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Background: Clear cell renal cell carcinoma (ccRCC) is the most common malignant tumor of kidney 
with high mortality. The pathogenesis of ccRCC is complicated and effective prognostic predictors for 
clinical practice are still limited. This study aimed to identify significant genes with prognostic influence in 
ccRCC via bioinformatics analysis.
Methods: Four gene expression profiles were acquired from the Gene Expression Omnibus (GEO) database, 
including 168 ccRCC tissues and 143 normal tissues. Common differentially expressed genes (DEGs) between 
ccRCC tissues and normal kidney tissues were screened out. Then gene ontology (GO) enrichment analysis 
and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis were investigated. Protein-protein 
interaction (PPI) network of the common DEGs was diagrammed and analyzed. Kaplan–Meier analysis was 
conducted to identify genes with prognostic influence in ccRCC. Gene Expression Profiling Interactive Analysis 
(GEPIA) was finally applied to validating differential expression of genes.
Results: Ninety-nine common DEGs between ccRCC tissues and normal kidney tissues were eventually 
screened out (P<0.05, |log FC| >2). GO functional analysis showed that the down-regulated genes were 
enriched in excretion, negative regulation of cell proliferation, heparin binding and cellular response to BMP 
stimulus, etc. KEGG pathway analysis indicated that the common DEGs were particularly enriched in HIF-
1 signaling pathway and aldosterone-regulated sodium reabsorption. Seven core DEGs were distinguished 
through PPI network analysis, of which 6 core genes ANGPTL4, CA9, CXCR4, LOX, EGF and HRG showed 
significantly prognostic difference in patients with ccRCC by Kaplan–Meier analysis (P<0.05). And GEPIA 
confirmed these genes were expressed differentially between tumor and normal tissues (P<0.05). High 
expression of HRG was correlated with good OS in ccRCC patients. Specifically, HRG was commonly down-
regulated in ccRCC tissues compared with normal tissues according to GEPIA. 
Conclusions: Our study shows that high expression of HRG denotes a better prognosis in ccRCC patients. 
HRG is down-regulated in ccRCC tissues compared with normal kidney tissues. The selective expression 
pattern suggests that HRG could be a novel prognostic predictor and potential therapeutic target for ccRCC 
patients.
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Introduction

There were about 403,262 new cases of kidney cancer that 
were diagnosed worldwide in 2018, and 175,098 patients 
died of this disease (1). Renal cell carcinoma (RCC) is a 
kind of malignant tumor originating from renal tubular 
epithelium, which denotes more than 90% of cancers in 
kidneys (2). RCC accounts for 2% to 3% of adult cancers, 
ranking the third cause of cancerous death in urologic 
cancers. And there is a trend of increasing incidence and 
mortality during these years. RCC consists of a broad 
spectrum of histopathological types, clear cell renal cell 
carcinoma (ccRCC) accounts for 80% to 90% of RCC 
(3,4). Patients with ccRCC have worse prognosis than 
chromophobe RCC and papillary RCC in a multicenter 
experience (5). ccRCC has very complicated pathogenesis 
and various biological features. Surgical treatment is thought 
to achieve cure outcome effectively in localized RCC 
currently (3). While 20% to 40% of these patients may 
develop recurrence with poor prognosis after surgery (6).  
Advanced or  metastat ic  RCC is  not  sens i t ive  to 
chemotherapy and conventional radiotherapy, and the 
median survival of patients with metastatic disease is about 
13 months (7). Researches on this important disease are still 
urgent. In addition to developing new ways of treatment for 
ccRCC, it is of great importance to find novel prognostic 
biomarkers and therapeutic targets. 

High throughput sequencing makes it possible to analyze 
transcriptome and genome quickly and cheaply (8). A huge 
amount of information is detected and stored in public 
database. Researchers can make use of existing data to 
detect differentially expressed genes and dig out valuable 
information via bioinformatics analysis. Bioinformatics 
analysis could help us to explore the underlying findings 
and guide further study. Up to now, few reliable prognostic 
biomarkers have been identified in ccRCC. In this study, 
we combined the integrated bioinformatics analysis with 
expression profiling techniques to solve the issue. We 
discovered 6 significant genes with prognostic influence in 
ccRCC, namely ANGPTL4, CA9, CXCR4, LOX, EGF and 
HRG. High expression of HRG denoted a better prognosis 
in ccRCC patients, which had not been reported previously. 
HRG was down-regulated in ccRCC tissues compared 
with normal kidney tissues via bioinformatics analysis. Our 
findings may provide a novel prognostic predictor and 
potential therapeutic target for ccRCC.

