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Background: Clear cell renal cell carcinoma (ccRCC) is a relatively frequently diagnosed form of urological cancer that is highly 
malignant and associated with high rates of patient mortality. At present, there are few effective options for treating advanced cases of 
ccRCC, emphasizing the need to establish novel biomarkers and targets suitable for therapeutic intervention. SET domain bifurcated 
histone lysine methyltransferase 2 (SETDB2) belongs to the Su(var)3–9 subfamily of methyltransferases and has been linked to 
various forms of cancer, but the role it plays in ccRCC remains to be fully established.
Methods: Data on SETDB2 expression were downloaded from The Cancer Genome Atlas (TCGA) and Gene Expression Omnibus 
(GEO) databases. Functional enrichment analyses were then used to probe the putative role that SETDB2 plays in the onset of ccRCC. 
The Gene Set Cancer Analysis (GSCA) platform and molecular docking analysis were utilized to investigate the relationship between 
gene expression and drug sensitivity. In the end, the core target and the active molecule were both given the green light for a molecular 
docking investigation. Functional assays and Western blotting performed with ccRCC cell lines were employed for the validation of 
the findings from these predictive analyses.
Results: SETDB2 downregulation was observed in ccRCC, and lower levels were found to linked with poor patient outcomes. Lower 
SETDB2 levels were associated with worse overall, progression-free, and disease-specific survival. In Functional enrichment analyses, 
SETDB2 was predicted to regulate key ccRCC development-associated pathways. SETDB2 levels were also significantly associated 
with cuproptosis induction in KIRC tissues, while in immune cell infiltration analyses, SETDB2 expression was linked with immune 
responses within the tumor microenvironment. Functional experiments conducted with ccRCC cell lines unveiled molecular mechan
isms through which SETDB2 appears to be capable of inhibiting the development of ccRCC.
Conclusion: Together, these analyses highlight the utility of SETDB2 as a prognostic biomarker in ccRCC. The interactions and 
associated pathways detected through these analyses provide unique insight into the potential functions of SETDB2 in this cancer type, 
providing an evidence base for future studies.
Keywords: SETDB2, biomarkers, kidney renal clear cell carcinoma, prognosis, tumor-immune infiltration, cuproptosis

Introduction
Renal cell carcinoma (RCC) is relatively common urological tumor, representing ~3% of global cancer cases, with an estimated 
400,000 diagnoses per year and a mortality rate as high as 40%.1 Over the past two decades, a steady 2% annual increase in 
RCC incidence has been observed.2 Clear cell RCC (ccRCC) is the most prevalent and deadliest RCC subtype, making up 
70–75% of all cases.3 In its early stages, ccRCC treatment consists primarily of surgery, and patient survival rates are 
approximately 60–70%.4,5 Advanced ccRCC, however, is characterized by 5-year survival rates in the 10% range in some 
instances despite efforts to develop reliable treatments, underscoring the poor prognosis associated with this malignancy.6–8 The 
molecular drivers of ccRCC remain poorly understood, and the absence of accurate molecular targets or clinical biomarkers 
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persistently hampers efforts to diagnose and treat this disease. The establishment of new biomarkers and therapeutic targets is 
thus vital to the improvement of ccRCC patient diagnosis in the early stages of disease and to achieve a better overall prognosis, 
as these findings may help design more effective interventional strategies that yield more favorable patient outcomes.

The histone methyltransferase SETDB2 catalyzes the trimethylation of histone H3 lysine 9 (H3K9me3). It consists of 
a segmented SET region, a preSET region, and a methylated CpG binding region.9,10 High levels of SETDB2 expression 
have been reported in gastric cancer, and it can promote tumor cell invasivity and migratory activity through its ability to 
silence CADM1 and WWOX, which are tumor suppressor genes.11 SETBD2 expression dynamics in ccRCC, however, 
remain uncertain, as to the mechanisms through which it impacts the invasion and metastasis of ccRCC cells.

To address these areas of uncertainty, in this study, SETDB2 expression in kidney renal clear cell carcinoma (KIRC) 
was analyzed, and the association between SETDB2 levels and various clinical parameters was evaluated. A protein- 
protein interaction (PPI) network incorporating SETDB2 and associated differentially expressed genes (DEGs) was also 
constructed. The further characterize the function of this gene, the relationships between SETDB2 levels, immune cell 
invasion, immune status-related gene sets, and cuproptosis were assessed through the use of multiple databases. The role 
that SETDB2 plays in KIRC development was predicted through the integration of signaling pathway enrichment and 
immune infiltration analyses. The overall objective of these analyses was to clarify the specific mechanistic function of 
SETDB2 in ccRCC development and to clarify its utility as a target for therapeutic intervention.

