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carcinoma
Yankang Cui1†, Tianyi Shen1†, Feng Xu1†, Jing Zhang2, Yuhao Wang3, Jiajin Wu3, Hengtao Bu3, Dian Fu1, 
Bo Fang1, Huichen Lv1, Suchun Wang1, Changjie Shi1, Bianjiang Liu3*, Haowei He1*, Hao Tang1* and 
Jingping Ge1* 

Abstract 

Background: Studies over the past decade have shown that competitive endogenous RNA (ceRNA) plays an 
essential role in the tumorigenesis and progression of clear cell renal cell carcinoma (ccRCC). Meanwhile, immune 
checkpoint blocker is gradually moving towards the first-line treatment of ccRCC. Hence, it’s urgent to develop a new 
prediction model for the efficiency of immunotherapy. At present, there is no study to reveal the effect of ceRNA 
network on the efficiency of immunotherapy for ccRCC.

Methods: To systematically analyze the effect of ceRNA hub genes in ccRCCon immune response, we constructed 
prognosis models based on ceRNAs and immune cells, respectively. We constructed ceRNA network using hypergeo-
metric distribution test and correlation analysis with R script based on The Cancer Genome Atlas (TCGA) database. 
We then applied the Cibersort algorithm to simulate the infiltration overview of immune cells in kidney renal clear 
carcinoma (KIRC) samples. Prognosis-related immune cells were screened and a predictive model of these cells was 
constructed. Prognosis-related immune cells and ceRNA hub genes were performed with co-expression analysis. 
Finally, qRT-PCR and immunofluorescence assays were performed to validate the results.

Results: The construction of ceRNA related prognosis model contained 8 hub genes, including RELT, MYO9B, KCNN4, 
SIX1, OTOGL, MALAT1, hsa-miR-130b-3p, and hsa-miR-21-5p. The area under the receiver operating characteristic 
curve (AUC) was 0.77 at 5 years. For the construction of immune cells prognosis model, 3 immune cells (T cells 
regulatory, Macrophages, Mast cells resting) were adopted, and the AUC was 0.65 at 5 years. We then merged the two 
models by correlation analysis and co-expression analysis. Finally, we found that KCNN4 positively correlates with T 
cells regulatory (Tregs) and negatively correlates with mast cells resting significantly. Furthermore, higher expression 
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Background
Renal cancer is one of the ten most common cancers 
worldwide and accompanies with about 85,680 esti-
mated new cases in the United States, in 2020 [1]. Among 
which, clear cell renal cell carcinoma (ccRCC) is the most 
commonly cancer subtype and accounts for most of the 
cancer-related deaths [2]. Advanced renal cancer gives 
rise to considerable morbidity and mortality. However, in 
the past decade, advances in treatment have substantially 
ameliorated the overall survival (OS) of patients with this 
disease. Particularly, immune checkpoint inhibition has 
proven to be an important and effective new strategy in 
the management of patients with advanced renal cancer.

RCC has a poor response to conventional chemo-
therapeutics. Although treatments that target vascu-
lar endothelial growth factor (VEGF) and rapamycin 
(mTOR) have increased therapeutic options, practically 
all patients eventually acquire resistance to these antian-
giogenic or molecularly targeted therapies [3]. Unlike 
chemotherapeutics, immunotherapy is expected to be a 
reliable choice for patients with advanced RCC. In 2019, 
the Food and Drug Administration (FDA) approved 
combinatorial approaches which incorporating PD1 
blockade and anti-angiogenic therapy as the first-line 
treatment for patients with advanced RCC [4]. How-
ever, current systemic immune treatments were limited 
by low response rates and toxic adverse effects [5]. Aside 
from immune checkpoint inhibition, the tumor micro-
environment has been highlighted to influence immu-
notherapeutic response and prognosis through various 
signaling pathways [6]. Hence, more studies on identify-
ing high-performance biomarkers which reflect tumor 
microenvironment and predict patients’ sensitivity to 
immunotherapy may help us develop novel therapies for 
ccRCC treatments.

