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Abstract
Background: Dysregulation of metabolism plays a critical role in the pathogenesis and progression of ovarian cancer (OC). However, the expression
pattern of metabolic genes in OC and the prognostic value of metabolism-related genes for OC patients remains to be elucidated. Thus, this study aimed
to identify a metabolism-related prognostic gene signature for OC.

Methods: The expression pro�les of metabolism-related genes and associated clinicopathological characteristics were obtained from online datasets
(The Cancer Genome Atlas, TCGA and The Genotype-Tissue Expression, GTEx). The differently expressed genes were subjected to functional enrichment
analysis. By means of LASSO, univariate and multivariate Cox regression analyses, this predictive signature was constructed and validated by internal
and external databases. Genomic alterations, immune in�ltration, tumor microenvironment, and drug sensitivity associated with the signature were also
described.

Results: A total of 302 metabolism-related differentially expressed genes were identi�ed. These genes were mainly enriched in functions associated with
substance and energy metabolism. Based on the 302 identi�ed genes, a prognostic signature of 21 metabolic genes was constructed and validated
across internal and external cohorts. The patients in the high-risk group had signi�cantly longer overall survival compared to those in the low-risk group.
By univariate and multivariate Cox regression, the signature was identi�ed as an independent prognostic predictor for overall survival. There were also
noticeable differences with regards to genetic alteration, immune in�ltration, tumor microenvironment and drug sensitivity between the two groups.

Conclusion: Our study suggests that clinical outcomes of OC patients are associated with dysregulated metabolic genes and that the metabolism-related
prognostic signature can be used as a predictor for the overall survival of OC patients.

Introduction
Ovarian cancer (OC) is one of the most common cancers arising in the female reproductive system. Although novel diagnostic methods and advanced
therapies have been adopted to delay recurrence and death, the overall prognosis remains poor. The estimated 5-year relative survival rate of OC patients
is only 48.6%[1]. As the leading cause of death in women with gynecological cancers, OC is responsible for 14,000 deaths in the United States in 2020[2],
seriously threatening women's lives and health[3].

Accurate assessment of mortality risk and identi�cation of high-risk patients are key to prognosis improvement. Risk strati�cation makes it possible to
deliver timely and appropriate interventions. However, an effective indicator to predict the prognosis of OC is still lacking. In the past decades, researchers
have paid much attention to the roles of oncogenes and tumor suppressor genes in the pathogenesis of OC. But the association between these genes and
overall survival is still ambiguous[4, 5]. Some studies showed a better prognosis for patients with BRCA1/BRCA2 germline mutations, while others
suggested that BRCA1/BRCA2 mutation is not an independent prognostic factor for long-term survival[6, 7]. It has also been proposed that the presence
of circulating tumor cells (CTCs) prior to the treatment is associated with poorer overall survival (OS) and progression-free survival (PFS) in patients with
OC[8]. But since the capture of CTCs is expensive and technically demanding, its clinical application is rather limited. Therefore, an effective prediction
model is still needed for accurate assessment of patient prognosis.