Methods
Data Collection
The UCSC TCGA Pan-Cancer database (https://xenabro wser.net/) was accessed to obtain the pan-cancer dataset used for 
analyses in this study, which included gene expression, prognosis-related, and immune-related analyses. The Cancer 
Genome Atlas (TCGA) was accessed to obtain the TCGA-KIRC database used to conduct gene expression and 
clinicopathological analyses. Analyses of SETDB2 expression levels in KIRC were performed using the Gene 
Expression Omnibus GSE53757 and GSE40435 datasets. The Human Protein Atlas (HPA) is a database with immuno
histochemical (IHC) data corresponding to 17 major cancer types and 44 normal tissue types.12

Prognosis Analysis
Univariate Cox regression analyses were used to assess overall survival (OS), disease-specific survival (DSS), and 
progression-free interval (PFI) curves for STAD, COAD, HNSC, LUSC, LIHC, KIRC, KICH, CHOL, and THCA, 
visualizing the results with forest plots incorporating the corresponding P-values, hazard ratios (HRs), and 95% 
confidence intervals (CIs). The R ‘forstplot’ package was utilized to perform these analyses. SETDB2 expression levels 
in KIRC samples were used to generate Kaplan-Meier plots using the R ‘survival’ and ‘survminer’ packages.

Analyses of Genetic Alteration
The frequencies of SETDB2 mutation, copy number changes, and mutation types across KIRC Atlas studies were 
assessed with cBioPortal (https://www.cbiopo rtal.org/).13 Specific mutation types were additionally evaluated with the 
Catalogue of Somatic Mutations in Cancer (COSMIC).

Functional Enrichment Analyses
Data pertaining to the top 200 genes showing closest associations with SETDB2 were collected, and correlations between 
the expression of SETDB2 and the top four most closely correlated genes were identified using GEPIA2 (https://gepia2. 
cancer-pku.cn/),14,15 which enables analyses of transcriptomic data from the TCGA and GTEx projects. SETDB2 PPI 
network establishment was performed with STRING (https://string-db.org/).16 To develop this network, the “Search” 
module was searched for the protein (SETDB2) and organism (Homo sapiens), with all settings other than the following 
at default values: minimum required interaction score (“low confidence (0.150)”), active interaction source (“Textmining 
and experiment”), and ≤ 50 interactors in the first shell. The two sets of information were integrated to conduct Gene 
Ontology (GO) and KEGG functional enrichment analyses.
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Immune Cell Infiltration Analyses
Correlations between SETDB2 and six different tumor-infiltrating immune cell types (CD4+ T cells, CD8+ T cells, 
B cells, dendritic cells [DCs], neutrophils, and macrophages) were assessed with TIMER (https://cistrome.shinyapps.io/ 
timer/). Associations between immune cell responses and SETDB2 levels in KIRC were additionally analyzed using 
CIBERSORT (Newman et al, 2015), setting P < 0.05 as significant. The ESTIMATE algorithm17 was applied to assess 
links between SETDB2 levels and the immune, stromal, and ESTIMATE scores for each KIRC sample.

Immune Checkpoint and TMB Correlation Analyses
Correlations between SETDB2 and immune checkpoints in KIRC were assessed with the R ‘limma’ and ‘corrplot’ 
packages based on TCGA data, regarding P < 0.001 as the cut-off for significance. The ‘limma’ package was also used to 
examine correlations between SETDB2 levels and tumor mutational burden (TMB).

Drug Sensitivity Analysis
The effect of SETDB2 on drug susceptibility was evaluated using the GSCA (Gene Set Cancer Analysis) (http://bioinfo. 
life.hust.edu.cn/GSC-A/#/)18 and the Genomics of Drug Sensitivity in Cancer (GDSC) databases.

Molecular Docking Analysis of Lapatinib with SETDB2
Molecular docking simulations were conducted to predict the interaction patterns between the active sites of proteins and 
ligands using Schrödinger Suite Maestro (Version 11.5). Protein structures for these hub genes and drugs were obtained 
from the RCSB Protein Data Bank (RCSB PDB) (https://www.rcsb.org/), SWISS-MODEL server (https://swissmodel. 
expasy.org/), and PubChem (https://pubchem.ncbi.nlm.nih.gov/). The collected data were processed and visually pre
sented according to a previously reported study.19 Subsequently, PyMOL software (version 2.3) was employed to derive 
the affinity parameters and 3D spatial structures based on the calculated binding energies.

