https://doi.org/10.3322/caac.21583
https://doi.org/10.1080/2162402X.2023.2296713
https://doi.org/10.1158/0008-5472.CAN-21-0621
https://doi.org/10.1038/s41568-020-0265-y
https://doi.org/10.1038/s41467-023-42748-8
https://doi.org/10.1038/s41467-023-42748-8
https://doi.org/10.1038/s41422-019-0181-4
https://doi.org/10.1038/s41422-019-0181-4
https://doi.org/10.1158/0008-5472.CAN-21-0753
https://doi.org/10.1038/s41467-023-42458-1
https://doi.org/10.1016/j.tem.2018.10.006
https://doi.org/10.1016/j.cmet.2020.10.012
https://doi.org/10.3389/fgene.2022.880387
https://doi.org/10.1002/cam4.5265
https://doi.org/10.1002/cam4.5265
https://doi.org/10.1002/jcla.24384
https://doi.org/10.1002/jcla.24384

www.nature.com/scientificreports/

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34,

35.

36.

37.

38.

39.

40.

41.

42,

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

Lu, Y. et al. Long non-coding RNA profile study identifies a metabolism-related signature for colorectal cancer. Mol. Med. 27, 83.
https://doi.org/10.1186/s10020-021-00343-x (2021).

Li, T. et al. TIMER: A web server for comprehensive analysis of tumor-infiltrating immune cells. Cancer Res. 77, e108-€110. https://
doi.org/10.1158/0008-5472.CAN-17-0307 (2017).

Chen, B., Khodadoust, M. S., Liu, C. L., Newman, A. M. & Alizadeh, A. A. Profiling tumor infiltrating immune cells with CIBER-
SORT. Methods Mol. Biol. 1711, 243-259. https://doi.org/10.1007/978-1-4939-7493-1_12 (2018).

Jiang, P. et al. Signatures of T cell dysfunction and exclusion predict cancer immunotherapy response. Nat. Med. 24, 1550-1558.
https://doi.org/10.1038/s41591-018-0136-1 (2018).

Geeleher, P, Cox, N. & Huang, R. S. pRRophetic: An R package for prediction of clinical chemotherapeutic response from tumor
gene expression levels. PLoS One 9, €107468. https://doi.org/10.1371/journal.pone.0107468 (2014).

Balachandran, V. P, Gonen, M., Smith, J. . & DeMatteo, R. P. Nomograms in oncology: More than meets the eye. Lancet Oncol.
16, e173-180. https://doi.org/10.1016/S1470-2045(14)71116-7 (2015).

Garrido-Castro, A. C., Lin, N. U. & Polyak, K. Insights into molecular classifications of triple-negative breast cancer: Improving
patient selection for treatment. Cancer Discov. 9, 176-198. https://doi.org/10.1158/2159-8290.CD-18-1177 (2019).

O’Grady, S. & Morgan, M. P. Microcalcifications in breast cancer: From pathophysiology to diagnosis and prognosis. Biochim.
Biophys. Acta Rev. Cancer 310-320, 2018. https://doi.org/10.1016/j.bbcan.2018.04.006 (1869).

Plichta, J. K. et al. Implications for breast cancer restaging based on the 8th edition AJCC staging manual. Ann. Surg. 271, 169-176.
https://doi.org/10.1097/SLA.0000000000003071 (2020).

Isaev, K. et al. Pan-cancer analysis of non-coding transcripts reveals the prognostic onco-IncRNA HOXA10-AS in gliomas. Cell
Rep. 37, 109873 https://doi.org/10.1016/j.celrep.2021.109873 (2021).

Goyal, B. et al. Diagnostic, prognostic, and therapeutic significance of long non-coding RNA MALAT1 in cancer. Biochim. Biophys.
Acta Rev. Cancer 1875, 188502. https://doi.org/10.1016/j.bbcan.2021.188502 (2021).