In the past decade, the understanding of tumor cell metabolism has greatly improved. Metabolic reprogramming is considered an emerging hallmark of
malignancy. The essence of neoplasm involves not only uncontrolled cell growth and division, but also dysregulation of metabolism, which provides
energy and substances for cell proliferation, migration and invasion[9, 10]. In the early 1920s, Otto Warburg found that cancer cells largely limit energy
metabolism to glycolysis, even under aerobic conditions. This phenomenon is known as the "Warbury effect"[11]. In addition to aerobic glycolysis,
mitochondrial oxidative phosphorylation, glutamine metabolism, the reverse Warburg effect, and the truncated tricarboxylic acid cycle are also critical in
metabolic reprogramming of cancer cells[12, 13]. Recent studies further highlight the metabolic heterogeneity between tumors and even within different
regions of solid tumors, where cancer cells can participate in a variety of metabolic programs to meet growth and proliferation requirements[14].
Metabolic processes have been shown to play an important role in the pathogenesis and progression of OC. Abnormalities in phospholipid metabolism,
L-tryptophan metabolism, fatty acid beta-oxidation, and piperidine derivatives were found in OC[15]. As shown by metabolomic pro�ling, the levels of
tryptophan, alanine, and methionine in tumor tissues were signi�cantly reduced, while the levels of 3-hydroxybutyric acid and 3,4-dihydroxybutyric acid
were signi�cantly increased in OC patients compared to patients with benign lesions. This may be explained by the up-regulation of fatty acid oxidation
metabolic pathways in OC tissues[16]. Another metabolomic analysis showed enhanced mitochondrial function in cisplatin-resistant ovarian cancer cells
compared to cisplatin-sensitive cells, associated with enzymatic changes of the electron transport chain and mitochondrial coupling [17]. Further studies
revealed that dysregulated levels of serum metabolites are associated with patient prognosis. Metabolic pro�ling and novel biomarkers of serum have
been applied in the prediction of overall survival (OS) and discrimination of short-term mortality for OC patients [18]. Nevertheless, the expression pattern
of metabolism-related genes mediating metabolic reprogramming in OC tissues has not been thoroughly investigated.

Therefore, we aim to explore the aberrant expression of metabolic genes in tumor tissues and their correlations with the overall survival of OC patients. In
this study, we identi�ed differentially expressed metabolic genes and established a metabolism-related gene signature predicting prognosis for OC based
on bioinformatics and statistical analysis of data from The Cancer Genome Atlas (TCGA) database and the Genotype-Tissue Expression (GTEx)
database. The model was further validated in an external cohort from the Gene Expression Omnibus (GEO) database. Tumor mutation status and
immune microenvironment in the high-risk score phenotype of the signature was also compared to those of the low-risk phenotype. In conclusion, our
results revealed that dysregulated metabolic genes are associated with clinical outcomes of OC patients, and provides an effective model for prognosis
prediction and risk strati�cation, which could potentially be used in clinical scenarios.
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Materials & Methods

Data Acquisition and Preprocessing
The expression pro�le and clinical information of OC in TCGA (https://xena.ucsc.edu/) were downloaded, and 378 samples with complete clinical
information were selected. Expression pro�les of all normal tissue samples were obtained from GTEx (https://www.gtexportal.org/), and expression
pro�les of 180 normal ovarian tissues were extracted. The dataset GSE63885 (n = 101 cases) [19] was downloaded from GEO
(https://www.ncbi.nlm.nih.gov/geo) as an independent external validation set. 75 Samples with complete clinical information were included. The clinical
information of OC patients in different data sets is shown in Table 1. And mutation data of OC were obtained from TCGA. The dataset GSE63885
obtained from GEO was obtained with the GPL570 platform. The probes were mapped to genes. The highest expression was selected if multiple probes
corresponded to the same gene. The batch effect between different data sets from the same platform was removed using the R package “Limma”[20].
For all analyses, gene expression levels were logarithmically transformed and normalized.

Table 1
Clinical information of patients with OV in different data sets

Characteristics TCGA Training Set GEO Validation Set

Number of samples 378 75

Median survival time(days) 1024 1105

Number of death (%) 232(61.38) 66(88)

Average age(years) 59.55 NA

FIGO stage (%)    

I 1(0.26) 0(0.00)

II 23(6.08) 2(2.67)

III 294(77.78) 63(84.00)

IV 57(15.08) 10(13.33)

Grade (%)    

1 1(0.26) 0(0.00)

2 45(11.90) 9(12.00)

3 321(84.92) 48(64.00)

4 1(0.26) 18(24.00)

Differential Expression Analysis
The batch effect between data from TCGA and GTEx was removed using the R package “Edge”. Differential expression analysis between the two groups
was performed. False discovery rater (FDR) and fold change (FC) were calculated. Genes showing altered expression with FDR < 0.05 and |logFC|>2 was
were considered as differentially expressed genes (DEGs).