Cell Culture
786–0 and Caski-1 cells from Procell Life Science & Technology Co., Ltd (CL-0010; CL-0052, Wuhan, China) were 
grown in DMEM with 10% FBS in a 5% CO2 37°C incubator.

Transfection
The SETDB2-overexpression plasmid (OE-SETDB2) and the negative control NC recombinant plasmid (NC-SETDB2) 
were obtained from Gima Gene (Shanghai, China). KIRC cells were transfected with these plasmids with Lipofectamine 
6000 (Beyotime Biotechnology, Shanghai, China) as directed, after which cells were cultured for 48 h. Four replicates 
were established for all experiments.

Western Immunoblotting
RIPA buffer (P0013B, Beyotime Biotechnology) with PMSF (ST506) and phosphatase inhibitors (P1081) was used to lyse 
KIRC cell lines, followed by their electrophoretic separation on SDS-PAGE gels and transfer to PVDF membranes (0.45 µm; 
Merck Millipore, MA, USA). Following a 1 h block step using 5% BSA, blots were treated with rabbit anti-SETDB2 (14,428- 
1-AP, Proteintech Group, Inc, Wuhan, China; 1:1000) and rabbit anti-GAPDH (K110496P, Solarbio, Beijing, China; 1:2000), 
and they were then incubated in the presence of secondary antibodies. A Tanon-2500B gel imaging analysis system (Tanon, 
Shanghai, China) was used for protein quantification, using ImageJ (V1.6, NIH, MD, USA) for densitometric analyses of signal 
intensity.

CCK-8 Assay
A CCK-8 assay (Cat No. CA1210; Solarbo, Beijing, China) was used as directed to assess growth inhibition. Briefly, 
after adding cells to 96-well plates (5x103/well) in six replicate wells, cells were incubated for 48 h post-transfection, 
followed by the addition of CCK-8 reagent (10 µL/well). Absorbance at 450 nm was then quantified following 
a 1 h incubation at 37°C.
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Wound Healing Assay
786–0 and Caski-1 cells were added to 6-well plates at 48 h post-transfection, and when they were 90% confluent, the 
monolayer was scratched with a 10 µL, culturing the remaining cells in serum-free DMEM and imaging the wounded 
area after 0, 24, and 48 h.

Transwell Assays
Serum-free DMEM was used to suspend cells, followed by the addition of 3×104 cells in 100 µL to the upper chamber of 
a Transwell insert, whereas 600 µL of media with 10% FBS was added in the lower chamber. After 48 h at 37°C, crystal violet 
solution (C0121, Beyotime Biotechnology) was used to stain cells, followed by their observation under a light microscope.

Statistical Analyses
R v 4.0.3 was used for analyses of bioinformatics data. Results were reported as means ± SEM, and were compared with 
t-tests or one-way ANOVAs, defining P < 0.05 as the cut-off for significance. The associations between SETDB2 
expression and patient characteristics were assessed through Wilcoxon rank-sum, Fisher’s exact, chi-square, and logistic 
regression tests.

Results
SETDB2 is Downregulated in Multiple Types of Cancer
Using the TIMER 2.0 tool, SETDB2 expression was initially compared in several forms of cancer. Of these analyzed 
cancer types, significant SETDB2 downregulation was noted in BLCA, BRCA, KIRC, KIRP, LUJAD, THCA, LUSC, 
PRAD, UCEC, and SKCM, relative to their corresponding normal control tissue types. However, SETDB2 upregulation 
was instead noted in STAD, LIHC, and CHOL (Figure 1A).

Paired data analyses yielded similar results when comparing SETDB2 expression levels specifically between tumors 
and paired normal tissue samples (Figure 1B). SETDB2 downregulation was observed in BRCA KIRC, LUAD, LUSC, 
THCA, and UCEC relative to their normal tissue controls, whereas it was upregulated in CHOL, COAD, and LIHC. The 
GTEx and TCGA databases were also leveraged to assess SETDB2 levels. Reduced SETDB2 levels were noted in all 
analyzed tumor tissue types relative to corresponding normal tissue controls, including in ACC, BLCA, BRCA, CESC, 
KIRC, LUAD, LUSC, OV, THCA, PRAD, UCS, UCEC, PCRD, and TGCT (Figure 1C).

