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Abstracts: Objective: To investigate the expression of metabolism-related genes (MRGs) in kidney renal clear cell
carcinoma (KIRC) and their association with patient prognosis, and to identify potential targets for intervention.
Methods: Bioinformatics methods were employed to mine the KIRC transcriptome data in The Cancer Genome
Atlas Program (TCGA) database in order to identify MRGs that are aberrantly expressed in cancerous tissues.
Subsequently, a prognostic risk score model was constructed and its predictive capacity was evaluated. Finally,
the expression of prognostically relevant MRGs was validated using external datasets and KIRC clinical samples.
Results: A total of 789 differentially expressed MRGs associated with KIRC were screened, of which 465 genes
were upregulated and 324 genes were downregulated, and finally 23 genes were screened to establish a risk score
model. We found that the AUCs of the risk score model for predicting patients’ 1-, 3- and 5-year overall survival (0OS)
were 0.804, 0.766 and 0.802, respectively. These findings suggest that the model has good predictive ability. A
multifactorial Cox analysis revealed that 23 MRGs risk score was significantly associated with the overall survival
of KIRC patients, and could therefore be used as an independent risk factor for the prognosis of KIRC patients
(HR = 3.495, P < 0.001). Meanwhile, Kaplan-Meier analyses of the high-risk and low-risk groups indicated that
the high-risk group exhibited a markedly inferior overall survival (OS) prognosis. The validation of clinical samples
from KIRC patients and four external data sets (GSE36895, GSE40435, GSE53757 and GSE66272) demonstrated
that KCNN4 and PLK1 were highly expressed in KIRC, whereas TEK, PLG, ANGPTL3, TFAP2A, ANK3, ATP1A1 and
UCN exhibited low expression in KIRC. Conclusion: Several MRGs are aberrantly expressed in KIRC, from which we
screened 23 genes and constructed a MRGs prognostic risk model that can effectively predict the prognosis of KIRC
patients and provide a new foundation for personalised diagnosis and treatment of KIRC.
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Introduction subtypes [5, 6]. Consequently, a comprehen-

sive investigation of the potential molecular

Kidney renal clear cell carcinoma (KIRC) repre-
sents the most prevalent form of renal cell car-
cinoma, accounting for 75%-85% of cases. Its
aetiology is associated with heredity, smoking,
obesity and hypertension, among other factors
[1, 2]. Radical surgery represents the primary
treatment option for early-stage KIRC. However,
due to the lack of specific symptoms of early
stage KIRC, patients often miss the opportunity
for early diagnosis and treatment [3, 4]. Fur-
thermore, patients with KIRC exhibit elevated
rates of tumour recurrence and metastasis in
comparison to patients with other renal cancer

mechanisms governing the onset and progres-
sion of KIRC, coupled with the pursuit of novel,
reliable prognostic assessment indicators and
potential therapeutic targets for KIRC, is of par-
amount importance in accurately assessing the
prognosis of patients and providing person-
alised treatment strategies.

An anomalous alteration in the metabolic pro-
file is a distinctive attribute of the accelerated
proliferation of tumour cells [7]. The high meta-
bolic activity of the tumour results in a state of
oxygen deprivation, low pH, electrolyte imbal-
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ance, nutrient deficiency and a high state of
oxidative stress [8, 9]. In KIRC, the tumour’s
aberrant growth characteristics result in an
insufficient supply of nutrients, compelling the
tumour cell to redirect its glucose, amino acid
and lipid metabolism in order to meet the needs
of its own synthesis and metabolism [10, 11].
The altered metabolism observed in renal can-
cer cells not only affects the phenotype of the
tumour cells themselves, but also exerts an
influence on the tumour microenvironment
(TME), thereby influencing the growth of the
tumour cells [10, 11]. KIRC is considered a met-
abolic disease and tumour cell metabolism is
present throughout the interaction between
tumour cells and TME [12, 13]. One of the fea-
tures of KIRC is epigenetic changes in metabo-
lism-related genes (MRGs), resulting in abnor-
mal metabolic functions such as aerobic gly-
colysis, fatty acid metabolism and tryptophan-
glutamine utilisation, involving a large number
of metabolism-related genes such as ALDHBA1,
FBP1, HAO2, TYMP, PSAT4, IL411, PAHA3, HK3,
CPT1B and CYP26A1 [10-14]. Nevertheless, it
remains uncertain whether aberrant MRGs
expression can be employed for postoperative
prognostic assessment of KIRC patients. In this
study, we examined the correlation between
MRGs expression and the prognosis of KIRC
patients, and constructed a risk prognostic
model to investigate its predictive value for the
prognosis of KIRC patients, with the objective
of providing a reference for the clinical diagno-
sis and treatment of KIRC.