Methods

Data information and database analysis

Gene expression profiles of GSE11151, GSE12606, 
GSE46699 and GSE53757 were obtained from the free 
public database of Gene Expression Omnibus (GEO, 
https://www.ncbi.nlm.nih.gov/gds/). All the datasets came 
from GPL570 platform [(HG-U133_Plus_2) Affymetrix 
Human Genome U133 Plus 2.0 Array]. There were 26 
ccRCC tissues and 5 normal kidney tissues, 3 ccRCC 
tissues and 3 normal kidney tissues, 67 ccRCC tissues and 
63 normal kidney tissues, 72 ccRCC tissues and 72 normal 
kidney tissues, respectively. DEGs between ccRCC samples 
and normal kidney samples were identified via GEO2R 
online according to the standards of |log FC| >2 and adjust 
P value <0.05. DEGs with log FC >2 were considered 
as up-regulated genes, and DEGs with log FC <−2 were 
categorized as down-regulated genes. The raw data was 
rearranged and analyzed to acquire common DEGs with 
Venny online software (https://bioinfogp.cnb.csic.es/tools/
venny/index.html).

Gene ontology (GO) functional enrichment analysis and 
signaling pathway analysis 

GO is established to construct a standard vocabulary system 
including biological process (BP), molecular function (MF) 
and cellular component (CC) (9). DAVID bioinformatics 
resources website (https://david.ncifcrf.gov/) is a free 
resource providing a comprehensive set of functional 
annotation to understand biological meaning behind a 
large number of genes. We applied DAVID website to 
dealing with GO functional enrichment analysis and Kyoto 
Encyclopedia of Genes and Genomes (KEGG) pathway 
analysis. 

Protein-protein interaction (PPI) network construction 
and cluster analysis 

The Search Tool for the Retrieval of Interacting Genes/
Proteins (STRING, http://string-db.org/) was logged to 
perform PPI network construction. We selected “Multiple 
proteins” and submitted the common DEGs list, then we 
got a PPI network. We could observe the state of gene 
enrichment clusters previously. Then we used the open 
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access software platform of Cytoscape to visualize the PPI 
network. The main clusters and core genes were identified 
by the Molecular Complex Detection (MCODE) plugin.

Kaplan-Meier Plotter analysis and validation of gene 
expression

We applied Kaplan-Meier Plotter Database (https://kmplot.
com/analysis/) to assessing the effect of core genes on 
overall survival (OS). Kaplan-Meier Plotter is a website 
tool with relapse free and OS information based on GEO, 
European Genome-phenome Archive (EGA) and The 
Cancer Genome Atlas (TCGA) database, which helps us 
to analyze the prognostic value of a particular gene. We 
got the log rank P value and hazard ratio (HR) with 95% 
confidence intervals in the presented figures. Then we 
compared the gene expression profiles between ccRCC 
tissues and normal tissues by the Gene Expression Profiling 
Interactive Analysis (GEPIA, http://gepia.cancer-pku.
cn/) to confirm the significant correlation. GEPIA website 
contains information of hundreds of ccRCC samples from 
the Genotype-Tissue Expression (GTEx) project and 
TCGA database.

Results

Screening of common DEGs

We searched and extracted GSE11151, GSE12606, 
GSE46699 and GSE53757 from GEO database. The four 
series were all from GPL570 platform. There were totally 
168 ccRCC tissues and 143 normal kidney tissues were 

included in this study. One hundred and one common 
DEGs were identified, including 31 up-regulated genes 
and 70 down-regulated genes (adjust P value <0.05, |log 
FC| >2) (Figure 1). However, the up-regulated gene item 
LOC101928916///NNMT and the down-regulated gene 
item CLCNKB///CLCNKA display one probe corresponding 
to two genes, we removed them and eventually got 99 
common DEGs (Table 1).