SETDB2 Expression is Related to Tumor Patient Prognostic Outcomes
In differential expression analyses, SETD2 levels were significantly associated with several types of cancer including 
BRCA, KIRC, LUSC, OV, UCEC, and THCA. This finding prompted a further investigation of the prognostic value of 
SETDB2 levels in these tumor types in the form of survival analyses (Figure 2). Marked differences in patient OS as 
a function of SETDB2 expression were observed in KIRC (p < 0.001), KIRP (p < 0.05), LGG (p < 0.01), LUAD (p < 
0.01), and PAAD (p < 0.05) (Figure 2A), indicating SETDB2 influence on survival in these malignancies. Similarly, DSS 
analyses supported a key role for SETDB2 levels in KIRC, KIRP, LGG, PAAD, and READ patient outcomes 
(Figure 2B), with lower SETDB2 levels being positively correlated with poor outcomes in KIRC (p=4.13e-05; HR 
0.425), KIRP (p=0.0022; HR 0.245), and PAAD (p=0.0172; HR 0.567), whereas it was negatively associated with these 
outcomes in LGG (p=0.0018; HR 1.79). SETDB2 levels were also significantly associated with the progression-free 
interval (PFI) for patients with KIRC (p=3.2e-06; HR 0.456), LGG (p=0.0150; HR 1.407), PAAD (p=0.0320; HR 0.656), 
and THCA (p=0.0306; HR 0.540) (Figure 2C). Together, these results support the significant impact that SETDB2 can 
have on KIRC patient prognostic outcomes when analyzing several different survival metrics, emphasizing the need for 
further analyses exploring the role that SETDB2 plays in KIRC in light of its clear clinical relevance.

SETDB2 is Downregulated in KIRC
To gain more direct insight into the clinical and biological significance of SETDB2 in KIRC, the TCGA-KIRC dataset 
and GTEx database were next analyzed. This approach revealed significantly decreased SETDB2 expression in KIRC 
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samples relative to normal controls (p < 0.001; Figure 3A and B), and pairwise comparisons of tumor and paracancerous 
tissues similarly supported its downregulation in tumors (p < 0.05; Figure 3C). Comparable SETDB2 downregulation in 
KIRC tissues was also noted in the GSE53757 and GSE40435 datasets (p < 0.05; Figure 3D and E). The Human Protein 
Atlas also noted significant SETDB2 protein downregulation in KIRC tissues relative to normal control tissues 
(Figure 3F). These results strongly demonstrate that SETDB2 is downregulated in the tumors of KIRC patients.

Low SETDB2 Levels are Linked to Poor KIRC Patient Clinicopathological Features
The TCGA-KIRC dataset was further employed to investigate the link between SETDB2 mRNA expression and patient 
clinicopathological characteristics. These analyses supported a significant association between SETDB2 mRNA levels 
and pathological T stage (Figure 4A), M stage (Figure 4B), overall pathologic stage (Figure 4C), histologic grade 
(Figure 4D), and age (Figure 4E). In contrast, they were not significantly related to pathologic N stage (Figure 4F). 
SETDB2 thus offers potential utility as a biomarker of aggressive KIRC tumor growth.

Figure 1 Pan-cancer analysis of SETDB2 expression. (A) SETDB2 levels in tumors and paracancerous tissues from different tumor types included in the TCGA database, 
based on TIMER2.0 analyses. (B) Pan-cancer and paired normal tissue SETDB2 levels in TCGA data. (C) Comparisons in SETDB2 levels between the GTEx and TCGA 
databases, as analyzed with Wilcoxon rank-sum tests. *, p < 0.01; **, p < 0.01; ***, p < 0.001; ns, no significance. 
Abbreviation: TPM, transcripts per million.
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SETDB2 Expression May Be a Prognostic and Diagnostic Biomarker for KIRC
The link between SETDB2 levels and KIRC patient outcomes was next examined based on TCGA data pertaining to 
KIRC patient survival. The resultant Kaplan-Meier curves indicated that patients expressing lower SETDB2 levels 
exhibited significantly worse OS (HR=0.58, p < 0.001) (Figure 5A), DSS (HR=0.43, p < 0.001) (Figure 5B), and PFI 
(HR=0.46, p < 0.001) relative to those expressing high levels of this gene (Figure 5C). These data emphasize the 
significant link between low levels of SETDB2 expression and poor KIRC patient prognostic outcomes.

ROC curves for SETDB2 yielded an AUC of 0.652, consistent with its efficacy when differentiating between KIRC 
tumors and healthy control tissues (Figure 5D). SETDB2 was also an effective biomarker suitable for identifying 
differently staged tumors, with respective AUC values of 0.615 for stage 1+2 and stage 3+4 KIRC (Figure 5E). In 
subgroup analyses, the utility of SETDB2 as a diagnostic biomarker was confirmed across multiple clinicopathological 
characteristics in KRIC patients, and a nomogram was established based on SETDB2 expression and other clinical 
parameters, thereby allowing for the prediction of KIRC patient 1-, 3-, and 5-year OS (Figure 5F). In conclusion, these 
results suggest that low SETDB2 levels are linked with poor prognosis in KIRC, providing an effective means of 
predicting outcomes in this cancer type.