GO and KEGG Functional Enrichment Analyses
70 metabolism-related gene sets were obtained from Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways (https://www.gsea-
msigdb.org/gsea/index.jsp). A total of 1466 genes were identi�ed as metabolism-related. Using R package “clusterPro�ler”, the gene ontology (GO)
enrichment including biological processes (BP), cellular components (CC) and molecular function (MF) were conducted and KEGG analysis was
performed for metabolism-related DEGs. FDR < 0.05 was considered signi�cant.

Construction and Validation of Metabolism-Related Gene Signature for OC
378 OC samples from TCGA were used as a training set to construct the signature. Cox regression was performed for univariate analysis with the R
package “survival”. P < 0.05 was considered signi�cant. Metabolism-related DEGs that were associated with overall survival (OS) were included in LASSO
regression (R package “glmnet”). Dimensionality reduction techniques were further used to screen prognostic genes. A prognosis assessment model was
constructed based on LASSO regression. The genes involved in the model and the coe�cients were also obtained by LASSO regression.

The risk scores of all 378 OC samples from TCGA were calculated according to the model, and the patients were divided into high- and low-risk groups
according to the median score. The difference in overall survival between the two groups was assessed by a log-rank test. The model was further
validated in an external cohort from the GEO database (GSE63885).

Assessment of Mutation and Microenvironment
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Genetic alteration and drug sensitivity analysis of the prognostic genes in the gene signature were investigated using cBioportal
(https://www.cbioportal.org/)[21] and GSCALite (http://bioinfo.life.hust.edu.cn/web/GSCALite/)[22] platforms respectively. Analyses of mutation,
immune score and matrix score were performed using R packages “maftools” and “estimate”. The status of immune in�ltration in OC patients was
achieved by the online platform CIBERSORT (http://cibersort.stanford.edu/). Patients were divided into high- and low-risk groups according to risk scores
and differences between the two groups were compared. All statistical analyses in this study were completed by R, version 3.6.1.

Results

Identi�cation of Differentially Expressed Metabolism-Related Genes in OC patients
The expression pro�les of 378 samples of OC patients from TCGA and 180 samples of normal ovarian tissues from GTEx were obtained. Removal for
batch effect and differential expression analysis between the two groups were performed. FDR < 0.05 and |logFC|>2 was set as thresholds. A total of
4622 differentially expressed genes were identi�ed, among which 1487 genes were up-regulated and 3135 were down-regulated. Heat map of top the 100
differentially expressed genes was constructed for hierarchical clustering, with |logFC| ranked from large to small (Fig. 1).

The 4622 DEGs between OC and normal ovarian tissues were intersected with 1466 metabolism-related genes identi�ed in KEGG pathways. We obtained
302 differentially expressed genes that were involved in metabolic pathways (Fig. 2).

Functional Enrichment Analysis of Metabolism-Related DEGs
To understand the functions of metabolism-related DEGs, GO and KEGG enrichment analyses were performed for the annotation of genes. Our results
revealed that the differentially expressed metabolism-related genes were signi�cantly enriched in the biological processes associated with small molecule
catabolic process, carboxylic acid biosynthetic process, organic acid biosynthetic process, glycoprotein metabolic process, glycoprotein biosynthetic
process and sulfur compound metabolic process. As for cellular components, the metabolism-related DEGs were enriched in components of
mitochondrial inner membrane, respiratory chain, respiratory chain complex, mitochondrial respiratory chain, and mitochondrial membrane part.
According to molecular functions, these genes were typically enriched in transferase activity, oxidoreductase activity, monooxygenase activity, iron ion
binding and UDP-glycosyltransferase activity. Analysis of KEGG pathway also showed that the metabolic DEGs were enriched in oxidative
phosphorylation, metabolism of xenobiotics by cytochrome P450, drug metabolism, purine metabolism and chemical carcinogenesis (Fig. 3).