GO functional enrichment analysis and KEGG pathway 
analysis

All the 99 common DEGs were input into DAVID 
website for GO enrichment analysis. The GO functional 
enrichment analysis showed that for BP the down-regulated 
DEGs were enriched in excretion, negative regulation of 
cell proliferation, ion transmembrane transport, positive 
regulation of extrinsic apoptotic signaling pathway via 
death domain receptors, cellular response to BMP stimulus, 
positive regulation of transcription, metanephric distal 
convoluted tubule development, potassium ion homeostasis, 
metanephric collecting duct development and regulation 
of phosphatidylinositol 3-kinase signaling, etc. For CC, 
down-regulated DEGs were enriched in extracellular 
exosome, basolateral plasma membrane, apical plasma 
membrane, integral component of membrane, plasma 
membrane, integral component of plasma membrane, 
platelet alpha granule lumen, apical part of cell, vacuolar 
proton-transporting V-type ATPase complex and 
extracellular region. For MF, down-regulated DEGs were 
significantly enriched in ATPase binding, sequence-specific 
DNA binding, ATP-activated inward rectifier potassium 

Figure 1 One hundred and one common DEGs of ccRCC were identified from the four datasets (GSE11151, GSE12606, GSE46699 and 
GSE53757) through Venny online diagrams software. Different color meant different datasets. (A) Thirty-one up-regulated DEGs screened 
out from the four datasets (log FC >2); (B) 70 down-regulated DEGs screened out from the four datasets (log FC <−2).

GSE12606	 GSE46699	 GSE12606	 GSE46699

GSE11151	 GSE53757	 GSE11151	 GSE53757

20
(2.5%)

7
(0.9%)

24
(3%)

192
(24.3%)

17
(2.2%)

177
(22.4%)

180
(19.3%)

81
(6.3%)

20
(1.5%)

70
(5.4%)

59
(4.6%)

2
(0.2%)

2
(0.2%)

404
(31.2%)

31
(2.4%)

94
(7.3%)

277
(21.4%)

63
(4.9%)

2
(0.2%)

0
(0%)

9
(0.7%)

58
(7.3%)

31
(3.9%)

5
(0.6%)

1
(0.1%)

1
(0.1%)

4
(0.5%)

7
(0.9%)

222
(28.1%)

24
(3%)

BA



455Translational Andrology and Urology, Vol 9, No 2 April 2020

  Transl Androl Urol 2020;9(2):452-461 | http://dx.doi.org/10.21037/tau.2020.02.11© Translational Andrology and Urology. All rights reserved.

Table 1 All the 99 common differentially expressed genes (DEGs) identified from the four expression profile datasets, including 30 up-regulated 
genes and 69 down-regulated genes

DEGs Genes name

Up-regulated CXCR4, NETO2, ALOX5, ANGPTL4, LOXL2, MS4A4A, C3, SAP30, HK2, KISS1R, NOL3, NDUFA4L2, NPTX2, 
LOX, COL23A1, RNASET2, LYZ, SCD, HILPDA, CA9, EGLN3, ENO2, VEGFA, SCARB1, AHNAK2, BHLHE41, 
SPAG4, LPCAT1, APOC1, ENPP3

Down-regulated ERBB4, RALYL, XPNPEP2, MPPED2, EHF, HRG, LINC00645, PROM2, CALB1, TFCP2L1, TSPAN8, EFHD1, 
AQP2, ATP6V1G3, MAL, TFAP2B, COL4A3, ESRRG, MUC15, UPP2, MFSD4A, SLC13A2, EGF, TYRP1, 
TMEM72, LINC00982, KCNJ10, RAB25, ACPP, FXYD4, GGT6, MST1L, TMPRSS2, ATP6V0A4, GATA3, 
KCNJ1, MTURN, NELL1, FGF9, PLCL1, SLC4A9, SLC12A1, ERP27, LOC284578, TMEM52B, IRX2, SEMA6D, 
S100A2, DMRT2, GSTM3, KNG1, DPEP1, TMEM213, UMOD, DIO1, ELF5, SCNN1A, SOSTDC1, PCP4, 
CLDN8, BMPR1B, HEPACAM2, ALDOB, CTXN3, NRK, SLC26A7, DUSP9, SFRP1, GPAT3

Table 2 Partial results of GO functional enrichment analysis of down-regulated genes in ccRCC

Category Term Count % P value FDR

GOTERM_BP_DIRECT GO:0007588~excretion 4 5.80 3.09E-04 0.450085

GOTERM_BP_DIRECT GO:0008285~negative regulation of cell proliferation 8 11.60 5.06E-04 0.736454

GOTERM_BP_DIRECT GO:0034220~ion transmembrane transport 6 8.70 9.11E-04 1.321778

GOTERM_BP_DIRECT GO:1902043~positive regulation of extrinsic apoptotic 
signaling pathway via death domain receptors