Yousefi, H. et al. Long noncoding RNAs and exosomal IncRNAs: Classification, and mechanisms in breast cancer metastasis and
drug resistance. Oncogene 39, 953-974. https://doi.org/10.1038/541388-019-1040-y (2020).

Liu, Q. et al. A novel prognostic signature of mRNA-IncRNA in breast cancer. DNA Cell Biol. 39, 671-682. https://doi.org/10.1089/
dna.2019.5223 (2020).

Ma, J. Y, Liu, S. H., Chen, J. & Liu, Q. Metabolism-related long non-coding RNAs (IncRNAs) as potential biomarkers for predicting
risk of recurrence in breast cancer patients. Bioengineered 12, 3726-3736. https://doi.org/10.1080/21655979.2021.1953216 (2021).
Tan, Y. T. et al. LncRNA-mediated posttranslational modifications and reprogramming of energy metabolism in cancer. Cancer
Commun. (Lond.) 41, 109-120. https://doi.org/10.1002/cac2.12108 (2021).

Liu, J. et al. Long noncoding RNA AGPG regulates PFKFB3-mediated tumor glycolytic reprogramming. Nat. Commun. 11, 1507.
https://doi.org/10.1038/s41467-020-15112-3 (2020).

Dong, X. et al. LncRNA miR205HG hinders HNRNPAO translation: Anti-oncogenic effects in esophageal carcinoma. Mol. Oncol.
16, 795-812. https://doi.org/10.1002/1878-0261.13142 (2022).

Wang, N, Li, ], Xin, Q. & Xu, N. USP30-AS1 contributes to mitochondrial quality control in glioblastoma cells. Biochem. Biophys.
Res. Commun. 581, 31-37. https://doi.org/10.1016/j.bbrc.2021.10.006 (2021).

Tang, L. et al. Long non-coding RNA MIR200CHG promotes breast cancer proliferation, invasion, and drug resistance by interact-
ing with and stabilizing YB-1. NPJ Breast Cancer 7, 94. https://doi.org/10.1038/s41523-021-00293-x (2021).

Zhao, X. et al. Transcription factor KLF15 inhibits the proliferation and migration of gastric cancer cells via regulating the TFAP2A-
AS1/NISCH axis. Biol. Direct 16, 21. https://doi.org/10.1186/s13062-021-00300-y (2021).

Wang, W.,, Zhang, L., Sun, J., Zhao, Q. & Shuai, J. Predicting the potential human IncRNA-miRNA interactions based on graph
convolution network with conditional random field. Brief. Bioinform. 23, bbac463. https://doi.org/10.1093/bib/bbac463 (2022).
Zhang, L., Yang, P, Feng, H., Zhao, Q. & Liu, H. Using network distance analysis to predict IncRNA-miRNA interactions. Interdiscip.
Sci. 13, 535-545. https://doi.org/10.1007/s12539-021-00458-z (2021).

Sun, F, Sun, J. & Zhao, Q. A deep learning method for predicting metabolite-disease associations via graph neural network. Brief.
Bioinform. 23, bbac266. https://doi.org/10.1093/bib/bbac266 (2022).

Keenan, T. E. & Tolaney, S. M. Role of immunotherapy in triple-negative breast cancer. J. Natl. Compr. Cancer Netw. 18, 479-489.
https://doi.org/10.6004/jnccn.2020.7554 (2020).

Emens, L. A. Breast cancer immunotherapy: Facts and hopes. Clin. Cancer Res. 24, 511-520. https://doi.org/10.1158/1078-0432.
CCR-16-3001 (2018).

Vranic, S., Cyprian, E. S., Gatalica, Z. & Palazzo, J. PD-L1 status in breast cancer: Current view and perspectives. Semin. Cancer
Biol. 72, 146-154. https://doi.org/10.1016/j.semcancer.2019.12.003 (2021).

