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Abstract
Background: Kidney renal clear cell carcinoma (KIRC) is one of the most common malignant tumors
worldwide. Deregulated tumor cell metabolism is emerging as a common feature of tumorigenesis. The
expression pattern and clinical signi�cance of metabolism-related genes (MRGs) in KIRC remains unclear.

Methods: We downloaded the RNA sequencing data and corresponding clinical information for KIRC from
the Cancer Genome Atlas (TCGA) database and identi�ed the differently expressed MRGs between
tumors and normal tissues. According to the Cox regression analysis and least absolute shrinkage and
selection operator (LASSO), we identi�ed target genes for prognostic signature construction. We also
analyzed the correlations of the signature risk score with clinicopathological features. The robustness of
the signature was further examined by strati�ed survival analysis. A predictive nomogram was built for
the optimal strategy to predict the survival possibility of KIRC patients.  The expression levels of target
genes were validated in multiple datasets. Gene set enrichment analyses (GSEA) were performed to
unveil several signi�cantly enriched pathways.

Results: A total of 123 differentially expressed MRGs were identi�ed, including 60 up-regulated genes and
63 down-regulated genes. Next, RRM2 and ALDH6A1 were identi�ed as prognosis-related genes and used
to construct a prognostic signature. The signature was proved to be an independent prognostic factor for
KIRC survival by multivariable Cox regression analysis. Subgroup analysis indicated that this signature
could serve as a classi�er for the evaluation of low- and high-risk groups. Up regulation of RRM2 and
down regulation of ALDH6A1 were associated with unfavorable prognosis in patients suffering from
KIRC. Nomogram including the signature suggested some clinical net bene�t for overall survival
prediction. In addition, the calibration curves indicated the nomogram performed well in predicting 3‐ and
5-year OS compared with the ideal model. The expression level of RRM2 was signi�cantly up-expressed,
while ALDH6A1 were signi�cantly down-expressed in KIRC samples compared with the normal samples
in multiple datasets. Furthermore, RRM2 and ALDH6A1were signi�cantly enriched in different pathways.

Conclusion: Our study identi�ed a two‐gene metabolic signature that had important clinical implications
in KIRC prognosis prediction, which might provide potential biomarkers and targets of metabolic
therapeutic relevance.

Background
Renal cell carcinoma (RCC) accounts for 2% to 3% of all adult malignancies, among which, kidney renal
clear cell carcinoma (KIRC) is the most common histological subtype and comprises 80% to 90% of the
total cases of RCC [1, 2]. The incidence of RCC has risen steadily within the last decades, moreover, RCC
exhibits the highest mortality rate among all urologic malignancies and causes 100,000 deaths
worldwide annually [3]. Given the clinical manifestations are diverse and lack speci�city, up to 30% of
patients with KIRC are typically not diagnosed until the advanced stage [4]. Patients have few treatment
options other than surgery due to RCC is frequently resistant to chemotherapy and radiotherapy [5].
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Despite the quality of medical care is gradual improving, the prognosis of metastatic RCC patients is poor
with a 5-year overall survival (OS) rate of less than 10%. Nonetheless, it should be noted that the 5-year
OS rate of patients with early-stage KIRC may be as high as 90% following surgery [6]. Therefore,
identifying an early diagnostic biomarker to improve early diagnosis and prolong the survival time of
patients with KIRC is crucial.

The metabolic reprogramming of tumor cells has been a focus in recent studies on cancers. Metabolic
alteration is considered to be an adaptation mechanism to support increasing energy demands of rapidly
growing and proliferating cancer cells [7]. Some metabolic changes, such as the alterations of glycolysis,
appeared to be necessary for the malignant transformation [8]. In addition, recent studies have revealed
that signi�cant glutamine and lipid metabolism dysfunctions were associated closely with tumor
progression and carcinogenesis [9, 10]. Deregulated tumor cell metabolism is emerging as a novel
hallmark of cancer based on these basic �ndings. Targeting dysregulated metabolism has shown
signi�cant bene�t against solid tumors in both preclinical and clinical studies [11, 12]. In recent years,
accumulating investigators have applied integrated transcriptomics and metabolomics to explore
underlying molecular mechanisms and potential metabolic biomarkers for cancer. For example, Ma et al.
uncovered the hepatocellular carcinoma metabolism characteristics and four signi�cantly differential
genes that can be established as promising biomarkers via the integration of metabolomics and
transcriptomics [13]. More importantly, comprehensive molecular characterization of KIRC highlighted the
critical role of metabolic alteration in kidney cancer progression [14]. Thus, identifying the effective
metabolism-related biomarkers may not only be of great signi�cance to improve the early diagnosis,
treatment and prognosis, but also shed new light on the candidate therapeutic target in KIRC.