The Prognostic Signature of Metabolism-Related Genes
378 OC samples from TCGA were used as the training set to construct the prognostic signature. We performed univariate COX regression and identi�ed
27 metabolism-related DEGs that were signi�cantly associated with OS among 302 genes. As shown in Fig. 4, according to the results of Cox regression
analysis, patients were divided into two groups based on the median levels of gene expression and signi�cant difference of OS was observed between
the two groups, indicating good prognostic effects of the selected genes.

The 27 metabolism-related DEGs were included in LASSO regression for further dimensionality reduction, and 21 prognostic genes were selected (Fig. 5).
Based on the LASSO regression, a prognostic signature composing of 21 genes was constructed from the LASSO results (Fig. 6) (Table 2). The risk score
was calculated by the formula:

\varvecR\varveci\varvecs\varveck\varvecS\varvecc\varveco\varvecr\varvece = ∑ \varvecn
\varveci=1 expr(gene)\varveci + coef(gene)\varveci( )
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Table 2
LASSO regression results

No. Signature Coef

1 ACSM1 -0.003185055

2 AGPAT4 7.82E-05

3 ALDH1L1 0.000202394

4 CSGALNACT1 0.000313545

5 CYP2S1 3.41E-05

6 DCT 0.002533373

7 DGKD 2.89E-05

8 DHRS9 0.000304884

9 GALNT10 0.000108406

10 GFPT2 0.000137715

11 LYPLA1 -2.24E-05

12 MIF -4.40E-06

13 PDE10A 5.29E-05

14 PDE7B 0.000165216

15 PLA2G2D -0.000684144

16 PRPS2 -2.08E-05

17 TPMT -2.57E-05

18 UGT2B15 0.002619482

19 UQCRFS1 8.86E-06

20 UST 0.000160528

21 WARS -2.43E-05

In the training set, the risk score of each OC patient from TCGA was calculated according to the signature using coe�cients generated by LASSO
regression. And all the 378 OC patients were divided into low- and high-risk groups based on the median score of the training set. The result of the log-
rank test showed that the overall survival of the low-risk group was signi�cantly longer than that of the high-risk group (p < 0.001). The model was further
validated in GSE63885, an external cohort from the GEO database. The OS was signi�cantly longer for patients with lower risk scores (Fig. 7).

Veri�cation of the Model as an Independent Predictor
In addition to risk scores obtained from the metabolism-related gene signature, clinicopathological data, such as age, clinical stage, histologic grade,
cancer status, tumor residual and primary diagnosis, were included in regression analyses. By applying univariate and multivariate Cox regression, the
signature consisting of 21 genes was identi�ed as an independent prognostic predictor for OS (Table 3).
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Table 3
Multivariate Cox regression analysis of the prognostic signature

Variable Univariate analysis   Multivariate analysis

HR 95%CI P-Value   HR 95%CI P-Value

RiskScore 4.65 3.44–6.27 < 0.001   2.81 1.96–4.03 < 0.001

Age 1.02 1.01–1.03 0.001   1.01 1-1.03 0.128

Clinical stage 1.31 0.99–1.74 0.062   - - -

Histologic grade 1.24 0.84–1.84 0.279   - - -

Cancer status 8.39 4.55–15.46 < 0.001   7.55 3.67–15.57 < 0.001

Tumor residual 1.31 1.15–1.5 < 0.001   1.06 0.9–1.24 0.501

Race 1.24 1.03–1.49 0.025   1.09 0.89–1.35 0.397

Primary diagnosis 3.71 0.92–15.03 0.066   - - -

Gene Alteration and Tumor Microenvironment Patterns Associated with Prognostic
Signature
Genetic alteration and drug sensitivity analysis of the prognostic genes in the gene signature were investigated using cBioportal and GSCALite. As
expected, ampli�cation was the most common form of alteration in these metabolic genes (Fig. 8). As for the drug sensitivity analysis, low expression of
DCT and DGKD was associated with drug resistance, while high expression of TPMT was associated with drug resistance (Fig. 9).