Soon after the novel ceRNA notion was proposed [7], 
increasing bioinformatics data or experimental results 
have reported that most protein-coding genes and can-
cer-related lncRNAs in the human genome densely 
contain miRNA recognition elements (MREs), which 
validates the existence of lncRNA‒miRNA‒mRNA logic 
axis in cancers, including RCC. lncARSR was reported to 
act as a ceRNA for miR-34 and miR-449 to promote AXL 
and c-MET expression, and so contribute to sunitinib 

resistance in RCC [8]. LINC00973 could function as 
ceRNA to regulate cell surface abundance of Siglec‐15 
through sponging miR‐7109. LINC00973‐miR‐7109‐
Siglec‐15 axis was involved in immune activations in 
ccRCC [9]. Additionally, in recent years, some studies 
used bioinformatic methods to construct ceRNA net-
works which displayed satisfactory prognostic value for 
ccRCC [10, 11]. All these findings drove us to explore the 
connection between ceRNA network and tumor immune 
microenvironment.

In this study, we first constructed ceRNA networks 
and screened prognosis-related hub genes (HGs), and 
used these HGs to construct a predictive model. We 
then applied the cibersort algorithm to simulate the 
infiltration overview of immune cells in ccRCC samples. 
Prognosis-related immune cells were screened and a pre-
dictive model of these cells was constructed. We merged 
the above two models and searched for the HGs that were 
highly correlated with immune cells. Finally, KCNN4 was 
found to recruit Tregs and restraint mast cells resting. 
The followed experiments verified this. Briefly, KCNN4 
may weaken anti-tumor immune response via rais-
ing Tregs and diminishing resting mast cells in ccRCC. 
The miR-16-5P was predicted to bind to the 3’-UTR of 
KCNN4 and so release the immunosuppression.

Methods
Workflow
The steps we used in this study to investigate the ceRNA 
network hub genes’ immune signature were displayed in 
Fig. 1.

Data collection and pre‑processing
Transcriptome profiling data (Count) of KIRC was down-
loaded from TCGA (https:// portal. gdc. cancer. gov/) and 
divided into mRNA, miRNA and lncRNA with R algo-
rithms using human.gtf. The corresponding clinical 
information of these cases was also collected.

ceRNA network construction
Given the mRNA, miRNA and lncRNA expression 
matrix, differentially expressed genes were screened 
with ‘DEseq2’ package and extracted to build ceRNA 
network. The fold-change > 2 and P value < 0.05 was 

of KCNN4 may lead to a higher potential for immune evasion and lower efficiency for immune checkpoint inhibitors 
(ICIs).

Conclusions: Generally, this is the first study to assess the prognostic value of immune related ceRNA hub genes in 
ccRCC, and KCNN4 was finally demonstrated to be a key regulatory factor with strong correlation with Tregs and mast 
cells resting.
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considered as significant. For preliminary forecast-
ing the relationship of lncRNA-miRNA and miRNA-
mRNA, we used ‘starbase’ database and got an initial 
network. Then we conducted hypergeometric distribu-
tion test and correlation analysis to filter the network, 
and the p value cutoff was 0.001. Finally, the network 
was drawn with Cytoscape software (v3.8.2).

The overall survival analyses of the ceRNA network hub 
genes
Given the expression matrix of ceRNA network hub 
genes and clinical data, we next analyzed the survival 
impact of these genes on KIRC patients. A total of 41 
hub genes and 611 cases were included in the study 
cohort. ‘Survival’ package was used and p value < 0.05 
was considered significant.

Fig. 1 Main workflow for the study. (TIC: tumor-infiltrating immune cells)
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Prognosis model of hub genes construction
To screen the prognosis related hub genes from above 
18 survival related genes and construct the progno-
sis model, we conducted univariate COX proportional 
hazards regression analysis, lasso regression and mul-
tivariate COX regression analysis. The p value filter 
for univariate COX regression was 0.05 and significant 
genes were further enrolled to conduct lasso regres-
sion. The Akaike information criterion (AIC) values 
were used to optimize the multivariate COX model and 
the hub genes with the lowest AIC were retained in the 
final signature. The risk score formula was as followed: 
Risk score= ∑Gene(exp)×Gene(coef )  (Gene(exp) indicates 
the expression of every single hub gene and the  Gene(coef ) 
was calculated using a multivariable COX proportional 
hazards model). Afterward, patients were divided into 
high or low-risk group basing on the median risk score, 
the survival and receiver operating characteristic (ROC) 
analyses were subsequently performed to assess the mod-
el’s prognostic value for KIRC patients. The ROC analysis 
was performed with ‘timeROC’ package. A nomogram 
summarizing the multivariate COX model was developed 
with the ‘rms’ package in R 4.0.3. The correlation between 
gene risk score and tumor grade was performed with 
“limma” and “ggpubr” package. Finally, the TIDE tool 
(http:// tide. dfci. harva rd. edu/) from the Harvard Univer-
sity was used to assess the clinical efficiency of immune 
checkpoint inhibition therapy, where higher TIDE pre-
dictive scores correlated with poor therapeutic effect and 
worse prognosis.