Materials and methods
Data sources and acquisition

The Cancer Genome Atlas Program (TCGA)
database (https://portal.gdc.cancer.gov/) was
utilised to download access to the KIRC tran-
scriptome RNA-seq (Workflow Type: HTSeq-
counts) and corresponding patient clinical
information. The data set comprises RNA-seq
information for 537 KIRC and 71 paracancer-
ous tissues. Genes encoding human metabo-
lic enzymes and related transporters were
obtained using Genecards [15], and a total of
2,169 MRGs-related genes were included using
a relevance score greater than 20 as a screen-
ing condition. From these, MRGs with differen-
tial expression in KIRC tissues were compared
and screened to construct a risk score model.
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Identification of differentially expressed MRGs

The identification of differentially expressed
genes (DEGs) were screened using the R soft-
ware package Deseq2 for TCGA data KIRC data
normalisation and difference analysis accord-
ing to the thresholds of |log2 fold change| > 1
and P < 0.05 [16]. Intersections with MRGs
were then performed to obtain differentially
expressed MRGs, and corresponding heat
maps and volcano maps were generated.

Enrichment analysis

Gene ontology (GO) enrichment analysis of the
differentially expressed MRGs was conducted
using the clusterProfiler package [17], and the
results were visualised using the GOplot pack-
age [18].

Prognosis-related MRGs screening and prog-
nostic risk score model construction

A LASSO regression analysis was conducted
using the R language package gimnet with the
objective of identifying prognostically relevant
MRGs. Subsequently, a stepwise multifactorial
Cox regression was employed to calculate the
correlation coefficient () for each target gene.
The 789 genes were obtained from the inter-
section of the differentially expressed genes
(DEGs) and modular genes (MGRs). The FPKM
matrices of the 789 genes were selected from
the TCGA-KIRC dataset. The data were subject-
ed to preprocessing, including the handling of
missing values and data normalization. The
dependent variables were the survival time and
survival status of the patients, while the inde-
pendent variable was the expression matrix of
the 789 genes of the patients. A 10-fold cross-
validation was conducted using the cv.glmnet
function in the gimnet package to identify the
optimal regularisation parameter A (Log\ =
-2.036 in this study, corresponding to the best_
lambda value obtained from the lasso_
cv$lambda.min). The coefficients of the model
were extracted using the coef function. The
genes were screened using regularisation, and
the feature genes were those corresponding to
the non-zero coefficients in the LASSO model.
These coefficients were then multiplied and
summed with the gene expression and nor-
malised to obtain a risk score (RISK SCORE) for
each sample, thereby constructing a risk score
model [19]. Risk scores were calculated for
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each patient, and patients were stratified into
low-risk and high-risk groups based on the
median threshold. Survival curves were plotted
by Kaplan-Meier survival analysis for both sub-
groups, and the area under the curve (AUC) of
the receiver operating characteristic (ROC)
curve for 1-, 3- and 5-year overall survival was
calculated using the R language survival and
time ROC packages.

External validation of differential expression of
model genes

The 23 genes were constructed to model dif-
ferential expression in the KIRC and normal
groups. Differential expression analyses were
performed on four datasets (GSE36895,
GSE40435, GSE53757 and GSE66272) and
the results were visualised using the ggpubr
package.

Clinical sample collection and quantitative
real-time polymerase chain reaction analysis

Tissues exhibiting malignant and pre-malignant
characteristics from 11 pairs of patients diag-
nosed with kidney renal clear cell carcinoma
(KIRC) were procured from the General Hospital
of Northern Theater Command and the Second
Affiliated Hospital of the Army Military Medical
University. This study was approved by the
Ethics Committee of the General Hospital of
Northern Theater Command and conducted fol-
lowing the Helsinki Declaration. Inclusion
Criteria: The specimens were obtained from
patients who underwent radical surgery for
renal cancer and the pathological nature of the
patients was clear cell carcinoma of the kidney.
Exclusion Criteria: Pathological findings of non-
renal clear cell carcinoma; patients with other
metabolic abnormalities; patients with other
neoplastic conditions. Total RNA was extracted
from all tissues using Trizol (Invitrogen, 155-
96026). The SYBR Green One-Step qRT-PCR kit
(Invitrogen, 11736059) was employed to quan-
tify total RNA (100 ng). PrimeScript RT Master
Mix (Shenggong, Shanghai, China) was used for
cDNA synthesis. The PCR primers are listed
below.