The samples in the training set were divided into high- and low-risk groups according to the median risk score calculated by the signature, and the
mutation spectrums of two groups were shown in Fig. 10. Missense mutation was the most common form of gene alteration in both groups.

CIBERSORT algorithm was used to assess the immune cell in�ltration in the high- and low-risk groups. We found that among 22 types of immune cell, T
cells CD4 memory resting, T cells CD4 memory activated, T cells regulatory Tregs, monocytes, and macrophages M1 showed different in�ltrating patterns
between two groups. Speci�cally, in�ltration of T cells CD4 memory resting and monocytes was more common in the high-risk group than in the low-risk
group (p = 0.00865, p = 0.00493), while the in�ltration of T cells CD4 memory activated, T cells regulatory Tregs and macrophages M1 were more
common in the low-risk group (p = 0.00839, p = 0.03828, p < 0.0001), as shown in Fig. 11.

According to the results of the Estimate, both immune score and matrix score were signi�cantly different between the high- and low-risk groups. The
immune score of the high-risk group was lower than that of the low-risk group. The matrix score, however, was higher in the high-risk group (Fig. 12).

Discussion
With the rapid development of biotechnology, metabolic reprogramming is no longer limited to alterations in glycolysis and the tricarboxylic acid cycle but
is further extended to fatty acid metabolism, glutamine metabolism, and serine metabolism. Some studies have shown that metabolic reprogramming
not only affects the biosynthesis and energy metabolism of tumor cells but also exerts regulatory effects on the immune response process through
various metabolic enzymes and metabolic molecules, ultimately in�uencing tumor development and progression[23, 24]. Sugar and glutamine are the
main sources of energy for the rapid proliferation of ovarian cancer cells. Hyperglycemia, as a presenting feature of overweight and obesity, is associated
with tumorigenesis and poor prognosis, and may increase the risk of OC[25]. In terms of glutamine metabolism, highly invasive ovarian cancer cells were
signi�cantly dependent on glutamine, and high expression of glutamine synthetase is associated with poor prognosis in OC patients[26, 27]. Thus, tumor
metabolism is not only associated with the development of OC, but also affects patient prognosis. However, an effective prognostic signature for OC
based on metabolism-related genes is still lacking.

In this study, a prognostic signature consisting of 21 metabolic genes was developed based on the training set from TCGA and GTEx, and validated in an
independent external dataset from GEO. The results showed a poor prognosis for OC patients with higher risk scores. Moreover, the results of univariate
and multivariate Cox regression indicated that this prognostic signature could be used as an independent prognostic factor for OS. As expected, the
differentially expressed metabolic genes were mainly enriched in functions associated with metabolism, including oxidative phosphorylation, cytochrome
P450 enzyme exogenous substance metabolism, cytochrome P450 enzyme drug metabolism, and purine metabolism, re�ecting potential molecular
mechanisms of dysregulated genes in the metabolic microenvironment of OC. In addition, there was a signi�cant difference in terms of immune cell
in�ltration, immune score, and stromal score between the high- and low-risk groups.