Prognosis model of immune cells construction
CIBERSORT was used to assess the infiltration level of 
22 tumor immune cells in KIRC patients, and the sam-
ples whose p-value < 0.05 were incorporated to display 
the distribution difference of immune cells between 
tumor and normal samples by heatmap and violin plots. 
Besides, the correlation between immune cells in KIRC 
samples was analyzed with the ‘corplot’ package. We 
then performed survival analyses to get the relationship 
between immune cells infiltration level and overall sur-
vival time. Afterward, clinical prognostic factor-tumor 
grade was also included as a measure to further assess 
the prognostic value of above survival-related immune 
cells. For model construction, as well as above hub genes, 
univariate COX proportional hazards regression analysis, 
lasso regression and multivariate COX regression analy-
ses were carried out in succession. The immune cells with 
the lowest AIC were retained in the final signature. After 
constructing the model, we assessed this model via OS, 
ROC, nomogram, clinical correlation, and TIDE analyses 
same as the hub genes model based on risk score with R 
algorithm.

The co‑expression analysis of prognosis related immune 
cells and ceRNA network hub genes
Given the prognosis related ceRNA network hub genes 
and immune cells, we next conducted the co-expression 
analysis between them to find the potential hub genes 
related to immune cells regulation with R algorithms. 
The Pearson correlation coefficient (R) was calculated to 
establish whether there was a correlation between hub 
genes and immune cells. |R|> 0.3 and p value < 0.001 were 
considered as significant. Timer database (http:// timer. 
cistr ome. org/) was used to validate the co-expression 
relationships between hub genes and immune cells mark-
ers in KIRC samples. Ualcan database (http:// ualcan. 
path. uab. edu/) was used to analyze the expression level of 
KCNN4 in different tumor grades.

Gene set enrichment analysis (GSEA)
611 KIRC samples in TCGA were divided into two groups 
(high and low KCNN4 expression) based on the median 
expression. We conducted GSEA between the two groups 
to identify the significantly altered Gene Ontology 
(GO) pathways by using GSEA software (v4.0.3). C5.all.
v6.1.symbols.gmt was used as the gene set. The p and 
FDR q values were obtained from 1,000 permutations 
and P < 0.05 was considered statistically significant.

Tumor microenvironment analysis
We used ESTIMATE algorithm (Estimation of Stromal 
and Immune cells in Malignant Tumor tissues using 
Expression data) algorithm to measure stromal and 
immune scores in KIRC with data from TCGA database.

Sample collection, RNA extraction and quantitative RT‑PCR
The ccRCC normal and tumor tissues were acquired from 
patients who were diagnosed with ccRCC and underwent 
surgery at The First Affiliated Hospital of Nanjing Medi-
cal University between 2015 and 2020. Patients who were 
diagnosed with ccRCC by pathology were included, and 
those who had any medical history of other neoplasms 
was excluded. Finally, a total of 40 pairs of tissues were 
included in our cohort. Samples for RNA extraction were 
freshly frozen in liquid nitrogen and stored at −  80 ℃. 
Samples for immunofluorescence analysis were formalin 
fixed. The study design and protocol were approved by 
the ethics committee of The First Affiliated Hospital of 
Nanjing Medical University. All patients included in this 
study provided informed consent. RNA-Quick purifica-
tion kit (YISHAN, ShangHai, China) was used to extract 
and purify the samples’ total RNA according to the man-
ufacturer’s protocols. Briefly, lysis buffer was used to split 
the tissues. Wash buffer was used to remove excess impu-
rities, and elution buffer was used to dissolve the total 

http://tide.dfci.harvard.edu/
http://timer.cistrome.org/
http://timer.cistrome.org/
http://ualcan.path.uab.edu/
http://ualcan.path.uab.edu/
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RNA. The total RNA was reverse transcribed into com-
plementary DNA (cDNA) using HiScript.