KCNN4, forward: 5-GTGCCTCAGAGCAAAAGT-
CC-3’; KCNN4, reverse: 5-CTACTTGGACTGCT-
GGCTGGG-3’; TEK, forward: 5-TCCAGGCAACT-
TGACTTCGG-3’; TEK, reverse: 5’CCTTGAACCT-
TGTAACGGATAG-3’; GAPDH, forward: 5-GGAG-
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CGAGATCCCTCCAAAAT-3’; GAPDH, reverse: 5-
GGCTGTTGTCATACTTCTCATGG-3’; PLG, forward:
5-GCGCCAGCACAGAGCTCTGCTCAAC-3’; PLG,
reverse: 5-GCTTGCTACTTGTAAGAACTAATAACT-
TC-3’; ANGPTL3, forward: 5-CACCAATGTTTCC-
CCCAAT-3’; ANGPTLS3, reverse: 5'-AAGATACCC-
TTTTTTACGCTCCTG-3’; TFAP2A, forward: 5’-GC-
TGCCTCACCAGCTGTCGGTATTGT-3’; TFAP2A, re-
verse: 5-ACAGGGACACGGGGCCTTTCTCCC-3’;
ANK3, forward: 5-CAGGGGCTGTATTCTAGCAA-
CT-3’; ANK3, reverse: 5-CCCCTCCGTCTCACAC-
TATTTT-3’; ATP1A1, forward: 5-GGCCTTTAAGG-
TTGGACGTG-3’; ATP1A1, reverse: 5-CACAGTA-
ACATTGAGAACCCCC-3’; UCN, forward: 5-CGA-
GCAGAACCGCATCATATT-3’; UCN, reverse: 5’-AC-
AGTGCCCTGGTGGCTCT-3’; PLK1, forward: 5'-A-
AAGAGATCCCGGAGGTCCTA-3’; PLK1, reverse:
5-GGCTGCGGTGAATGGATATTTC-3..

The 2-AACt method was conducted to calculate
the RNA expression levels. A Student’s t-test
was used to compare the expression levels of
each RNA between the different groups.

Statistical analysis

The data were expressed as mean * SE.
Comparisons between the two groups were
performed by t-test, the relationship between
metabolism-related genes and the prognosis of
KIRC patients was analysed by Cox regression
analysis, and the relationship between risk
scores and prognosis of KIRC patients was ana-
lysed by log-rank test with survival analysis. P <
0.05 indicated that the difference was statisti-
cally significant.

Results
Screening for differentially expressed MRGs

By differential analysis with the R language
Deseq2 package (Figure 1A and 1B), 789
MRGs were differentially expressed between
KIRC and paracancerous tissues (Figure 1C), of
which 465 and 324 MRGs were expressed up-
regulated and down-regulated, respectively, in
KIRC cancerous tissues.

Enrichment analysis of differential MRGs
The GO enrichment analysis revealed that 465
up-regulated differentially expressed MRGs

were mainly enriched in biological processes
such as leukocyte proliferation, positive regula-
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Figure 1. Differential expression of metabolism-related genes in cancer and paracancerous tissues. A. Volcano plot of differentially expressed genes. B. Heat map

of differentially expressed genes. C. Intersection analysis of differentially expressed genes and MRGs genes.
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tion of cytokine production, positive regulation
of leukocyte activation, positive regulation of
cellular activation (BP), and cellular compo-
nents such as plasma membrane, stromal
membrane and endocytic vesicles. With regard
to molecular function (MF), the analysis indi-
cated that these genes were primarily involved
in the regulation of transmembrane proteins
and cytokines (Figure 2A and 2C). In contrast,
the 324 down-regulated differentially expressed
MRGs were predominantly associated with bio-
logical processes, including sodium and anion
transport, organic acid fatty acid and carboxylic
acid transport, and cellular components such
as the basolateral membrane, apical plasma
membrane and mitochondrial matrix. With re-
gard to molecular function, the primary involve-
ment was in the regulation of metal ion and
organic acid transmembrane transport proteins
(Figure 2D and 2F). The KEGG enrichment anal-
ysis revealed that the upregulated differential
genes (Figure 2B) were predominantly associ-
ated with tumour-related pathways, such as
PI3K-Akt, TNF and HIF1. While the down-regu-
lated differential genes (Figure 2E) were mainly
enriched in the pathways of carbon metabo-
lism, glucose and amino acid metabolism.