In the current study, we explored the prognostic signi�cance of metabolism-related genes (MRGs) in KIRC
patients through the integration of metabolites and transcriptomics data obtained from The Cancer
Genome Atlas (TCGA) database. We discovered that several MRGs play important roles in the
progression of KIRC, and then constructed a prognostic signature composed of 2 MRGs, which was
probed to be able to independently and accurately predict the prognostic of patients. Moreover, a novel
promising prognostic nomogram was established as a quantitative prediction tool to provide patients
with best-individualized treatment strategies by integrating the prognostic signature and clinical
variables. In summary, our results suggested that this metabolism-related prognostic signature may have
important clinical implications and provide new biomarker and therapeutic target for early diagnosis and
treatment of KIRC patients.

Methods
Study cohort

RNA sequencing transcriptome data and clinical information were downloaded for 539 KIPC and 72
normal tissues from TCGA (The Cancer Genome Atlas, https://cancergenome.nih.gov/). The extracted
data were subjected to be normalized and processed by log2 transformation. We deleted the data on all

https://cancergenome.nih.gov/
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KIRC samples with incomplete data and survival times of less than 30 days. The metabolism-related
gene (MRG) sets were obtained from the Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways
which were provided by The Molecular Signatures Database (MSigDB, https://www.gsea-
msigdb.org/gsea/msigdb/) [15]. There was a total of 944 genes ready for further analysis after removing
duplicates. Informed consent and ethical approval were not needed due to the TCGA database was an
open public database.

Identi�cation of differentially expressed MRGs and enrichment analysis

The differentially expressed MRGs between cancer samples and normal control samples was identi�ed
by LIMMA package in R language [16] with the following thresholds: |log2 fold change (FC)| > 2.0 and a
false discovery rate (FDR) corrected p-value < 0.05 (calculated by Benjamini & Hochberg procedure). A
series of gene functional enrichment analyses were performed to explore potential molecular
mechanisms of the differentially expressed MRGs using gene ontology (GO) and KEGG. The ggplot2 and
enrichplot R packages were used to supply the visual enrichment maps of annotation analysis results to
help interpretation. A value of P < 0.05 was regarded as statistically signi�cant.

Construction and evaluation of prognostic signature

The relationship between the expression levels of the differentially expressed MRGs and OS were �rst
examined via univariate Cox regression analysis. Those genes with signi�cant prognostic value (P < 0.05)
were included for subsequent research. To obtain the most optimal MRGs and to control the complexity
of the model, we carried out the least absolute shrinkage and selection operator (LASSO) Cox regression
analysis with the glmnet package. Lasso Cox regression is a robust model building method that reduces
the dimension and eliminates the over-�tting phenomenon[17]. After that, several target genes were
obtained for the prognostic signature development. The calculation of the risk score for each patient
based on the signature using the following formula: Risk Score= , where represents the number of
modules genes,  denotes the estimated regression coe�cient by LASSO analysis and  indicates the
relative expression level of each MRG.

The median risk score was taken as the cut-off point to separate all KIRC patients into high-risk group
and low-risk group. The Kaplan–Meier method and the log-rank test were used to compare the difference
of OS between high- and low-risk groups. The time-dependent receiver operating characteristic (ROC)
curve analysis was conducted to assess the predictive accuracy of the prognostic signature and the value
of area under the ROC curve (AUC) ranged from 0.5 (no predictability) to 1 (perfect predictability).