II (Vazyme, Shanghai, China). qRT-PCR was per-
formed using SYBR Green I (Vazyme, Shanghai, China) 
on ABI 7900 system (Applied Biosystems, Carlsbad, CA, 
USA) and the primers for KCNN4 were as follows: for-
ward (F), 5′-CTG CTG CGT CTC TAC CTG G-3′; reverse 
(R), 5′-AGG GTG CGT GTT CAT GTA AAG-3′.

Immunofluorescence
The tissues which fixed in formalin were made into paraf-
fin embedded tissue blocks and sliced. After washed with 
PBS for 3  times, the slices were blocked with 10% goat 
serum for 45  min. Then, the slices were incubated with 
indicated primary (Proteintech; 23,271–1-AP) and sec-
ondary antibodies at 4 °C overnight or at room tempera-
ture for 2  h, respectively. The nucleus was stained with 
DAPI and signals were observed using a fluorescence 
microscope (Nikon).

Statistical analysis
Almost all analyses were performed with R software 
(4.0.0) or Perl (5.32.0) script. Usually, Perl script was used 
to process data, such as gene id transformation, data 
merging etc. The Student’s t-test was used to compare the 
differences between two or three groups. P value < 0.05 

was considered statistically significant unless noted 
otherwise.

Results
The predictive model we constructed based on ceRNA hub 
genes has significant prognostic value for KIRC patients
Different expressing genes in KIRC tumors and normal 
tissues were analyzed with R algorithm and showed in 
Additional file 1: Figure S1. After hypergeometric distri-
bution test and correlation analysis, a total of 20 mRNA, 
14 miRNA, and 7 lncRNA were filtered out to construct 
the ceRNA network (Fig. 2). We then performed survival 
analyses with these HGs to get the survival related ones. 
As showed in Additional file 2: Figure S2, 18 HGs were 
found to be significant related to ccRCC patients’ survival 
probability. Univariate COX proportional hazards regres-
sion analysis was conducted with these HGs for the ini-
tial screening of prognosis related HGs (Table 1).

To avoid the influence of confounding factors, we per-
formed a LASSO regression analysis to re-assess the HGs, 
14 of them with nonzero coefficients (Fig.  3a, b). After 
evaluated with AIC value, we retained 8 HGs as poten-
tial prognosis related HGs of the prediction model. These 
HGs included RELT, MYO9B, KCNN4, SIX1, OTOGL, 
MALAT1, hsa-miR-130b-3p, hsa-miR-21-5p. Subse-
quently, we performed a multivariable COX regression 
analysis, constructed a predictive model. Except for RELT, 

Fig. 2 Networks of ceRNAs predicted by hypergeometric distribution test and correlation analysis. The red ellipse indicates miRNA. The yellow 
ellipse indicates mRNA. The green ellipse indicates lncRNA. ceRNA: competitive endogenous RNA
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hsa-miR-21-5p, the other 6 HGs showed a significant rela-
tionship with prognosis (Fig.  3c). The 8 HGs were then 
recruited to build the predictive model. In this model, we 
divided patients into high-risk group, low-risk group bas-
ing on their risk scores. The survival analysis revealed that 
high-risk patients have shorter survival time compared to 
low-risk patients (Fig.  3d, p < 0.001). ROC curve for the 
predictive model were showed in Fig.  3e. The AUC were 
0.766, 0.747, 0.77 at 1, 3, 5 years, respectively. Compared to 
clinicopathological characteristics including tumor grade 
stage, the AUC for our risk score showed a higher value. 
Nomograms of the multivariable predictive model were 
prepared to graphically illustrate the relative impact of each 
HG to predict 1-, 2-, 3-year survival (Fig. 3f). The calibra-
tion curve of the 3-year OS suggested great fitness between 
actual 3-year OS, nomogram-predicted probability of 
3-year OS. Besides, high risk score predicted high tumor 
grade (Fig.  3h), high TIDE score (Fig.  3i), which means 

poor immune checkpoint inhibition therapy effect, worse 
prognosis

The predictive model we constructed based on immune 
cells has significant prognostic value for ccRCC patients
We estimated the abundance of various types of immune 
cell with cibersort for TCGA cohort, and the sum of the 
immune cell composition in each of the 22 samples was 
100% (Additional file  3: Figure S3a). The difference of 
immune cells’ infiltration between tumor and normal 
samples was shown as a heatmap in Additional file 3: Fig-
ure S3b and a violin plot in Additional file  3: Figure S3c. 
The Additional file 3: Figure S3d displayed the correlation 
between these 22 subtypes of immune cells in ccRCC sam-
ples. Red indicates positive correlation, and blue indicates 
negative correlation. The correlation coefficients were also 
provided.