SETDB2 Genetic Changes are Unrelated to KIRC Patient Survival
As mutations in particular genes are often linked with poor cancer patient outcomes,20–22 SETDB2 gene mutations in 
KIRC patient samples were next analyzed with the cBioPortal database. Somatic mutations in SETDB2 were noted in 
0.1% of KIRC samples, with just 2 such mutations in 30 samples, consisting primarily of missense mutations 
(Figure 6A). When cBioPortal was used for follow-up survival analyses of the relationships between SETDB2 and 
key KIRC hallmarks, these SETDB2 mutations were found to be unrelated to the prognosis of KIRC patients (Figure 
S1A and B). In the COSMIC database, SETDB2 mutation types were also assessed, revealing that missense mutations 
were present in ~2% of samples (Figure 6B). Of these mutations, 100% of substitutions were T > A (Figure 6C).

Figure 2 SETDB2-focused pan-cancer survival analyses. (A) Overall survival (OS). * p < 0.05, ** p < 0.01,*** p < 0.001. (B) Disease-specific survival (DSS). (C) Progression- 
free Interval curve.

https://doi.org/10.2147/CMAR.S499771                                                                                                                                                                                                                                                                                                                                                                                                                                                   Cancer Management and Research 2025:17 680

Lu et al                                                                                                                                                                        

Powered by TCPDF (www.tcpdf.org)

https://www.dovepress.com/get_supplementary_file.php?f=499771.docx
https://www.dovepress.com/get_supplementary_file.php?f=499771.docx
https://www.dovepress.com/get_supplementary_file.php?f=499771.docx


Functional Enrichment of SETDB2-Related Genes in KIRC
To begin exploring the potential associations between SETDB2 and other proteins in KIRC tumors, a PPI network was 
established with STRING (Figure 7A). GEPIA2 was leveraged to aid in identifying the 200 genes most closely correlated 
with the expression of SETDB2. SETDB2 levels were observed to be positively associated with RCBTB1 expression (R 
= 0.830), GPALPP1 (R = 0.790), MEGF9 (R = 0.735), and SLC25A30 (R = 0.737) (Figure 7B). The two datasets were 
merged before GO and KEGG analyses. In KEGG analyses, SETDB2 was associated with “Lysine degradation” and the 
“Phosphatidylinositol signaling system” (Figure 7C), indicating that these may be related to its role in the oncogenic 
process. Key macromolecular processes identified through GO analyses included a range of biological processes such as 
macromolecule methylation, histone methylation, and general methylation. Enriched cellular components included 
chromatin silencing complexes, vesicle tethering complexes, and chromosomal regions, while enriched molecular 
functions included histone methyltransferase, protein methyltransferase, and histone-lysine N-methyltransferase activity.

Evaluation of SETDB2 Associations With KIRC Tumor Immune Infiltration
Links between SETDB2 and immune cell infiltration were next assessed with adjustment for tumor purity using the 
TIMER tool. SETDB2 levels in KIRC were found to be positively associated with tumor purity (R = 0.05, p = 2.88e−01), 
B cells (R = 0.271, p = 2.86e−06), CD8+ T cells (R = 0.187, p = 7.92e−05), CD4+ T cells (R = 0.338, p = 8.73e−14), 
macrophages (R = 0.487, p = 4.11e−28), neutrophils (R = 0.427, p = 1.13e−21), and DCs (R = 0.296, p = 1.25e−10) 
(Figure 8A). Corresponding analyses of the tumor microenvironment revealed that low levels of SETDB2 expression 
were associated with significantly lower stromal scores as compared to high levels of such expression (Figure 8B), 
although further experimental confirmation of these results is warranted. Differences in the immune cell proportions 
between the groups with low and high levels of SETDB2 expression were also compared. Significantly greater 
abundance of plasma cells, CD8+ T cells, follicular helper T cells, Tregs, and activated NK cells were observed in the 

Figure 3 SETDB2 is downregulated in KIRC. (A and B) Comparison of SETDB2 between tumor and non-cancerous tissue samples in the TCGA-KIRC dataset (A) and the 
GTEX and TCGA databases (B). (C) Comparison of SETDB2 levels between tumors and paired paracancerous tissues in TCGA data. (D) Comparison of SETDB2 mRNA 
levels in KIRC tissues and control samples in the GSE53757 dataset. (E) SETDB2 mRNA expression in paired KIRC and controls from the GSE40435 dataset. (F) The HPA 
database was used to assess SETDB2 levels by immunohistochemical staining in paired KIRC and normal tissue samples.
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group with low levels of SETDB2 expression relative to those with high levels of such expression (Figure 8C). Lastly, 
the association between SETDB2 levels and a range of immune cell types was performed (Figures 8D-F), revealing 
SETDB2 levels to be positively associated with monocytes (R = 0.257, p < 0.001) but negatively associated with 
regulatory T cells (Tregs) (R = −0.349, p < 0.001).