Franzoi, M. A., Romano, E. & Piccart, M. Inmunotherapy for early breast cancer: Too soon, too superficial, or just right?. Ann.
Oncol. 32, 323-336. https://doi.org/10.1016/j.annonc.2020.11.022 (2021).

Schettini, E. et al. Overall survival of CDK4/6-inhibitor-based treatments in clinically relevant subgroups of metastatic breast
cancer: Systematic review and meta-analysis. J. Natl. Cancer Inst. 112, 1089-1097. https://doi.org/10.1093/jnci/djaa071 (2020).
Rugo, H. S. et al. Alpelisib plus fulvestrant in PIK3CA-mutated, hormone receptor-positive advanced breast cancer after a CDK4/6
inhibitor (BYLieve): One cohort of a phase 2, multicentre, open-label, non-comparative study. Lancet Oncol. 22, 489-498. https://
doi.org/10.1016/S1470-2045(21)00034-6 (2021).

Chen, Z. et al. DCAMCEP: A deep learning model based on capsule network and attention mechanism for molecular carcinogenicity
prediction. J. Cell. Mol. Med. 27, 3117-3126. https://doi.org/10.1111/jcmm.17889 (2023).

Wang, T., Sun, J. & Zhao, Q. Investigating cardiotoxicity related with hERG channel blockers using molecular fingerprints and
graph attention mechanism. Comput. Biol. Med. 153, 106464. https://doi.org/10.1016/j.compbiomed.2022.106464 (2023).
Meng, R,, Yin, S., Sun, J., Hu, H. & Zhao, Q. scAAGA: Single cell data analysis framework using asymmetric autoencoder with
gene attention. Comput. Biol. Med. 165, 107414. https://doi.org/10.1016/j.compbiomed.2023.107414 (2023).

Hu, H. et al. Modeling and analyzing single-cell multimodal data with deep parametric inference. Brief. Bioinform. 24, bbad005.
https://doi.org/10.1093/bib/bbad005 (2023).

Hu, H. et al. Gene function and cell surface protein association analysis based on single-cell multiomics data. Comput. Biol. Med.
157, 106733. https://doi.org/10.1016/j.compbiomed.2023.106733 (2023).

Jin, J., Xu, E, Liu, Z., Shuai, J. & Li, X. Quantifying the underlying landscape, entropy production and biological path of the cell
fate decision between apoptosis and pyroptosis. Chaos Solitons Fractals 178, 114328. https://doi.org/10.1016/j.chaos.2023.114328
(2024).

Jin, J. et al. Biphasic amplitude oscillator characterized by distinct dynamics of trough and crest. Phys. Rev. E 108, 064412. https://
doi.org/10.1103/PhysRevE.108.064412 (2023).

Li, X. et al. RIP1-dependent linear and nonlinear recruitments of caspase-8 and RIP3 respectively to necrosome specify distinct
cell death outcomes. Protein Cell 12, 858-876. https://doi.org/10.1007/s13238-020-00810-x (2021).

Kanehisa, M. & Goto, S. KEGG: Kyoto encyclopedia of genes and genomes. Nucleic Acids Res. 28, 27-30. https://doi.org/10.1093/
nar/28.1.27 (2000).