Most of the 21 metabolic genes in the signature have been reported to be associated with malignancy. Previous studies have reported that up-regulated
expression of Agpat4 in colorectal cancer (CRC) tissues is strongly associated with poor prognosis[28]. ALDH1L1, a candidate tumor suppressor, is often
silenced in tumor tissues and is positively correlated with tumorigenesis and invasiveness[29]. The glycosylation enzymes CSGALNACT1, GALNT10 and
GFPT2 were overexpressed in prostate cancer, high grade ovarian serous cancer (HGSC) and lung adenocarcinoma, respectively. They were also found to
play a key role in various biological processes in tumorigenesis, including immune surveillance and cell metabolism[30–32]. CYP2S1 has been reported
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to be largely associated with cell proliferation and lipid metabolism, and the downregulation of CYP2S1 was reported to promote proliferation of CRC
cells[33]. Inhibition of DGKD expression reduces the proliferation of castration-resistant and androgen-dependent prostate cancer cells[34]. DHRS9
expression is reduced in oral squamous cell carcinoma tissues, and low expression of DHRS9 is strongly associated with tumor progression and poor
prognosis. Signi�cant upregulation of LYPLA1 was observed in non-small cell lung cancer (NSCLC) cells in vitro, which is found to be pro-tumorigenic[35].
PDE7B can degrade intracellular cAMP, which inhibits cell cycle arrest and apoptosis of cancer cells. At present, elevated expression of PDE7B has been
detected in various malignant tumors, and it negatively impacts survival[36]. PRPS2 promotes nucleotide biosynthesis, which drives cancer initiation and
progression[37]. Another study con�rmed that PRPS2 is signi�cantly up-regulated in prostate adenocarcinoma and is strongly associated with
progression[38]. As for UGT2B15 and UQCRFS1, they were involved in glucuronidation and electron transfer in the mitochondrial respiratory chain,
respectively. Both were found overexpressed in gastric cancer, with overexpression of UGT2B15 negatively correlated with the prognosis[39, 40]. MIF,
PDE10A, PLA2G2D, and WARS are primarily involved in immunomodulation and in�ammatory response[41–44].

To further uncover the biological implications of the prognostic genes in the signature, we explored gene mutation and tumor microenvironment of the
two groups. Genetic alterations were found in all these prognostic metabolic genes in OC, with ampli�cation being the most common type. Missense
mutation is the most common in both the high- and low-risk groups. It has been previously reported that an increase, decrease in genomic copy number,
or other mutations could result in alterations in gene expression [45]. These alterations may be the potential mechanism for dysregulated expression of
21 metabolic genes in the prognostic signature. As for the drug sensitivity analysis, the results indicated that DCT, DGKD and TPMT could be potential
biomarkers for drug screening.

The results of immune cell in�ltration indicated that there are a variety of immune cells that are signi�cantly different between the high- and low-risk
groups, and the immune score of the high-risk group is lower than the low-risk group. It has been con�rmed that the higher metabolic activity greatly
impacts the nutrient composition of the tumor microenvironment, which may have a critical impact on the local immune response[46]. There is growing
evidence that the metabolism and function of T cells are restricted by dysregulated glycolysis in tumor tissues, thereby impairing the immune
response[47, 48]. For example, the expression of tumor-associated glycolysis-related genes was negatively correlated with T-cell in�ltration in melanoma
and NSCLC patients compared to controls [49]. Recent studies have reported that, compared with healthy controls, Teff cells from cancer patients show
reduced activity and dysfunction of mitochondria, thus failing to achieve substantial cell division and anti-tumor immune effects[50]. This is consistent
with our �ndings that Tregs in�ltration was less common in the high-risk group than the low-risk group. Meanwhile, pieces of evidence suggest that tumor
growth is promoted by itaconic acid-mediated immunomodulation[51]. Metabolomics revealed that immune-responsive gene 1 (IRG1) modulated
immune response by catalyzing the production of itaconic acid, directly linking metabolism to immunity [52]. Weiss et al veri�ed that itaconic acid
promotes fatty acid oxidation-mediated oxidative phosphorylation and glycolysis, by up-regulating macrophages in ovarian cancer tissues. In addition,
the expression of IRG1 was signi�cantly elevated in monocytes from OC patients. Consistently, our study observed different in�ltration patterns of
monocytes and macrophages between two groups, implying potential roles of these cells in tumorigenesis. Overall, these studies reveal that the
metabolic reprogramming in cancer patients has a pivotal impact on the local and systemic immune response, which is closely related to tumor
progression and patient prognosis.