Given the overview of immune cells’ infiltration in ccRCC 
samples, we then evaluated the prognostic value of these 
immune cells in combination with the clinical information 
of the samples which also obtained from TCGA database. 
The survival analysis revealed a better survival probability 
in patients with higher infiltration of dendritic cells resting 
and mast cells resting (Fig. 4a, p < 0.001). On the contrary, 
higher infiltration of T cells follicular helper and Tregs will 
bring lower survival rate (T cells follicular helper: p = 0.03; 
Tregs: p = 0.002). Figure 4b described the 4 immune cells’ 
infiltration levels between different degrees of tumor grade. 
For dendritic cells resting, grade 4 (G4) samples showed 
lower infiltration than that in grade 2 (G2, p = 0.0098) and 
grade 3 (G3, p = 0.024) samples. Besides, with the increase 
of samples’ grade, the infiltration degree of mast cell resting 
gradually decreased. Briefly, for T cells follicular helper and 
Tregs, a higher infiltration level was represented in higher 
tumor grade.

Same as the construction of HGs’ predictive model, 
univariate COX proportional hazards regression analysis 
was used as the initial screening (Table 2). LASSO regres-
sion analysis indicated 5 of them with nonzero coeffi-
cients (Fig. 5a, b). Combined with AIC value’s assessment, 
3 immune cells were retained for next multivariable COX 
regression analysis and the construction of predictive 
model. As showed in Fig. 5c, Tregs and mast cells resting 
had significant prognostic value for ccRCC. The predictive 
model we built based on the 3 immune cells displayed a 
good prognostic value according to the survival analysis and 

Table 1 Univariate COX proportional hazards regression analysis 
of HGs

Id HR HR.95L HR.95H p value

CELSR3 1.30825 1.16335 1.47120 7.25E-06

SH2D2A 1.25329 1.12161 1.40042 6.71E-05

RELT 1.96307 1.57015 2.45431 3.23E-09

MYO9B 1.43954 1.05476 1.9647 0.021679

KCNN4 1.52858 1.34385 1.73870 1.07E-10

UNC5B 0.84574 0.73655 0.97112 0.017532

RSRP1 1.30938 1.12468 1.52442 0.000512

SIX1 1.20422 1.05746 1.37136 0.005069

OTOGL 0.77371 0.69679 0.85912 1.57E-06

APLN 0.86073 0.76520 0.96818 0.012468

RFLNB 0.76791 0.66271 0.88982 0.000444

TCF4 0.75146 0.65271 0.86514 7.03E-05

NEAT1 1.16812 1.04117 1.31055 0.008114

PVT1 1.59150 1.31114 1.93181 2.60E-06

MALAT1 1.25327 1.10992 1.41513 0.00027

SNHG1 1.43115 1.17195 1.74767 0.000437

AC016876.2 1.33913 1.10733 1.61945 0.002601

hsa-miR-130b-3p 1.80859 1.52765 2.141209 6.01E-12

hsa-miR-200b-3p 0.875982 0.768244 0.998828 0.047988

hsa-miR-204-5p 0.897177 0.849 0.948088 0.000117

hsa-miR-21-5p 1.75617 1.433561 2.151378 5.40E-08

hsa-miR-590-3p 1.473438 1.17421 1.84892 0.000818

(See figure on next page.)
Fig. 3 The construction of ceRNA prognosis model. a, b The results of the LASSO logistic regression. c The results of the multivariate Cox regression. 
Kaplan–Meier survival curve (d), model diagnosis process (e), and nomogram (f) of the prognosis model based on ceRNA prognosis model. g The 
calibration curve of the 3-year overall survival (OS) in ccRCC. (h) The risk score of hub genes model in KIRC based on tumor grade. (i) The relationship 
between risk score and TIDE score. LASSO: least absolute shrinkage and selection operator. SE = standard error
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Fig. 3 (See legend on previous page.)
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ROC curve analysis. High risk group had shorter survival 
time (Fig. 5d,  p< 0.001). AUC were 0.649, 0.687, and 0.65 
at 1, 3, and 5 years, respectively (Fig. 5e). Nomograms of 
the multivariable predictive model were provided in Fig. 5f 
to graphically state the relative impact of each immune 
cells to predict 1-, 2- and 3-year survival. The calibration 
curve was also plotted to describe the fitness between the 
actual 3-year OS and the nomogram-predicted probabil-
ity of 3-year OS. Furthermore, the macrophages M0 cells 
and Tregs showed a higher infiltration in high-risk group 