3 4.35 0.001111 1.609689

GOTERM_BP_DIRECT GO:0071773~cellular response to BMP stimulus 3 4.35 0.005121 7.21887

GOTERM_CC_DIRECT GO:0070062~extracellular exosome 24 34.78 2.51E-05 0.027405

GOTERM_CC_DIRECT GO:0016323~basolateral plasma membrane 7 10.14 3.32E-05 0.036257

GOTERM_CC_DIRECT GO:0016324~apical plasma membrane 8 11.60 5.71E-05 0.062414

GOTERM_CC_DIRECT GO:0016021~integral component of membrane 32 46.38 2.47E-04 0.269972

GOTERM_CC_DIRECT GO:0005886~plasma membrane 26 37.68 0.001324 1.437052

GOTERM_MF_DIRECT GO:0051117~ATPase binding 4 5.80 0.002099 2.520571

GOTERM_MF_DIRECT GO:0043565~sequence-specific DNA binding 7 10.14 0.008512 9.865212

GOTERM_MF_DIRECT GO:0015272~ATP-activated inward rectifier potassium 
channel activity

2 2.90 0.017063 18.87049

GOTERM_MF_DIRECT GO:0008201~heparin binding 4 5.80 0.017626 19.43251

GOTERM_MF_DIRECT GO:0046934~phosphatidylinositol-4,5-bisphosphate 
3-kinase activity

3 4.35 0.019228 21.01457

GO, gene ontology; ccRCC, clear cell renal cell carcinoma; FDR, false discovery rate.

channel activity, heparin binding, phosphatidylinositol-
4,5-bisphosphate 3-kinase activity, RNA polymerase 
II regulatory region sequence-specific DNA binding, 
transcriptional activator activity, RNA polymerase II 
transcription regulatory region sequence-specific binding 
and identical protein binding (Table 2). However, our data 

showed no significant GO enrichment in up-regulated 
genes. 

KEGG pathway analysis indicated that the common 
DEGs are particularly enriched in Hypoxia-inducible 
factor-1 (HIF-1) signaling pathway and aldosterone-
regulated sodium reabsorption pathway (P<0.05) (Table 3).
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Figure 2 Protein-protein interaction (PPI) network analysis of common differentially expressed genes (DEGs) constructed by STRING 
online database.

Table 3 KEGG pathway enrichment analysis of common DEGs in ccRCC

Term Count % P Value Genes

has04066: HIF-1 signaling pathway 5 5.05 0.003712 VEGFA, EGLN3, ENO2, HK2, EGF

hsa04960: Aldosterone-regulated sodium 
reabsorption

3 3.03 0.027711 FXYD4, SCNN1A, KCNJ1

DEGs, differentially expressed genes; ccRCC, clear cell renal cell carcinoma.
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Identification of core genes by PPI network and cluster 
analysis

The 99 common DEGs were imported into the STRING 
multiple proteins catalogue, we got a PPI network including 
95 nodes and 108 edges (Figure 2). The PPI enrichment P 

value <1.0e-16, which had significantly more interactions 
than expected. We could also observe two clusters roughly. 
Then we made further study with Cytoscape MCODE 
to analyze the interaction and we got 7 core genes from 
the main cluster. The 7 core genes were ANGPTL4, CA9, 
CXCR4, EGF, HRG, LOX, and VEGFA.
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Figure 3 Kaplan-Meier survival curves comparing the high and low expression of core DEGs in ccRCC. (A) ANGPTL4, logrank 
P=0.00019, HR =0.55 (0.4−0.76); (B) CA9, logrank P=0.0038, HR =0.64 (0.47−0.87); (C) EGF, logrank P=0.034, HR =0.72 (0.53−0.98);  
(D) HRG, logrank P=0.024, HR =0.71 (0.52−0.96); (E) CXCR4, logrank P=6e−04, HR =1.68 (1.25−2.27); (F) LOX, logrank P=0.0026, HR 
=1.6 (1.18−2.18). HR, hazard ratio; DEGs, differentially expressed genes; ccRCC, clear cell renal cell carcinoma.