SETDB2 Negatively Regulates Cuproptotic Activity in KIRC Tumors
Cuproptosis is a form of cell death with close associations with cellular metabolic activity.23–25 Glycolysis-dependent 
cells are better able to resist cuproptosis as compared to cells that depend on oxidative phosphorylation, suggesting that 
efforts to target glycolysis may help initiate cuproptosis.26 Accordingly, the link between SETDB2 expression and 
cellular sensitivity to cuproptosis was next examined, leveraging the TCGA-KIRC dataset to detect correlations between 
the levels of this methyltransferase and genes known to be associated with cuproptosis, such as CDKN2A, DLD, DLAT, 
MTF1, LIAS, LIPT1, GLS, SLC31A1, ATP7A, FDX1, DLST, DBT, PDHA1, PDHB, ATP7B, and GCSH 
(Figure 9A).27–29 These analyses noted significant association between SETDB2 levels and those of several genes 
related to cuproptosis, with a particularly strong positive correlation between the levels of SETDB2 and DBT (R = 0.694, 
p < 0.001) (Figure 9B).

When samples from the TCGA-KIRC dataset were stratified into groups expressing low and high levels of SETDB2, 
differentially expressed genes related to cuproptosis were detectable (Figure 9C). These genes included LIPT1, PDHB, 
LIAS, ATP7A, DLAT, PDHA1, MTF1, GLS, ATP7B, DLD, SLC31A1, FDX1, DLST, and DBT, all of which were 
significantly upregulated in the group expressing high levels of SETDB2 (p<0.05). SETDB2 may thus influence the 
progression of KIRC and prognostic outcomes for affected patients through its effects on cuproptotic regulation.

Figure 4 Relationships between SETDB2 levels and KIRC patient characteristics. (A and B, F) Pathologic T (A), M (B), and N (F) stages; (C) Pathologic stage; (D) 
Histologic grade; (E) Age.
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Molecular Docking Analysis for SETDB2
The comprehensive online analysis from the Genomics of Drug Sensitivity in Cancer revealed a significant positive 
correlation between the protein SETDB2 and the compound Lapatinib, with a correlation coefficient (cor) of 0.22 and 
a false discovery rate (FDR) of 1.08e-4 (Figure 10A). This correlation led to further investigation of the molecular 
interactions between these two entities, specifically focusing on the binding stability of Lapatinib and SETDB2. 
Molecular docking techniques were employed to explore these interactions; these are sophisticated computational 
methods that predict the preferred orientation of one molecule to another when forming a stable complex. Figure 10 
presents the molecular docking analysis of SETDB2. Binding stability was evaluated based on binding energy, with 
values less than −5 kcal/mol indicating significant interactions, and values less than −7 kcal/mol indicating strong 
interactions.30,31 The results of this molecular docking analysis indicated strong and significant binding interactions 
between Lapatinib and SETDB2 (Figure 10B and C). The calculated binding energy for this interaction was −7.90 kcal/ 
mol, clearly surpassing the threshold for a strong binding interaction. This finding underscores the potential role of 
Lapatinib in modulating SETDB2 functions and highlights its potential as a therapeutic target in strategies against KIRC.

SETDB2 Upregulation Suppresses KIRC Cell Malignant Behaviors
To begin validating the above results, SETDB2 was successfully upregulated in two KIRC cell lines with an overexpression 
plasmid (Figure 11A and B). In CCK-8 assays, SETDB2 overexpression led to a significant decline in proliferative activity 
(Figure 11C). This coincided with significantly decreased metastatic potential for cells overexpressing SETDB2 in a wound 
healing assay (Figure 11D), and with significantly impaired invasivity in a Transwell assay (Figure 11E).