(Fig.  5h). The mast cells resting showed a higher infiltra-
tion in low-risk group. Lastly, same as hub genes predictive 
model, high risk score of immune cells predictive model 
tended to higher tumor grade (Fig. 5i) and worse efficiency 
of immune checkpoint inhibitors (ICIs, Fig. 5j).

KCNN4 may recruit Tregs and diminish resting mast cells 
to weaken anti‑tumor immune response
Given the above 2 predictive models, we then merged 
them to find the immune related HGs via correlation 
analysis and co-expression analysis. Noteworthily, 
KCNN4 displayed a positive correlation with Tregs 
(Fig. 6a, b; R = 0.38, p = 2.1e-14) and a negative corre-
lation with mast cells resting (R = -0.31, p = 7.1e-10). 
Subsequently, we used Timer database [12] to calcu-
late the correlation between the expression of KCNN4 
and the marker of Tregs (FOXP3), resting mast cells 
(KIT). The correlation was adjusted by tumor purity. 
The results are consistent with our analysis. KCNN4 
correlated positively with FOXP3 (R = 0.56, p = 2.3e-
45) and negatively with KIT (R = −0.16, p = 0.00016). 
Tumor microenvironment (TME) acts as a complex 
ecosystem, which could support tumor growth as well 
as metastasis while attenuating immunosurveillance. 

Fig. 4 The assessment and screening of immune cells’ prognostic value for ccRCC patients based on OS (a) and tumor grade (b)

Table 2 Univariate COX proportional hazards regression analysis 
of immune cells

Id HR HR.95L HR.95H p value

T cells CD4 memory 
resting

0.138211 0.020692 0.923158 0.041103

T cells CD4 memory 
activated

127607.1 45.60157 3.57E + 08 0.003693

T cells follicular helper 579694.1 124.2054 2.71E + 09 0.00208

T cells regulatory (Tregs) 670390.8 1105.508 4.07E + 08 4.07E-05

Macrophages M0 5.041978 1.020671 24.90669 0.047137

Mast cells resting 2.22E-06 4.40E-09 0.001122 4.16E-05

(See figure on next page.)
Fig. 5 The construction of immune cells prognosis model. a, b The results of the LASSO logistic regression. c The results of the multivariate Cox 
regression. Kaplan–Meier survival curve (d), model diagnosis process (e), and nomogram (f) of the prognosis model based on immune cells 
prognosis model. g The calibration curve of the 3-year OS in ccRCC. h Distribution of prognosis related immune cells in high-risk and low-risk 
groups. i The risk score of immune cells model in KIRC based on tumor grade. j The relationship between risk score and TIDE score
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Fig. 5 (See legend on previous page.)
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TME is a cellular environment consisting of tumor cells 
and other non-malignant cells, including surrounding 
immune cells, stromal cells, etc. We used the ESTI-
MATE algorithm to assess the impact of KCNN4 on 
TME. We found that the immunescore and stromals-
core were elevated in samples which higher expressed 
KCNN4.

GSEA analysis further supported these findings as 
it showed a negative regulation of immune response 
enriched in KCNN4 positively correlated site. Hence, 
higher expression of KCNN4 may inhibit immune 
response.

We then used our 40 ccRCC samples to verify the cor-
relation between KCNN4 and FOXP3, KCNN4 and KIT 

(Fig. 7a). Consistent with bioinformatic analysis, KCNN4 
had positive correlation with FOXP3 (R = 0.6413, 
p < 0.01) and negative correlation with KIT (R = -0.4261, 
p < 0.01). Besides, we performed immunofluorescence 
assay with high grade tissues and low-grade tissues to 
study the expression difference (Fig. 7b). We found that 
the fluorescent signals of KCNN4 were stronger in high 
grade tissues. In addition, higher KCNN4 were accompa-
nied by higher FOXP3 staining and lower KIT staining. 
On the contrary, lower KCNN4 were accompanied by 
higher KIT staining and lower FOXP3 staining. UALCAN 
database showed that high expression level of KCNN4 
may be found in high tumor grade (Fig. 7c). Besides, high 
KCNN4 expression predicted worse efficiency of ICIs for 