Construction of clinical prediction models

The screened MRGs were re-filtered by LASSO
regression (Figure 3A) and cross-validation
(Figure 3B). Subsequently, 23 risk genes asso-
ciated with patient prognosis were subjected to
further filtration by stepwise multifactorial Cox
regression analysis, with the objective of con-
structing a risk score prediction model. The
results of the one-way COX analysis of the
model genes are presented in Figure 3C. The
risk score calculation formula is provided in
Table 1.

Evaluation of prognostic models

To verify whether the above risk score could be
employed as an independent factor to predict
the prognosis of KIRC patients, Cox regression
analysis was performed by combining the
patients’ clinical characteristics and risk score.
The results of univariate Cox analysis showed
that patient tumour grade, TM stage, Age,
platelet and risk score were all significantly cor-
related with the overall survival of KIRC patients
(P < 0.05, Figure 4A). However, the results of
the multifactorial Cox analysis showed that only
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age, tumour T-stage, stage and risk score were
significantly associated with the overall survival
of KIRC patients. These findings suggest that
risk score may serve as an independent risk
factor for the prognosis of patients with KIRC
(Figure 4B). Nevertheless, risk score was more
closely associated with a poor prognosis (HR =
3.495, P < 0.001). The risk score model was
employed to calculate the risk score of patients
with kidney renal clear cell carcinoma (KIRC)
using the median risk score as the cut-off value,
resulting in the division of patients into high-
risk and low-risk groups (Figure 4E). The AUC
was employed to assess the predictive capacity
of the risk scoring model (Figure 4C). The AUC
for this risk scoring model in predicting the
patients’ 1-, 3-, and 5-year overall survival rates
were 0.804, 0.766, and 0.802, respectively,
indicating that the model exhibited robust pre-
dictive ability. A Kaplan-Meier analysis of the
two groups of patients using the log-rank test
demonstrated a significant difference in overall
survival prognosis between the two groups
(P < 0.05, Figure 4D), with the high-risk group
exhibiting a markedly inferior overall survival
prognosis.

Construction of nomograms

Nomograms were constructed for the variables
that were statistically significant in the results
of the multifactorial COX analysis, and the
results are shown in Figure 5A, which showed
that T stage, age, risk score and stage could be
used as independent prognostic indicators for
predicting the 1-, 3- and 5-year survival of KIRC
patients. The calibration curve results showed
that the nomogram was around the ideal line,
indicating its excellent ability to predict the
prognosis of KIRC patients (Figure 5B). The
time-dependent ROC curves demonstrated
that the nomogram exhibited high accuracy in
predicting patient survival at one, three, and
five years, with an area under the curve (AUC) of
approximately 0.9 (Figure 5C). The one-, three-,
and five-year decision curve analysis (DCA)
curves of the patients indicated that the nomo-
gram was the most effective variable among all
included variables, further confirming the accu-
racy of the nomogram in predicting the prog-
nostic level of KIRC patients (Figure 5D-F).

External validation of model gene differential
expression

The four external datasets (GSE36895, GSE-
40435, GSE53757 and GSE66272) were anal-
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Table 1. Calculation of risk scores for 23
KIRC prognosis-related genes

Number Gene Coef

1 CYP51A1 -0.000949064872992064
2 PAX6 0.0212413870083898
3 SLC11A1 0.0428904900148218
4 ITIH4 0.0319399371104166
5 ATP2B3 0.0254556142474471
6 CHAT 0.019832964172135
7 KCNN4 0.00102261747196768
8 IL4 0.110231658841011
9 OTOF 0.0636953177955828
10 TEK -0.0901203786992055
11 PLG -0.0232749048089913
12 ANGPTL3  -0.00271334734211268
13 TFAP2A 0.0191583970019194
14 HTR2C 0.0521174704075536
15 MMP3 0.0251749248446669
16 ANK3 -0.0589841575482183
17 SLC16A12 -0.0967919455847867
18 ATP1A1 -0.0503935669089723
19 UCN 0.0673926761924249
20 CSF2 0.000629953213422847
21 PLK1 0.103793892512404
22 UGT2B7 -0.0052510267958739
23 PYCR1 0.0181619050092819

ysed to observe the differential expression of
model genes. The samples were divided into
two groups, KIRC and Normal, and the results
demonstrated that KCNN4, TEK, PLG, ANG-
PTL3, TFAP2A, ANK3, ATP1A1, UCN and PLK1
exhibited significant differential expression pro-
files across all four datasets. Among the genes
examined, KCNN4 and PLK1 exhibited high
expression levels in ccRCC, while TEK, PLG,
ANGPTL3, TFAP2A, ANK3, ATP1A1, and UCN
demonstrated high expression levels in normal
tissue (Figure 6A-D). Furthermore, we corrobo-
rated the aforementioned observations by ana-
lysing clinical samples from KIRC patients. This
analysis confirmed that KCNN4 and PLK1 were
highly expressed in KIRC, while TEK, PLG,
ANGPTL3, TFAP2A, ANK3, ATP1A1 and UCN
were low expressed in KIRC (Figure 7).