Discussion
Renal cell carcinoma cases account for more than 90% of all kidney cancers, and these are derived from the renal 
epithelium. KIRC is an extremely deadly kidney cancer subtype characterized by high levels of invasive growth, 

Figure 5 Evaluation of the prognostic and diagnostic performance of SETDB2 in KIRC patients. (A-C) Kaplan-Meier plots were used to compare the OS (A), DSS (B), and 
PFI (C) of KIRC patients as a function of their levels of SETDB2 expression (p < 0.05), with red and blue respectively corresponding to high and low SETDB2 levels. (D) 
ROC curves examining the ability of SETDB2 levels to differentiate between KIRC tumors and normal tissue. (E) ROC curves examining the ability of SETDB2 levels in 
distinguishing between KIRC tumors at different stages. (F) A developed nomogram to assess KIRC patient 1-, 3-, and 5-year OS based on SETDB2 expression and other 
clinicopathological parameters.
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metastasis, chemoresistance, and radioresistance.32–35 Although significant progress has been made in the treatment of 
clear cell renal cell carcinoma in recent years, due to the heterogeneity of kidney cancer, there is considerable variation in 
how patients respond to treatment. Therefore, the establishment of alternative biomarkers for KIRC is crucial for aiding 
its diagnosis, improving patient prognostic outcomes, and designing more effective, targeted intervention strategies for 
affected patients. SETDB2 gene mutations have previously been linked to various diseases,9,36,37 and the expression of 
SETDB2 can reportedly shape the development and progression of gastric cancer.38–40 Studies of the expression, 
regulatory processes, and prognostic relevance of SETDB2 in KIRC, however, remain quite limited. In this study, the 
prognostic and functional relevance of SETDB2 were therefore explored in this cancer type through a series of thorough 
bioinformatics analyses supported by in vitro experimental results.

Here, low levels of SETDB2 expression were observed in KIRC, indicating that this methyltransferase may influence 
the onset and progression of this cancer type. The M1 and N1 stages of disease were associated with a significant 
reduction in SETDB2 levels relative to the corresponding M0 and N0 stages (p< 0.05), suggesting low SETDB2 
expression to be strongly correlated with KIRC development, invasion, and metastatic progression. These results were 
consistent with the in vitro experiments conducted with KIRC cell lines. Other studies have similarly established 
SETDB2 as a prognostic biomarker related to the survival of lung adenocarcinoma patients.41 In survival analyses 
performed herein, lower SETDB2 levels were associated with worse patient OS, PFI, and DSS, with consistent findings 
in subgroup-based prognostic analyses. The nomogram developed based on these findings may offer value as a tool to 
predict KIRC patient outcomes, underscoring its promise as a biomarker for this form of cancer that may assist efforts 
aimed at early diagnosis and patient treatment.

Figure 6 Evaluation of the mutation status of SETDB2 in KIRC. (A) cBioPortal schematic showing the mutations of SETDB2 in KIRC. (B and C) COSMIC-based detection 
of SETDB2 mutation types.
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GO and KEGG enrichment analyses of SETDB2-associated genes were also conducted to better understand the role it 
may play in KIRC. Through these analyses, a link was noted between SETDB2 and lysine degradation, the phospha
tidylinositol signaling system, and a range of other biological processes. Phosphatidylinositol signaling activity is often 
dysregulated in the course of oncogenic progression, shaping the characteristics of tumor cells, including their motility 
and proliferation.42–44 The downregulation of SETDB2 can also promote PI3K/Akt pathway-mediated alternative 
macrophage activation, attenuating NAFLD after sleeve gastrectomy.45

The key role that immunotherapy can play in KIRC has been demonstrated in several recent studies.46,47 Accordingly, 
the association between SETDB2 and immune cell infiltration was further examined in this study, revealing SETDB2 
levels to be significantly related to infiltration of immune cells including CD4+ T cells, CD8+ T cells, B cells, DCs, 
macrophages, and neutrophils into KIRC tumors. ESTIMATE data further supported a positive correlation between 
SETDB2 levels and stromal scores. SETDB2 thus appears to play a key role in the regulation of immune activity.

Higher immune checkpoint molecule expression levels tend to coincide with greater immune checkpoint inhibitor 
(ICI) efficacy.48,49 In recent studies, ICIs have been shown to provide significant benefits to the survival of KIRC 

Figure 7 Functional enrichment analyses of genes associated with SETDB2 in KIRC. (A) A PPI network of putative proteins that interact with SETDB2 as established with 
the STRING tool. (B) Correlations between SETDB2 and the top four genes most closely correlated therewith in the TCGA dataset as analyzed via the GEPIA2 method. 
(C) GO and KEGG enrichment analyses of SETDB2-related genes.
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patients,50 with PD-L1 and CTLA4 being the most commonly studied and most clinically relevant checkpoint molecules 
in human cancers.51 For this reason, the association between SETDB2 and immune checkpoints was also analyzed, 
revealing that it was positively correlated with the levels of both CD274 (PD-L1) as well as CTLA4 (Figure S2A), 
supporting the potential ability of SETDB2 to enhance ICI efficacy. TMB is also strongly correlated with tumor 