Admittedly, there are still some limitations to the study. First, since additional clinical information, such as metabolic disorders and therapies, cannot be
obtained from the databases, we were unable to assess the association between our model and these aspects. Second, the patients from different
databases had diverse ethnic and cultural backgrounds. Thus, we should be cautious when applying the model in a certain population and more
independent cohort studies are needed to validate the signature. Also, more basic research is needed to clarify the speci�c roles of metabolic genes in the
pathogenesis and progression of OC.

Conclusions
In conclusion, we constructed a prognostic metabolic signature for OC based on the TCGA database and GTEx database, and veri�ed the prognostic
value of our signature with the GEO database. The metabolic genes involved in the model are associated with dysregulation of both metabolic and
immune microenvironment. Our results provide an effective model for prognosis prediction and risk strati�cation, which could potentially be used in
clinical practice. But still, there is a need to validate our signature in more independent cohort studies.
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Figures

Figure 1

Distribution of DEGs. (A) Volcano map of DEGs. Red represents up-regulated genes, green represents down-regulated genes, and gray represents genes
without signi�cant differential expression. (B) Cluster heatmap of the top 100 DEGs. DEGs, differentially expressed genes.

Figure 2

Venn diagram of metabolism-related DEGs. Orange indicates DEGs between normal and tumor tissues, blue indicates metabolic genes identi�ed in KEGG
pathways, and the overlapping section indicates metabolism-related DEGs. DEGs, differentially expressed genes.
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Figure 3

Functional enrichment analysis of 302 metabolism-related DEGs. (A) Results of GO-BP enrichment analysis. (B) Results of GO-CC enrichment analysis.
(C) Results of GO- MF enrichment analysis. (D) Results of KEGG enrichment analysis. DEGs, differentially expressed genes. GO, Gene Ontology. BP,
Biological Processes. MF, Molecular Functions. CC, Cellular Components. KEGG, Kyoto Encyclopedia of Genes and Genomes.
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Figure 4

Kaplan-Meier survival analysis. A-I. Green represents low-risk group and red represents high-risk group. Single-factor Cox regression of the �rst 9 gene,
samples were divided into high- and low-risk groups according to gene expression values, and the differences between the two groups were tested by log-
rank.
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Figure 5

Construction of the prognostic model for OC. (A) LASSO coe�cients of metabolism-related genes. Each curve represents a metabolic gene. (B) 1000-fold
cross-validation for variable selection in the LASSO regression via min criteria.
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Figure 6

Two-sided standardized graph of LASSO regression results.
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Figure 7

Construction and validation of the prognostic signature of the metabolism-associated gene. (A) Training set Kaplan-Meier survival analysis. (B)
Validation set Kaplan-Meier survival analysis. High- and low-risk groups based on risk scores, green indicates low-risk group and red indicates high-risk
group.

Figure 8

Genetic alteration of the prognostic genes in the gene signature (cBioportal).
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Figure 9

Drug sensitivity analysis of the prognostic genes in the gene signature (GSCALite). The expression of the prognostic genes in the gene signature was
performed by Spearman correlation analysis with drug sensitivity. The positive correlation implies that high expression of the prognostic genes in the
gene signature is resistant to the drug, and vice versa.
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Figure 10

High- and low-risk groups mutation spectrums. (A) Gene mutation spectrum of the high-risk group. (B) Mutation spectrum of the low-risk group.
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Figure 11

Differences in immune cell in�ltration between high- and low-risk groups. (A) Proportion of 22 immune cells in�ltrated in high- and low-risk samples. (B)
Five immune cell types that showed signi�cant differences between high- and low-risk groups and their expression between high- and low-risk groups.
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Figure 12

Immune score and matrix score in the high- and low-risk groups. Red represents the high-risk group and green represents the low-risk group.