Discussion
The accurate prediction of the prognosis and

risk grading of cancer patients is directly relat-
ed to the choice of treatment options and has a
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significant impact on treatment outcomes.
KIRC is a less malignant form of kidney cancer,
however, the likelihood of KIRC metastasising
via the bloodstream is extremely high, with
metastatic potential in approximately 60% of
patients [20, 21]. Conversely, KIRC is insensi-
tive to radiation and chemotherapy, and early
individualised treatment of patients is impera-
tive to enhance survival rates [20-22]. The
prognosis of KIRC is influenced by a variety of
factors, including tumour stage, histological
type and treatment regimen, but due to the
highly heterogeneous nature of KIRC, these
commonly used clinical metrics are not suffi-
cient for personalised and accurate prognostic
assessment of patients [23, 24]. The metabolic
profile of KIRC tumour cells is typically altered
in order to adapt to the energy and material
requirements of the tumour. Furthermore, the
initiation and progression of tumours are highly
correlated with the metabolic reprogramming
of cancer cells [10-14]. The abnormal expres-
sion of genes involved in tumour metabolism,
as well as the presence of mutations and
ectopics, directly impacts the proliferation,
invasion, angiogenesis and immune escape of
KIRC tumour cells [10-14]. Alterations in MRGs
in KIRC tumours play an important role in
tumour initiation, development and metasta-
sis. Assessing the characteristics and progno-
sis of KIRC patients by studying the alterations
in MRGs has been increasingly emphasised.

In this study, we screened 789 differentially
expressed genes associated with KIRC metab-
olism, of which 465 genes were up-regulated
and 324 genes were down-regulated. Gene
Ontology (GO) and Kyoto Encyclopedia of Genes
and Genomes (KEGG) analyses revealed that
these MRGs were closely associated with
tumour-related signals such as leukocyte prolif-
eration, cytokine production, glucose and
amino acid metabolism, PI3K-Akt, TNF, HIF1
and others. In order to construct a clinical pre-
diction model, we finally screened 23 genes to
establish a risk score model by Cox regression
combined with LASSO regression analysis.
Additionally, multifactorial Cox analysis re-
vealed that only age, tumour T-stage, tumour
stage and 23 metabolism-related genes risk
score were significantly associated with overall
survival in KIRC patients. These could be con-
sidered as independent risk factors for the
prognosis of KIRC patients, although the risk
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Figure 4. Construction and validation of the clinical significance of the riskScore. A and B. Single- and multi-factor COX forest plots. C. Receiver operating charac-
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Figure 5. Nomogram construction. A. Nomogram of P < 0.05 variables for multifactorial COX analysis. B. Calibra-
tion curves of the nomogram. C. Time dependent ROC curves for variables. D-F. DCA curves at 1, 3 and 5-year for

variables.

score was more closely associated with a poor
prognosis (HR = 3.495, P < 0.001). Further
analysis revealed that the area under the curve
(AUC) of the risk score model for predicting
patients’ 1-, 3- and 5-year overall survival were
0.804, 0.766 and 0.802, respectively, suggest-
ing that the model had good predictive ability.
Additionally, the Kaplan-Meier (K-M) analysis of
the high-risk and low-risk groups demonstrated
that the high-risk group had a significantly
worse overall survival prognosis.