Furthermore, whether the metabolism-related signature could be an independent predictor of OS for the
TCGA KIRC cohort was determined by univariate and multivariate Cox regression analyses. The age,
gender, grade, American Joint Committee on Cancer (AJCC) stages, T stage, M stage were used as
covariates. N stage was not analyzed for a large amount of missing data.

https://www.gsea-msigdb.org/gsea/msigdb/
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In addition, to detect the prognostic value of risk score in different subgroups, strati�ed survival analysis
was carried out according to clinical characteristics related to the prognosis including age (≤ 65 and >
65), gender (female and male), grade (G1-2 and G3-4), AJCC stage ( /  and / ), T stage (T1-2 and T3-4)
and M (M0 and M1) stage. The relationship between the expression level of each target gene and clinical
parameters was also compared to further understand the impact of the individual target gene in our
prognostic signature on KIRC patients.

Development of predictive nomogram

A nomogram was developed as a quantitative prediction tool to evaluate the probability of 1-, 3-, and 5-
year OS for TCGA KIRC patients, incorporating several clinical variables (age, gender, grade, AJCC stage, T
stage and M stage) and risk score calculated from the prognostic signature. Subsequently, the
concordance index (C-index) and the calibration plots were computed to evaluate the discrimination and
predictive ability of the nomogram. The C-index values ranged from 0.5 to 1.0, with a C-index value of 1.0
being perfect concordance and 0.5 being the opposite. A reference line with a slope of one in the
calibration plots represents perfect calibration. Decision curve analysis (DCA) was performed to evaluate
the clinical utility of the signature-based nomogram model by quantifying the net bene�ts under different
threshold values.

External veri�cation of the prognostic genes in the prognostic signature

To further evaluate the reliability of the results mentioned above, we investigated The expression levels of
the RRM2 and ALDH6A1 between tumor and normal tissues using Oncomine
(https://www.oncomine.org/resource/main.html) database and The Tumor Immune Estimation Resource
(TIMER, https://cistrome.shinyapps.io/timer/) database. Moreover, Gene Expression Pro�ling Interactive
Analysis (GEPIA, http://gepia.cancer-pku.cn/) online tool was explored to verify the prognostic value of
those target genes through the survival analysis. The expression of the prognostic genes in the gene
signature was further validated at the protein level using The Human Protein Atlas (HPA,
https://www.proteinatlas.org/) database. Then, the expression levels of these target genes between
tumor tissues and normal tissues were veri�ed in Gene Expression Omnibus (GEO) database
(https://www.ncbi.nlm.nih.gov/geo/).

Gene set enrichment analysis (GSEA)

GSEA was performed using GSEA software (http://www.broadinstitute.org/gsea). This permutation test
was conducted 1000 times for each task to identify the signi�cantly changed pathways. The minimum
and maximum criteria for selection of gene sets from the collection were 15 and 500 genes, respectively.
The signi�cant related genes were de�ned with A nominal P value < 0.05 and FDR value < 0.25.

Statistical analyses

All statistical analyses were performed with R 3.6.2 (https://www.r-proje ct.org/). All analyses were two-
sided and statistical signi�cance was de�ned as P < 0.05.

https://www.oncomine.org/resource/main.html
https://cistrome.shinyapps.io/timer/
http://gepia.cancer-pku.cn/
https://www.proteinatlas.org/
http://www.broadinstitute.org/gsea
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Results
Differentially expressed MRGs and functional enrichment analysis

We �rst compared the expression values of 944 MRGs between KIRP samples and normal control
samples using the Wilcoxon signed-rank test in R. A total of 123 differentially expressed MRGs, including
60 up-regulated genes and 63 down-regulated genes, were eventually identi�ed based on the criteria of
|log2FC| > 2 and FDR < 0.05. Then, the volcano plot and heatmap were utilized to visualize the expression
patterns of these differentially expressed MRGs in tumor samples and normal samples (Figure 1A and
1B).