Fig. 6 The merge results of the above two prognosis models. a The correlation analysis (a) and co-expression analysis (b) of prognosis-related 
ceRNA hub genes and immune cells. Further verification of the co-expression relationship between KCNN4 and the marker of Tregs (KCNN4), mast 
cells resting (KIT). c The correlation analysis between TME and KCNN4 expression. d The GSEA analysis of KCNN4 in ccRCC samples
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Fig. 7 The validation of the mRNA and protein expression relationship between KCNN4 and FOXP3, KCNN4 and KIT respectively. a The qRT-PCR 
results of the mRNA expression of KCNN4, FOXP3, and KIT. b The immunofluorescence staining of KCNN4, FOXP3, and KIT in high and low-grade 
ccRCC samples. c The expression of KCNN4 in KIRC based on tumor grade. d The relationship between KCNN4 expression and TIDE score
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KIRC patients. This is consistent with the above TME 
results. Higher expression of KCNN4 may lead to higher 
immunescore and stromalscore, which refers to weaker 
immunosurveillance and lower sensitiveness to ICIs.

Given the important role of KCNN4 in immune cells 
infiltration, we then explore the possible regulatory 
mechanisms from the ceRNA network. According to 
Fig. 2, we knew the potential role of C1RL-AS1 in spong-
ing has-miR-16-5p. Hence, we adopted Starbase v3.0 [13] 
to predict the potential binding sites (Figure S4a). We 
found that both C1RL-AS1 and KCNN4 have binding 
sites to has-miR-16-5p, which further confirms the pos-
sibility of endogenous competition between C1RL-AS1 
and KCNN4. Besides, the expression of miR-16-5p is 
higher than C1RL-AS1 and KCNN4 in 517 KIRC samples 
(Figure S4b).

Collectively, as a ceRNA hub gene, KCNN4 may func-
tion as a tumor promoter by recruiting Tregs and dimin-
ishing resting mast cells, and so inhibiting the anti-tumor 
immunity of the host. More mechanism study on the 
regulatory role of hsa-miR-16-5p to KCNN4 will bring 
ccRCC patients more therapeutic choices.

Discussion
ccRCC is one of the most challenging tumors with a 
high recurrence rate after initial resection [14]. Molecu-
lar and cellular components play an important role in 
tumorigenesis and recurrence and are often considered 
as potential prognostic factors [15]. The aberrant expres-
sion of important genes in tumors and the difference of 
infiltration of immune cells between tumor and normal 
tissues have attracted our interest. However, previous 
studies on this aspect are scarce. In the present study, 
we found significant differences in tumor immune cell 
infiltration and ceRNAs expression between tumor and 
normal tissues. On this basis, two prediction models 
with high efficacy were constructed, which are helpful 
for assessing the prognosis of ccRCC patients. By com-
paring the correlation of ceRNAs with immune cells, we 
found the potential role of KCNN4 in regulating Tregs 
and resting mast cells. Furthermore, the lncRNA C1RL-
AS1 may sponge hsa-miR-16-5p to release the inhibition 
of KCNN4. We subsequently applied multiple databases 
for multidimensional validation to verify the reliability of 
our results.

KCNN4 also known as KCa3.1 is part of a potentially 
heterotetrameric voltage-independent potassium chan-
nel that is activated by intracellular calcium. The role of 
the voltage-gated  K+ (Kv) channels and membrane poten-
tial in the activation of T lymphocytes was established 
more than three decades ago [16]. As a  Ca2+-activated 
 K+ channel, KCNN4 presents in much lower numbers 
in resting naive T cells, but at substantially elevated 

numbers in activated T cells [17]. Besides, activation 
of  K+ channels, accompanied with subsequent hyper-
polarization of the cell membrane, enhances mast cell 
degranulation. Loss of KCNN4 expression significantly 
impairs mast cell volume regulation [18]. In our study, 
we found that KCNN4 showed positive and negative cor-
relations with the infiltration of Tregs and resting mast 
cells, respectively. We hypothesize that elevated KCNN4 
expression implies an over-activation of potassium chan-
nels. This, in turn, can lead to the activation of T cells 
with mast cells. Thus, Treg cell infiltration is elevated, 
while resting mast cell infiltration is reduced due to being 
activated.