Prognostic analysis of core genes and confirmation of gene 
expression

Of the 7 core genes, we found that 6 genes have significant 
effect on prognosis via Kaplan-Meier analysis, namely 
ANGPTL4, CA9, CXCR4, LOX, EGF and HRG. High 
expressions of CXCR4  and LOX  were significantly 
correlated with worse survival (Figure 3). Patients had better 
prognosis when ANGPTL4, CA9, EGF and HRG were highly 
expressed (P<0.05). Then we applied GEPIA to validating 
the differential expression level of the 6 genes. ANGPTL4, 
CA9, CXCR4 and LOX were highly expressed in ccRCC 
tissues compared with normal kidney tissues, while EGF 
and HRG were low expressed in ccRCC tissues (Figure 4).  
Moreover, GO functional enrichment analysis showed that 
HRG played important roles in negative regulation of cell 
proliferation, extracellular exosome, platelet alpha granule 
lumen and heparin binding. 

Discussion

ccRCC is the most prevalent RCC in the world. Patients 
with ccRCC have worse prognosis compared with other 
RCC subtypes such as papillary RCC and chromophobe 
RCC. The cancer specific survival rates at 5 years of ccRCC 
patients range from 44% to 69% (10,11). In spite of the 
increasing utilization of imaging techniques making more 
and more patients diagnosed in early stages, there are still 
about 20% to 30% of all patients diagnosed with advanced 
stages (12). More than 30% of patients who undergo 
nephrectomy will relapse. Median survival of patients with 
advanced RCC is 18 to 24 months (13). The vast majority of 
cancer associated death (about 90%) is owning to metastatic 
disease rather than primary tumor (14). ccRCC has a 
variety of biological behaviors. It is notorious for the ability 
to metastasize to various unusual sites and characteristic 
late recurrence, which confuse doctors and exacerbate 
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Figure 4 Box plots generated by Gene Expression Profiling Interactive Analysis (GEPIA) for comparing expression of ANGPTL4, CA9, 
CXCR4, LOX, EGF and HRG in ccRCC tissues and normal kidney tissues. *, P<0.05.
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the poor outcome of patients (15). VHL, PBRM1, TCEB1 
and PIK3CA mutations are related to HIF pathway and 
PI3K pathway which proved to be very important in the 
oncogenesis of ccRCC (13). However, there is no uniform 
and definite biomarkers to predict prognosis of ccRCC. 

In this study, we applied bioinformatics methods to data 
analysis on the basis of four profile datasets (GSE11151, 
GSE12606, GSE46699 and GSE53757) from GEO 
database. 168 ccRCC specimens and 143 normal kidney 
specimens were involved in this study. We screened out 
a total of 99 common DEGs (adjust P value <0.05 and 

|log FC| >2), including 30 up-regulated (log FC >2) and 
69 down-regulated DEGs (log FC <−2). Then we used 
DAVID website tools to perform GO enrichment analysis 
and KEGG pathway analysis. The outcome showed that the 
down-regulated DEGs were enriched in BP, CC and MF 
such as excretion, negative regulation of cell proliferation, 
positive regulation of extrinsic apoptotic signaling pathway 
via death domain receptors, cellular response to BMP 
stimulus, positive regulation of transcription, exosome, 
basolateral plasma membrane, sequence-specific DNA 
binding, heparin binding, identical protein binding and so 
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on. Roles of common DEGs in carcinogenesis and tumor 
suppression of ccRCC could be investigated according 
to our results. For KEGG pathway analysis, DEGs were 
particularly enriched in HIF-1 signaling pathway and 
aldosterone-regulated sodium reabsorption (P<0.05). HIF-
1 is a kind of oxygen-sensitive transcriptional activator. 
The outcome is in agreement with former researches about 
HIF target genes playing important roles in driving renal 
carcinogenesis (13). 

We constructed PPI network consisting of 95 nodes 
and 108 edges via the STRING online database. Next, we 
got 7 core genes through clusters analysis by MCODE 
plugin of Cytoscape software. Furthermore, we screened 
out 6 genes from the 7 core genes through Kaplan-Meier 
plotter analysis. Differential expression of the 6 genes 
showed significant difference in patients’ prognosis. All 
the 6 genes were validated to be differentially expressed in 
ccRCC samples compared with normal kidney samples by 
GEPIA analysis (P<0.05). Of which several genes have been 
demonstrated to be of great importance in oncogenesis or 
tumor suppression. Interestingly, existing researches have 
proved the importance of ANGPTL4, CA9, CXCR4, LOX 
and EGF in ccRCC (16-20). But few attentions have been 
paid to that increased level of HRG expression can impact 
the prognosis of patients who have ccRCC indicating that 
HRG could be used as a predictor of prognosis. The roles of 
HRG in ccRCC have not been investigated.