Functional enrichment analysis was performed to explore potential molecular mechanisms of the
differentially expressed MRGs. The most enriched GO terms in the biological processes (BP) category
were small molecule catabolic process, cellular amino acid metabolic process and organic acid catabolic
process. Signi�cantly enriched GO terms related to cellular components (CC) category included
microbody part, peroxisomal part and peroxisomal matrix. In the molecular function (MF) category, the
differentially expressed MRGs were highly enriched in the terms of oxidoreductase activity, coenzyme
binding and iron ion binding (Figure 1C). In addition, KEGG pathway analysis revealed that these genes
were notably associated with pathways in retinol metabolism, metabolism of xenobiotics by cytochrome
P450 and drug metabolism − cytochrome P450 (Figure 1D).

Identi�cation of metabolism-related prognostic signature

To explored the prognostic value of MRGs in renal cancer progression, we performed univariate Cox
regression analysis to examine the relationships between the expression levels of those 123 genes and
OS. Results demonstrated that 15 genes were signi�cantly associated with OS (P < 0.01) (Figure 2A).
Among the 15 MRGs, P4HA3, IL4I1, RRM2, ITPKA, PSAT1, TYMP, HK3, PLCB2 and AANAT were considered
as risk gene with HR > 1, while AGMAT, GATM, HAO2, FBP1, ADH6 and ALDH6A1 were considered as
protective genes with HR < 1. We then used LASSO Cox regression on the above-mentioned 15 MRGs to
identify the most optimal risk score model for predicting survival in KIRC patients (Figure 2B and 2C).
Eventually, RRM2 and ALDH6A1 were retained as target genes, and the coe�cient of each target gene
was calculated to construct the metabolism-related prognostic signature.

Subsequently, we constructed the OS prognostic signature based on the expression of the 2 target genes
and its prognostic coe�cients using the following formula: Risk score= (0.0361 × expression level of
RRM2) + (–0.0184 × expression level of ALDH6A1). According to the median risk score, a total of 253 and
254 KIRC patients were sorted into the high-risk group and low-risk group, respectively. The Kaplan-Meier
curve displayed that a signi�cant difference in OS between the high- and the low-risk groups, and patients
with high-risk scores exhibited lower survival than patients with low-risk scores (5-year survival rate,
49.3% vs. 72.6%, P <0.001) (Figure 2D). We applied the ROC curve to evaluate the predictive accuracy of
the signature, and the area under the curve of the ROC curve was 0.705, suggesting a moderate
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prognostic value (Figure 2E). In addition, the distribution of risk scores and the survival status of patients
were ranked according to the risk scores (Figure 2F and 2G).

Determination of the prognostic signature as an independent prognostic factor

Furthermore, we performed the univariate and multivariate Cox regression analyses to further determine
whether the prognostic signature could serve as an independent prognostic factor. Univariate analysis
revealed that the age, grade, AJCC stage, T stage, M stage and risk score were signi�cantly associated
with OS (Figure 2H). Subsequent results showed that age (P < 0.001), grade (P = 0.024), AJCC stage (P =
0.043) and risk score (P < 0.001) were still signi�cantly related with OS in multivariate analyses (Figure
2I). Therefore, the metabolism-related prognostic signature was an independent prognostic factor for
KIRC patients.

Clinical utility of prognostic signature

We further explored the relationships between metabolism-related prognostic signature and various
clinical parameters. The expression levels of the 2 identi�ed target MRGs in high- and low-risk groups
were demonstrated in the heatmap (Figure 3A). The results showed that RRM2 and ALDH6A1were
represented high and low expression levels in the high-risk group, respectively. Additionally, we observed
that there were signi�cant differences between low- and high-risk groups in grade (P = 4.841e−08), AJCC
stage (P = 1.648e−08), T stage (P = 3.826e−07), M stage (P = 5.918e−05) (Figure 3B-3E).

To better evaluate the survival outcomes and detect the broad applicability of the prognostic signature,
we next performed survival analyses strati�ed by age, gender, tumor grade, AJCC stage, T stage and M
stage. As shown in Figure 4, high-risk group had signi�cantly shorter OS than those in the low-risk group
for the cases with age ≤ 60 (P = 1.236e−02), age > 60 (P = 2.404e−05), female patients (P = 1.139e−04),
male patients (P =3.673e−04), G1-2 (P = 3.163e−02), G3-4 (P = 2.236e−02), AJCC stage &  (P
=1.166e−02), T1-2 (P = 2.623e−04) and M0 (P = 5.778e−03). However, no signi�cant differences were
observed for OS between high- and low-risk groups for the KIRC patients with AJCC stage &  (P =
7.808e−02), T3-4 (P = 1.673e−01) and M1 (P = 7.726e−02).