Figure 8 SETDB2 expression is associated with immune cell infiltration in KIRC tumors. (A) SETDB2 associations with tumor purity and immune cell infiltration. (B) Examination 
of SETDB2 correlations with KIRC immune, stromal, and ESTIMATE scores. (C) Associations between SETDB2 levels and immune cell infiltration. (D) Associations between 
SETDB2 levels and immune cell infiltration. (E) Correlations between SETDB2 levels and monocytes (E) and Tregs (F). ***p<0.001. NS, not significant.
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neoantigen availability such that it is a key biomarker for the efficacy of ICI treatment.52,53 SETDB2 has also been 
reported as a tumor-specific antigen in gastric cancer.54 In KIRC, mutation analyses indicated that SETDB2 expression 
was significantly related to TMB according to data from the TCGA database (Figure S2B). Further studies of the promise 
of SETDB2 as a neoantigen in this form of cancer are thus warranted.

Copper nanoparticle-based treatments have been demonstrated to induce cuproprotic activity in tumor cells, leading to 
enhanced DC maturation and antitumor CD8+ T cell infiltration.55,56 Bioinformatics studies have increasingly 

Figure 9 SETDB2 expression levels in KIRC tumors are related to levels of cuproptosis-related genes. (A and B) Correlations between SETDB2 expression and that of 
cuproptosis-related genes in the TCGA (A) and GEPIA2 (B) datasets. (C) Cuproptosis-related genes differentially expressed between the KIRC samples with low and high 
levels of SETDB2 expression. *p<0.05,**p<0.01,***p<0.001; NS, not significant.
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highlighted the important role that cuproptosis plays in the tumorigenic process, further contributing to the complex 
nature of immune evasion by tumors.57,58 Cuproptosis and immunogenic phenotypes thus appear to be potentially linked 
to one another such that studies of cuproptosis have the potential to provide greater insight into the processes of tumor 
development and the remodeling of the tumor microenvironment. In light of the key role that SETDB2 plays in 
glycolysis and the establishment of immunosuppressive microenvironmental conditions, together with its contribution 
to metastatic progression,59 the association between SETDB2 and cuproptosis was explored in greater detail. These 
analyses revealed SETDB2 levels to be positively correlated with cuproptosis-related genes, suggesting a link between 
SETDB2-mediated tumor suppression and the control of cuproptosis, potentially highlighting novel therapeutic avenues 
for the management of KIRC.

Lastly, two KIRC cell lines were herein used to upregulate SETDB2. Surch upregulation was found to hamper KIRC 
cell proliferation, survival, and invasivity. These findings support a role for SETDB2 as a regulator of the cell cycle in 
KIRC cells, suppressing tumor development, growth, invasion, and metastasis. SETDB2 may thus be an attractive target 
for the treatment of KIRC.

Despite the important insights afforded by the present study, there are nonetheless multiple limitations that remain to 
be addressed in the future. For one, this study was based on a series of bioinformatics and in vitro analyses, underscoring 
the requirement for the validation of its utility as an early-stage biomarker and/or general biomarker of KIRC in larger 

Figure 10 Molecular docking analysis for SETDB2. (A) Analysis of drug susceptibility of SETDB2 performed online by GSCA. (B) Molecular structure of Lapatinib. (C) 
Molecular docking between Lapatinib and SETDB2.
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patient cohorts. Further validation of the precise mechanistic pathways through which SETDB2 is able to regulate 
immune cell infiltration and cuproptosis will also be required. Lastly, studies aimed at clarifying how targeting SETDB2 
may influence anticancer treatment outcomes in vivo will be essential, and efforts to explore a range of drug combina
tions, including immunotherapies, are warranted.

In summary, SETDB2 downregulation may lead to the suppression and antitumor immunity, ultimately leading to 
KIRC onset, metastatic progression, and invasivity. SETDB2 expression levels are closely correlated with KIRC 
incidence such that they may be leveraged as a predictive biomarker for this disease. The interaction between 
Lapatinib and SETDB2 may elucidate KIRC-related mechanisms in clinical contexts. Overall, the present results will 
help advance the development of individualized and more efficacious treatment options for patients diagnosed with 
KIRC.

Figure 11 SETDB2 upregulation suppresses KIRC cell proliferative, migratory, and invasive activity. (A and B) Western blotting indicated increased SETDB2 expression in 
two KIRC cell lines following overexpression plasmid introduction (n=4). (C-E) SETDB2 upregulation was found to significantly suppress cellular proliferation (C), migration 
(D), and invasivity (E) in these cell lines (n=4-6). Scale bar = 50 μm. **p < 0.01, ****p < 0.001.
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