Histidine-rich glycoprotein (HRG) is a plasma protein 
consisting of 507 amino acid residues (21). It shows a 
multidomain structure binding to immunoglobulins, 
heparin, heparan sulfates, thrombospondin, fibrinogen, 
plasminogen, divalent metal ions and other complement 
proteins, which enables HRG to interacting with a variety 
of cells (22). But the definite cell surface receptors are 
still unclear. HRG is relatively abundant in healthy liver 
and is less prominent in vessels and macrophages (23). It 
has been investigated in mice and tumor cell lines that 
HRG inhibits the tumor growth of T241 fibrosarcomas, 
orthotopic pancreatic tumors and breast tumor lines. HRG 
may reduce metastasis and improve chemotherapy through 
promoting vessel normalization. HRG also affects tumor 
associated macrophage polarization and other antitumor 
immune response (24). Another research on mice indicated 
that HRG may be a potential tumor suppressor, which 
regulated platelet activity to attenuate the angiogenic 
switch, tumor growth, epithelial-mesenchymal transition 
and subsequent metastatic spread (25). According to present 
researches, HRG takes part in several physiological and 

pathological processes by modulating the immune, vascular 
and coagulation systems (21,26,27). Our GO functional 
enrichment analysis showed that HRG is enriched in 
negative regulation of cell proliferation, extracellular 
exosome, platelet alpha granule lumen and heparin binding. 
HRG seemed to be an important component during the 
process of negative regulation of cell proliferation to inhibit 
cancer progression.

In previous studies, researchers tried to discover a 
perfect biomarker for ccRCC. For example, Hansson et al.  
found that ccRCC expressed very high transcript level of 
the dopamine transporter SLC6A3 and was influenced 
by HIF-2a. They recommended SLC6A3 as a novel 
biomarker for diagnosis and therapy (28). Xu et al. reported 
that CXCL13 was highly expressed in ccRCC tissues 
and the high expression could predict poor survival (29).  
Another research drew a conclusion that high expression of 
SLC1A5 is associated with poor prognosis in ccRCC (30).  
As sequencing databases expand quickly, numerous 
molecular markers have been identified and investigated 
via bioinformatics analysis. Song et al. also identified 
PTPRC, TGFB1, EGF, MYC, ITGB2, CTSS, FN1, CCL5, 
KNG1, and CD86 as potential crucial genes associated with 
carcinogenesis of ccRCC (31). Wu et al. viewed VEGFA, 
PPARA, CCND1, FLT1, CXCL12, FN1, DCN and ERBB4 
as biomarkers of ccRCC (32). Wang et al. found EGFR may 
be a potential prognostic biomarker for ccRCC (33). Chen  
et al. studied FCER1G and thought it was in association with 
ccRCC progression and prognosis (34). Xiao et al. screened 
out three hub genes (EHHADH, ACADM and AGXT2) as 
novel tumor suppressors in ccRCC (35). Some biomarkers 
are common among different researches such as TOP2A, 
VEGFA and EGFR (36,37). However, there is not an 
optimal prognostic predictor that has been recommended 
for pat ients  with ccRCC in cl inical  pract ice (3) .  
As one prognostic factor is  not accurate enough, 
multivariable prognostic models is put forward to predict 
prognosis. And prognostic models and nomograms provide 
better predictive accuracy than a single independent 
predictor (38). A novel biomarker can be utilized as not only 
an independent predictor, but also a part of new prognostic 
models to improve predictive accuracy. The investigation 
of the mechanism of a biomarker may provide potential 
therapeutic targets to treat ccRCC.

Considering the lack of experimental research on HRG in 
ccRCC, this study is limited. However, we totally identified 
99 common DEGs of ccRCC. And importantly, we found 
that HRG may play important roles in ccRCC. Our study 
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can be considered as a preliminary study for future related 
researches. 

Conclusions

In summary, our bioinformatics analysis identified 
ANGPTL4, CA9, CXCR4, LOX, EGF and HRG that were 
expressed differentially between ccRCC tissues and normal 
kidney tissues on the basis of GEO database. And all of the 
6 genes showed significant prognostic influence in patients 
with ccRCC. HRG was associated with ccRCC that had not 
been previously reported. In our study, HRG was regarded 
as an important common differentially expressed gene of 
ccRCC and could be a novel prognostic predictor. HRG 
could play an important role in tumor suppression, the 
underlying mechanism would be verified by further study.
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