We then analyzed the relationship between the expression level of each target gene of the prognostic
signature and clinicopathological features to assess the function of those 2 genes in disease
progression. The results indicated that enhanced RRM2 expression was signi�cantly associated with
advanced tumor stage and high-grade tumor, suggesting that RRM2 was a poor prognostic factor. The
highest expression in RRM2 was found in the most progressive clinicopathological stage, that is, G4 and
stage IV, T4 and M1 (Figure 5A). On the contrary, ALDH6A1 expression is gradually decreasing in the
progression of KIRC (Figure 5B), which suggested that ALDH6A1 was a protective factor for KIRC.

Construction and validation of the predictive nomogram

A predictive nomogram was constructed by incorporating prognostic signature and several clinical
parameters to generate individual numerical probabilities of OS (Figure 6A). The C-index of the developed
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nomogram was 0.774. The DCA showed demonstrates that using this nomogram to predict OS had
higher net bene�t if the threshold probability was larger than 3% (Figure 6B). Additionally, there is an
obviously higher net bene�t occurred in the nomogram than the tumor grade and AJCC stage. The
calibration curves indicated the nomogram performed well in predicting 1-, 3‐ and 5-year OS compared
with the ideal model (Figure 6C-E). Taking together, these results showed that the reliability and
predictability of the nomogram.

External validation the expression level and prognosis value of RRM2 and ALDH6A1

The expression level of RRM2 was signi�cantly up-expressed, while ALDH6A1 was signi�cantly down-
expressed in KIRC samples compared with the normal samples in the Oncomine database (Figure 7A),
TIMER database (Figure 7B) and GEPIA database (Figure 7C), which were consistent with our results.
Besides, the aberrant expression of these 2 genes was found to be frequently observed in various types of
cancer patients. Interestingly, RRM2 and ALDH6A1 consistently maintained over-expression and under-
expression in various cancer, respectively. In addition, the prognostic values of the two genes were further
con�rmed by the Kaplan Meier plotter in the GEPIA database. The results indicated that RRM2 low-
expression group and ALDH6A1 high-expression group had favorable prognosis (Figure 7D).

To determine the protein expression levels of the RRM2 and ALDH6A1, the present study referred to the
HPA database. According to the results, we discovered that ALDH6A1 expression in kidney cancer tissues
was signi�cantly lower than that in normal tissues (Figure 7E). However, no signi�cant difference was
found in RRM2 between kidney cancer tissues and normal tissues. Taking together, the aberrant
expression of the two genes was further validated in kidney cancer. Such evidence revealed the
robustness and reliability of our results to some extent.

In addition, the expression level of RRM2 and ALDH6A1 were further veri�ed with two independent
cohorts (GSE53757, Figure 7F and GSE66270, Figure 7G) in GEO database. Results showed that the
expression level of RRM2 was signi�cantly up-expressed, while ALDH6A1 was signi�cantly down-
expressed in KIRC samples compared with the normal samples in multiple datasets, which was
consistent with our previous result.

GSEA

The top 50 signi�cant genes of positive and negative correlation were obtained by GSEA. Subsequently,
we performed hallmark analysis for RRM2 and ALDH6A1. Results indicated that the most signi�cant
pathways of RRM2 included ANTIGEN PROCESSING AND PRESENTATION, ALLOGRAFT REJECTION,
SYSTEMIC LUPUS ERYTHEMATOSUS, LEISHMANIA INFECTION and AUTOIMMUNE THYROID DISEASE
(Figure 8A). In addition, the heatmap showed transcriptional expression pro�les of the top 50 features for
each phenotype in RRM2 (Figure 8B). Correspondingly, GSEA enrichment analysis showed that the
signi�cantly enriched pathways for ALDH6A1 included VALINE LEUCINE AND ISOLEUCINE
DEGRADATION, FATTY ACID METABOLISM, PROPANOATE METABOLISM, CITRATE CYCLE TCA CYCLE