Scientific Reports |

(2024) 14:3500 | https://doi.org/10.1038/s41598-024-53716-7 nature portfolio


https://doi.org/10.1186/s10020-021-00343-x
https://doi.org/10.1158/0008-5472.CAN-17-0307
https://doi.org/10.1158/0008-5472.CAN-17-0307
https://doi.org/10.1007/978-1-4939-7493-1_12
https://doi.org/10.1038/s41591-018-0136-1
https://doi.org/10.1371/journal.pone.0107468
https://doi.org/10.1016/S1470-2045(14)71116-7
https://doi.org/10.1158/2159-8290.CD-18-1177
https://doi.org/10.1016/j.bbcan.2018.04.006
https://doi.org/10.1097/SLA.0000000000003071
https://doi.org/10.1016/j.celrep.2021.109873
https://doi.org/10.1016/j.bbcan.2021.188502
https://doi.org/10.1038/s41388-019-1040-y
https://doi.org/10.1089/dna.2019.5223
https://doi.org/10.1089/dna.2019.5223
https://doi.org/10.1080/21655979.2021.1953216
https://doi.org/10.1002/cac2.12108
https://doi.org/10.1038/s41467-020-15112-3
https://doi.org/10.1002/1878-0261.13142
https://doi.org/10.1016/j.bbrc.2021.10.006
https://doi.org/10.1038/s41523-021-00293-x
https://doi.org/10.1186/s13062-021-00300-y
https://doi.org/10.1093/bib/bbac463
https://doi.org/10.1007/s12539-021-00458-z
https://doi.org/10.1093/bib/bbac266
https://doi.org/10.6004/jnccn.2020.7554
https://doi.org/10.1158/1078-0432.CCR-16-3001
https://doi.org/10.1158/1078-0432.CCR-16-3001
https://doi.org/10.1016/j.semcancer.2019.12.003
https://doi.org/10.1016/j.annonc.2020.11.022
https://doi.org/10.1093/jnci/djaa071
https://doi.org/10.1016/S1470-2045(21)00034-6
https://doi.org/10.1016/S1470-2045(21)00034-6
https://doi.org/10.1111/jcmm.17889
https://doi.org/10.1016/j.compbiomed.2022.106464
https://doi.org/10.1016/j.compbiomed.2023.107414
https://doi.org/10.1093/bib/bbad005
https://doi.org/10.1016/j.compbiomed.2023.106733
https://doi.org/10.1016/j.chaos.2023.114328
https://doi.org/10.1103/PhysRevE.108.064412
https://doi.org/10.1103/PhysRevE.108.064412
https://doi.org/10.1007/s13238-020-00810-x
https://doi.org/10.1093/nar/28.1.27
https://doi.org/10.1093/nar/28.1.27

www.nature.com/scientificreports/

Acknowledgements
We acknowledge the support from the Translational Medicine Center at The First Affiliated Hospital of Zheng-
zhou University. We would like to thank TCGA and GEO datasets for free to use.

Author contributions

W.D.W. designed and supervised the study. W.D.W,, S.L., WK.W.,, and PL.W. collected data. X.G. and S.L. ana-
lyzed data. X.G. performed the experiments. All authors were involved in writing this paper and approved the
final manuscript. All authors read and approved the final manuscript.

Funding
This work was supported by the The Henan Medical Science and Technology Research Project (LHGJ20230188).

Competing interests
The authors declare no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at https://doi.org/
10.1038/541598-024-53716-7.

Correspondence and requests for materials should be addressed to W.W.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2024

Scientific Reports |

(2024) 14:3500 | https://doi.org/10.1038/s41598-024-53716-7 nature portfolio


https://doi.org/10.1038/s41598-024-53716-7
https://doi.org/10.1038/s41598-024-53716-7
www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	The metabolism-related lncRNA signature predicts the prognosis of breast cancer patients
	Methods and materials
	Data extraction
	Metabolism‐related lncRNAs detection
	Construction of a risk signature
	Prognostic signature evaluation
	Nomogram construction
	Cell culture
	qRT-PCR and transfection

	CCK-8, and Transwell assay
	Statistical analyses

	Results
	Metabolism‐related lncRNA identification in the TCGA cohort
	Construction of a risk signature for prognostic
	Establishing and validating a robust metabolism-related lncRNAs prognostic signature
	Constructing the co‐expression network in prognostic model
	Discovery of functional enrichment analysis
	Comparing tumor-infiltrating immune cells in two groups
	Investigation of clinical treatment in risk groups
	Evaluation of prognostic value and construction of nomogram
	Knockdown C6orf99 inhibited MCF-7 cell proliferation, migration, and invasion

	Discussion
	Conclusion
	References
	Acknowledgements