ccRCC has been proven to be a highly immune-infil-
trated tumor in multiple genomic and clinical studies [19, 
20], and ccRCC is the most highly T cell infiltrated tumor 
type when compared with 18 other malignancies [21]. 
The functions of Tregs and mast cells in immune thera-
peutic response to ccRCC have been highlighted recently. 
There is a consensus that Tregs are associated with nega-
tive outcomes [21]. Besides, a meta-analysis suggested 
that high Foxp3 (+) Tregs infiltration was significantly 
associated with shorter OS and more advanced tumor 
stage in ccRCC [22]. In addition to Tregs, the recruit-
ment of mast cells has been demonstrated to result in 
increased RCC angiogenesis in both in vitro and in vivo 
studies. Mechanically, RCC recruited mast cells by mod-
ulating PI3K →  AKT →  GSK3β →  AM signaling [23].

In addition to the regulation of immune cells, studies 
on the function of KCNN4 in malignant tumors have 
been continuously reported in recent years. KCNN4 
promotes papillary thyroid cancer cells progression via 
inducing epithelial-mesenchymal transition and restrain-
ing apoptosis, which suggests that KCNN4 may be a 
reliable diagnostic and prognostic biomarker for PTC 
patients [24]. In pancreatic ductal adenocarcinoma, 
KCNN4 was reported to interact with GABRP to induce 
Ca2+ entry, which leads to the activation of NF-κB sign-
aling and ultimately promotes macrophage infiltration 
[25]. As early as 2015, a study found that KCNN4 expres-
sion was upregulated in ccRCC and that high expression 
was associated with a high risk of metastasis and poor 
prognosis [26].

In this study, we adopted hypergeometric testing and 
correlation analysis to construct the ceRNA networks. 
In which, KCNN4 and C1RL-AS1 were found to be sig-
nificantly correlated with hsa-miR-16-5p. The further 
results exposed the potential binding sites between 
miR-16-5p and KCNN4, miR-16-5p and C1RL-AS1, 
respectively. miR-16-5p was reported to be sponged 
by SNHG16, which served as a ceRNA, and so induce 
the derepression of its target gene SMAD5 and result 
in potentiation of the TGF-β1/SMAD5 pathway to 
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upregulate the expression of CD73 in Vδ1 T cells [27]. 
C1RL-AS1 probably promoted the malignant pheno-
type of gastric cancer via the AKT/β-catenin pathway 
by downregulating c-Myc [28].

We should acknowledge that our study inevitably has 
some limitations. First, we did not consider the heteroge-
neity of the immune microenvironment associated with 
the location of immune infiltration. Heterogeneity of his-
tological subtypes could influence the accuracy and gen-
eralization of prediction models. Second, all data series 
downloaded for predictive model construction were from 
Western countries. Therefore, caution should be exer-
cised when applying the findings of this study to patients 
in Asian countries. Besides, we just utilized the TIDE 
dataset to estimate the ICIs efficiency and we should 
enroll eligible patients treated with ICIs drugs to com-
pare the indicative value of risk score. Last but not least, 
this study is only a multidimensional correlation study, 
not a biological mechanism study. However, despite its 
limitations, the present study is the first establishment 
of prognostic model to predict the survival of ccRCC 
patients based on ccRCC-specific tumor-infiltrating 
immune cells and ceRNA networks. In the future, more 
studies should be conducted to improve the model and 
supply more therapeutic choices which contribute to the 
efficiency of immune response.

Conclusions
In this study, two models were constructed to predict 
the survival and prognosis of ccRCC patients based on 
tumor-infiltrating immune cells and ceRNA networks, 
and their utility was demonstrated by their significant 
AUC values. The proposed prediction nomograms 
may provide more comprehensive and effective clinical 
information for improving the personalized manage-
ment of ccRCC patients. In addition, this study hypoth-
esized that KCNN4 could recruit Tregs and decrease 
resting mast cells, which could lead to tumor progres-
sion as well as poor prognosis. More regulatory studies 
on this ceRNA network for C1RL-AS1/has-miR-16-5p/
KCNN4 will provide more immune adjuvant treatment 
options for patients with advanced ccRCC.
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