http://www.gsea-msigdb.org/gsea/msigdb/cards/KEGG_ANTIGEN_PROCESSING_AND_PRESENTATION
http://www.gsea-msigdb.org/gsea/msigdb/cards/KEGG_ALLOGRAFT_REJECTION
http://www.gsea-msigdb.org/gsea/msigdb/cards/KEGG_SYSTEMIC_LUPUS_ERYTHEMATOSUS
http://www.gsea-msigdb.org/gsea/msigdb/cards/KEGG_LEISHMANIA_INFECTION
http://www.gsea-msigdb.org/gsea/msigdb/cards/KEGG_AUTOIMMUNE_THYROID_DISEASE
http://www.gsea-msigdb.org/gsea/msigdb/cards/KEGG_VALINE_LEUCINE_AND_ISOLEUCINE_DEGRADATION
http://www.gsea-msigdb.org/gsea/msigdb/cards/KEGG_FATTY_ACID_METABOLISM
http://www.gsea-msigdb.org/gsea/msigdb/cards/KEGG_PROPANOATE_METABOLISM
http://www.gsea-msigdb.org/gsea/msigdb/cards/KEGG_CITRATE_CYCLE_TCA_CYCLE


Page 9/22

and PYRUVATE METABOLISM (Figure 9A). In addition, the heatmap showed transcriptional expression
pro�les of the top 50 features for each phenotype in ALDH6A1 (Figure 9B).

Discussion
Dysregulation of cellular metabolism is now regarded as a hallmark of cancer [18, 19]. King et al. found
that alterations of metabolic genes that could provide a direct genetic link to altered metabolism [20].
Metabolism can trigger tumor development through different mechanisms, and conversely, mutations of
oncogenes or/and tumor suppressor genes drive cell proliferation and survival programs [21]. Emerging
evidence indicated KIRC is a disease that is affected by complex gene interactions with diverse
underlying mechanisms including dysregulated cellular metabolism [22]. Recently, several known kidney
cancer genes have been reported to be involved in metabolic stress response including VHL, MET, FLCN,
TSC1, TSC2, FH, and SDH [23]. Sunitinib is currently the most commonly used drug focusing on the VHL
pathway, but the partial response rate for the advanced KIRC is only 31% [24]. Therefore, identifying an
effective metabolic-related signature responsible for tumor progression not only assist us to understand
the potential molecular mechanism but provide KIRC patients with appropriate target treatments.

In our study, we investigate the relationships between the expression pro�ling of MRGs and the prognosis
of KIRC patients by integrating analysis of metabolomic and transcriptomic data, which is a valuable
paradigm for cancer biology to ensure the reliability of metabolic biomarkers. We �rst examined
differences in the metabolic status of KIRC tissues and normal tissues from TCGA and noticed that 123
out of 944 MRGs were differentially expressed in KIRC patients, including 60 up-regulated and 63 down-
regulated genes. Furthermore, GO and KEGG analyses of the differentially expressed MRGs were applied
to explore the molecular and biological pathways enriched. The results of GO functional annotation in
terms of biological processes suggested that those genes were highly enriched in metabolism. In the
KEGG pathway analysis, the most signi�cant pathway was highly correlated with retinol metabolism,
which was consistent with previous a major discovery that retinol and related metabolites could regulate
the growth and differentiation of a wide variety of cell types, including KIRC [25]. According to univariate
Cox regression and LASSO regression analyses, we then constructed a metabolism-related signature
consisting of 2 prognostic MRGs (RRM2 and ALDH6A1). The ROC curves and AUCs indicated that the
prognostic signature performed well. Subsequent clinical application analysis further demonstrated that
the signature could accurately discriminate the prognostic differences between high- and low-risk groups.