In recent years, the development of molecular
biology has enabled researchers to identify
that ccRCC is not simply a tumour disease, but
rather that its development is closely related to
the metabolic reprogramming of renal cells
[25]. The metabolic reprogramming process
involves various aspects of lipid metabolism,
glucose metabolism, and amino acid metabo-
lism, which influence the rate of tumour growth,
invasiveness, and responsiveness to therapy
[10-14]. One of the key mechanisms regulating
KIRC metabolic reprogramming is alteration in
gene expression related to metabolism [10-14].
In this study, we identified 23 metabolic risk
genes associated with KIRC prognosis. The
findings were validated using four external data
sets (GSE36895, GSE40435, GSE53757, and
GSE66272) and found that KCNN4, TEK, PLG,
ANGPTL3, TFAP2A, ANK3, ATP1A1, UCN, and
PLK1 had significant differential expression
profiles in the four data sets. Among the identi-
fied genes, KCNN4 and PLK1 exhibited high
expression levels in KIRC, whereas TEK, PLG,
ANGPTL3, TFAP2A, ANK3, ATP1A1, and UCN
displayed low expression levels in KIRC. Fur-
thermore, we validated the expression profiles
of KCNN4 and PLK1 in KIRC samples, confirm-
ing their high expression levels, while TEK, PLG,
ANGPTL3, TFAP2A, ANK3, ATP1A1, and UCN
exhibited low expression levels.

The results demonstrated that KCNN4 expres-
sion was higher in KIRC samples compared to
normal controls and was negatively correlated
with prognosis and KCNN4 may affect KIRC
prognosis by influencing the TME immune sta-
tus [26]. In pan-cancer analyses, PLK1 was
identified as a significant prognostic factor and
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was associated with tumour immunity across
all cancers, particularly KIRC [27]. The expres-
sion of TEK is low in KIRC, and Kaplan-Meier
curve analysis has demonstrated that the
downregulation of TEK expression was associ-
ated with a poor prognosis for patients with
KIRC [28]. Furthermore, the expression of PLG,
ANGPTL3 and UCN is significantly reduced in
KIRC, and this is an important biological prog-
nostic factor in KIRC [29-31]. TFAP2A has been
identified as a prognostic marker in KIRC,
exhibiting a correlation with tumour immune
infiltration and drug responsiveness [32]. The
expression of ANK3 was found to be significant-
ly decreased in KIRC, with patients exhibiting
low ANK3 expression demonstrating reduced
survival rates. Furthermore, a significant corre-
lation was observed between ANK3 expression
in KIRC and the infiltration levels of B cells,
CD8+ T cells, macrophages and neutrophils
[33]. The expression of ATP1A1l is markedly
reduced in human KIRC tissues. In vitro and in
vivo data of ATP1A1 inhibitory roles in KIRC pro-
gression suggest that ATP1A1 is a potential
novel suppressor protein for KIRC [34]. The
roles of KCNN4, TEK, PLG, ANGPTL3, TFAP2A,
ANK3, ATP1A1, UCN, and PLK1 in the progres-
sion of KIRC and on the prognosis of KIRC
patients have been reported, but none of these
studies have discussed in-depth molecular
mechanisms. Consequently, further investiga-
tion of the molecular mechanisms underlying
the role of these genes in KIRC development is
essential to identify molecular targets for preci-
sion treatment of KIRC.

Limitations and prospects of the study: (1) only
TCGA-KIRC data were included in this study,
and too few samples may affect the stability
and reproducibility of the results, (2) although
LASSO and Cox regression models perform well
in feature selection and survival analysis, they
have some algorithmic limitations, (3) there is a
lack of further in-depth studies in cellular and
animal models to identify key therapeutic tar-
gets. Future studies should increase the sam-
ple size to improve the reliability and reproduc-
ibility of the results. Meanwhile, future studies
could attempt to combine multiple machine
learning algorithms to improve the accuracy of
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Figure 6. Differential expression of externally validated model genes. A. Differential expression of model genes in the GSE36895 dataset. B. Differential expression
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GSE66272 dataset.
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Figure 7. Analysis of the differential expression of model genes in clinical samples from the KIRC.

feature selection and prediction. In addition,
multi-centre studies using data from different
regions and different populations should be
conducted to verify the generalisability of the
results. Finally, further in-depth studies in cel-
lular and animal models will be carried out to
identify targets and drugs for treatment and
intervention in kidney cancer.

In conclusion, this study employed a bioinfor-
matics approach based on the TCGA database
to analyse the impact of MRGs on the progno-
sis of KIRC patients. It is potentially informative
to study the role and mechanism of MRGs in
the progression of KIRC. Concurrently, we
devised a 23-gene signature-based risk score
prediction model with favourable predictive
efficacy, which can be employed as an autono-
mous indicator for the prognostic assessment
of KIRC patients and provide a reference for the
prognostic assessment of KIRC patients and
the development of personalised treatment
plans. Nevertheless, the precise mechanism
through which these risk genes and associated
pathways contribute to the pathogenesis of
KIRC remains unclear and necessitates further
investigation and validation.
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