Our study further demonstrated that the prognosis was an independent prognostic factor for OS in KIRC
patients, suggesting that metabolism status might be a useful prognostic indicator. We also found that
the gene signature-based risk score for each patient was an important clinical variable in the constructed
nomogram model, which indicated the signature was of great signi�cance in predicting the prognostic
value of the KIRC patients. Our results were consistent with what is already a well-known fact that
patients with old ages, higher grade and advanced stage were closely related to the poor prognostic.
Additionally, we demonstrate that the signature-based nomogram model had higher net bene�ts than did
the tumor grade and AJCC stage by performing DCA. The results from calibration plots and the C-index

http://www.gsea-msigdb.org/gsea/msigdb/cards/KEGG_PYRUVATE_METABOLISM
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showed that the generated nomogram performed well in terms of discriminating varied clinical outcomes
of KIRC patients. Taken together, the two-gene signature could greatly improve the prognosis of patients
with KIRC.

Among the two genes in the signature, RRM2 has been reported to be closely related to tumorigenesis
and tumor progression [26]. For example, in vitro and vivo experiments showed that overexpression of
RRM2 promoted epithelial-mesenchymal transition, whereas knockdown of RRM2 inhibited its oncogenic
function in prostate cancer [27]. Sun et al. found that RRM2 was a positive regulator in the progression of
glioma cancer that promoted glioma cell proliferation and migration via ERK1/2 and AKT signaling [28].
Cancer cells generally require more dNTP supply for their malignant cell growth than their corresponding
normal cells. Prior research showed that RRM2 was essential for DNA synthesis and DNA repair, and was
highly overexpressed in multiple solid tumors, which led to the recognition of RRM2 as an effective target
of anticancer therapies [26, 29]. ALDH6A1, a mitochondrial methylmalonate semialdehyde
dehydrogenase, was demonstrated to be involved in the lipid metabolism [30] and valine catabolic
pathway [31]. It has been previously reported that ALDH6A1 expression was markedly downregulated in
KIRC tissues. Overexpression of ALDH6A1 signi�cantly decreased cell proliferation and migration as well
as impaired oncologic metabolism of KIRC [32]. Results from another study showed that hepatic
neoplastic transformation seemed to inhibit the expression of ALDH6A1 through extensive quantitative
proteomic pro�ling analysis and molecular characterization [33]. Considering the close a�liation of
ALDH6A1 suppression and abnormal cancer cell growth, ALDH6A1 may serve as a novel biomarker of
and potential therapeutic target. Two-dimensional gel electrophoresis and mass spectrometry uncovered
that ALDH6A1 was highly speci�c to metastatic tumor cells and was signi�cantly reduced in metastatic
prostate cancer [34]. In summary, the expression levels of RRM2 and ALDH6A1 in our results were in line
with the mentioned above studies.

Metabolomics is a crucial tool in the progression of tumor cells, which is a post-genomic discipline
studying the metabolome. However, a single metabolic gene may not accurately re�ect a pattern because
the metabolic state is always shifting. In the present study, we investigated the prognostic role of multiple
altered metabolic genes in the TCGA-KIRC cohort but not con�ned to a single metabolic gene. Despite the
potentially signi�cant clinical implications of our results, some of the limitations should also be
considered. First, this study was a retrospective data collection and analysis, and may cause the
possibility of some inevitable bias. Second, the expression levels of the two genes were only veri�ed in
the public database, proving the prognostic value of this signature in independent cohorts shall be
warranted to expand the application of our signature. Third, it is necessary to perform further
experimental veri�cation in vivo and vitro to illustrate the mechanisms underlying the regulation of the
predictive metabolic genes.

Conclusion
In summary, through a comprehensive analysis of metabolomic and transcriptomic data from the TCGA-
KIRC cohort, we extracted two metabolic-related genes and constructed a novel metabolic signature with
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the ability to accurately and independently predict the prognosis of KIRC patients. Furthermore, the gene
signature-based risk score for each patient was proved to be an important clinical variable in constructed
nomogram model, which could predict a 3- and 5-year survival probability for individual KIRC patients by
integrating prognostic signature and clinical parameters. Therefore, our �ndings indicated that the
metabolic-related signature might be of great clinical signi�cance, and has the potential to become a
valuable diagnostic and prognostic biomarker as well as a promising therapeutic target for KIRC.
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Figure 1

The differentially expressed metabolism-related genes (MRGs) and functional enrichment analysis. (A)
The heatmap of the 123 differently expressed metabolism-related genes between kidney cancer and
normal tissues. (B) The volcano plot of the 123 differently expressed metabolism-related genes. Red dots
indicate signi�cantly up-regulated genes, green dots indicate signi�cantly down-regulated genes and
black dots indicate no difference genes. (C) GO analysis shows the signi�cantly enriched biological
processes (BP), cellular components (CC) and molecular functions (MF) involved in differential genes. (D)
KEGG shows the signi�cantly enriched pathways involved in differential genes.
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Figure 2

Construction of the prognostic signature based on TCGA-KIRC cohort. (A) Univariate Cox regression
analysis demonstrates that 15 MRGs are signi�cantly associated with overall survival. (B and C)
Screening of the optimal MRGs used for the �nal construction of the predictive signature using Lasso
regression analysis. (D) Patients in the high-risk group have shorter overall survival. (E) ROC analysis
demonstrates the survival prediction accuracy. (F) The distributions of risk scores. (G) The survival status
for KIRC patients in high- and low-risk groups. Univariate (H) and (I) multivariate Cox regression analysis
verify the metabolism-related prognostic signature was an independent prognostic factor for KIRC
patients.
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Figure 3

The relationship between the risk score and different clinicopathological features. (A) The heatmap
shows the distribution of clinical parameters and the expression of two genes between the low- and high-
risk groups. *** P < 0.001. (B), (C), (D) and (E) represent grade, AJCC stage, T stage and M stage,
respectively.
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Figure 4

The survival difference between high- and low-risk group strati�ed by clinical parameters. The difference
in OS between high- and low-risk group strati�ed by age (A and B), gender (C and D), grade (E and F),
AJCC stage (G and H), T stage (I and J) and N stage (K and L).
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Figure 5

The correlation between the expression level of a single gene in the signature and various clinical
parameters. (A) RRM2. (B) ALDH6A1.

Figure 6

Construction and validation of the predictive nomogram. (A) Nomogram for predicting 1-, 3-, and 5-year
OS of KIRC patients in the TCGA cohort. (B) The DCA showed demonstrates that using this nomogram to
predict OS had higher net bene�t if the threshold probability was larger than 3%. (C-E) The calibration
curves indicate the nomogram performed well in predicting 1-, 3‐ and 5-year OS compared with the ideal
model.
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Figure 7

Expression level and prognosis value of the identi�ed two predictive genes. (A) The expression pro�les of
the RRM2 and ALDH6A1 in the Oncomine database. (B) The expression levels of the RRM2 and
ALDH6A1in various cancers based on the TIMER database. (C) The expression pro�les of the RRM2 and
ALDH6A1 in the GEPIA database. (D) Univariate survival analysis of the RRM2 and ALDH6A1 is
performed using the Kaplan-Meier curve. (E) The protein expression levels of the RRM2 and ALDH6A1 in
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KIRC and normal kidney tissues. Data are from the Human Protein Atlas database. (F) Veri�cation of
RM2 and ALDH6A1 expression in KIRC and normal tissues with the GSE53757 in GEO database. (G)
Veri�cation of RM2 and ALDH6A1 expression in KIRC and normal tissues with the GSE66270 in GEO
database.

Figure 8

The signi�cant RRM2-related genes and hallmarks pathways in KIRC patients obtained via GSEA. (A) The
most signi�cant pathways of RRM2 include ANTIGEN PROCESSING AND PRESENTATION, ALLOGRAFT
REJECTION, SYSTEMIC LUPUS ERYTHEMATOSUS, LEISHMANIA INFECTION and AUTOIMMUNE
THYROID DISEASE. (B) The heatmap shows transcriptional expression pro�les of the top 50 features for
each phenotype.
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Figure 9

The signi�cant ALDH6A1-related genes and hallmarks pathways in KIRC patients obtained via GSEA. (A)
The most signi�cant pathways of RRM2 include VALINE LEUCINE AND ISOLEUCINE DEGRADATION,
FATTY ACID METABOLISM, PROPANOATE METABOLISM, CITRATE CYCLE TCA CYCLE and PYRUVATE
METABOLISM. (B) The heatmap shows transcriptional expression pro�les of the top 50 features for each
phenotype.


