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Background: Tumor-derived exosomes are involved in tumor progression and immune invasion and might func- 

tion as promising noninvasive approaches for clinical management. However, there are few reports on exosom- 

based markers for predicting the progression and adjuvant therapy response rate among patients with clear cell 

renal cell carcinoma (ccRCC). 

Methods: The signatures differentially expressed in exosomes from tumor and normal tissues from ccRCC pa- 

tients were correspondingly deregulated in ccRCC tissues. We adopted a two-step strategy, including Lasso and 

bootstrapping, to construct a novel risk stratification system termed the TDERS (Tumor-Derived Exosome-Related 

Risk Score). During the testing and validation phases, we leveraged multiple external datasets containing over 

2000 RCC cases from eight cohorts and one inhouse cohort to evaluate the accuracy of the TDERS. In addition, 

enrichment analysis, immune infiltration signatures, mutation landscape and therapy sensitivity between the high 

and low TDERS groups were compared. Finally, the impact of TDERS on the tumor microenvironment (TME) was 

also analysed in our single-cell datasets. 

Results: TDERS consisted of 12 mRNAs deregulated in both exosomes and tissues from patients with ccRCC. 

TDERS achieved satisfactory performance in both prognosis and immune checkpoint inhibitor (ICI) response 

across all ccRCC cohorts and other pathological types, since the average area under the curve (AUC) to predict 

5-year overall survival (OS) was larger than 0.8 across the four cohorts. Patients in the TDERS high group were 

resistant to ICIs, while mercaptopurine might function as a promising agent for those patients. Patients with a high 

TDERS were characterized by coagulation and hypoxia, which induced hampered tumor antigen presentation and 

relative resistance to ICIs. In addition, single cells from 12 advanced samples validated this phenomenon since 

the interaction between dendritic cells and macrophages was limited. Finally, PLOD2, which is highly expressed 

in fibro- and epi ‑tissue, could be a potential therapeutic target for ccRCC patients since inhibiting PLOD2 altered 

the malignant phenotype of ccRCC in vitro . 

Conclusion: As a novel, non-invasive, and repeatable monitoring tool, the TDERS could work as a robust risk 

stratification system for patients with ccRCC and precisely inform treatment decisions about ICI therapy. 
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. Introduction 

Renal cell carcinoma (RCC) remains a significant health concern with

ts high prevalence and detrimental impact on the genitourinary sys-

em. 1 In line with recent global cancer statistics, the escalating numbers

re disconcerting, presenting over 400,000 fresh cases of RCC and an ex-

ess of 180,000 fatalities occurring worldwide. 2 Among the diverse sub-

ypes encompassing RCC, clear cell RCC (ccRCC) emerges as the prevail-

ng variant, constituting nearly 70% of all diagnosed cases. 3 Regrettably,

cRCC often presents with no symptoms or nonspecific symptoms, which

esults in one-third of cases being diagnosed at an advanced stage or af-

er metastasis has occurred. Consequently, the prognosis for patients

ith advanced ccRCC is extremely poor, with a meager 12% survival

ate over a 5-year period. 4 Currently, the postoperative detection of RCC

rimarily relies on imaging techniques such as computed tomography

CT), enhanced CT, and whole-body bone scans. 5 However, these meth-

ds have limitations, including high radiation doses and costs, which

ose challenges for clinicians. Additionally, while targeted therapy, im-

une therapy, and combined therapies have shown some promise in ex-

ending the survival time of patients with locally advanced or metastatic

isease, only a small subset of patients actually derive any benefit from

hese approaches. 6 , 7 Hence, it is of utmost importance to explore alter-

ative approaches that are convenient, repeatable, robust, economical,

nd noninvasive to improve the prognosis of ccRCC. The development of

ffective models is crucial for accurately stratifying the risk and making

argeted therapy a more viable option for patients. 

Exosomes are small extracellular vesicles that originate from endo-

omes, measuring 30–150 nm in size. They contain a variety of compo-

ents, including proteins, nucleic acids, lipids, and metabolites. 8 , 9 These

esicles play a pivotal role in facilitating communication between cells,

oth in normal physiological conditions and in pathological states. 10 

otably, tumors have been observed to release a large quantity of exo-

omes. Compared to individuals without cancer, cancer patients exhibit

igher levels of exosomes in their plasma or other bodily fluids. Mount-

ng evidence indicated that exosomes derived from tumor have a signifi-

ant impact on various processes associated with tumorigenesis, such as

umor invasion, metastasis, and resistance to treatment. 11 Upon uptake

y immune cells and stromal cells within the tumor microenvironment,

hese exosomes induce alterations in cell behavior and infiltration pat-

erns. 12 This unique cargo carried by exosomes, their abundance in pe-

ipheral circulation, and the ease of liquid biopsy make them valuable

s cancer biomarkers. 13 Previous studies have demonstrated that exo-

omes derived from RCC contribute to the formation of premetastatic

iches, angiogenesis, drug resistance, and immune evasion. 14 These ac-

ivities ultimately influence the overall survival time of RCC patients.

or instance, our own research has identified a long noncoding RNA

alled lnc ARSR , which acts as an exosome-transmitted molecule promot-

ng sunitinib resistance in RCC. 15 Recent studies have demonstrated the

ignificant involvement of exosomes in facilitating intercellular com-

unication and promoting the progression and distant metastasis of

CC. Exosomes have emerged as a promising biomarker for the early

etection and therapeutic management of tumors. Nevertheless, the

recise prognostic value of exosomes in RCC prognosis remains to be

lucidated. 

In this study, we conducted an extensive investigation into the mRNA

argo carried by exosomes isolated from plasma samples of patients di-

gnosed with ccRCC. Remarkably, we found that these exosomal mRNA

rofiles exhibited similar deregulation patterns as observed in the corre-

ponding tumor tissues. Leveraging advanced computational techniques

uch as the Lasso and bootstrap algorithms, we devised a novel signa-

ure, denoted as the TDERS. The primary objective was to utilize TDERS

o predict overall survival outcomes across three distinct pathological

ubtypes of RCC. Furthermore, we explored the potential of TDERS as

 predictive tool for immune checkpoint blockade therapies, while con-

urrently deciphering the association between high TDERS levels and

n immunosuppressive microenvironment. Additionally, through inte-
383
ration with drug sensitivity and genomic datasets, we investigated un-

erlying mechanisms linked to TDERS. 

. Materials and methods 

.1. Dataset collection and processing 

To reveal the prognostic impact of the exosome-derived signature in

CC patients, more than 2000 RCC cases with tumor sample-derived

xpression profiles, including cohorts TCGA-KIRC ( n = 530), TCGA-

IRP ( n = 288), TCGA-KICH ( n = 65), JAPAN-KIRC ( n = 100), ICGC-

U ( n = 91), GSE22541 ( n = 40), Motzer’s cohort ( n = 823), Branu’s

ohort ( n = 311) and our inhouse cohort ( n = 84), were adopted in

his work. 16–18 All the baseline information and characteristics of the

bove cohorts were summarized in Supplementary Table 1. In addi-

ion, genomic mutation and copy number variation (CNV) information

f RCC were downloaded from the GDC portal. For microarray data re-

rieved from the Gene Expression Omnibus (GEO), the samples were

ownloaded by the R package GEOquery and log2-transformed. 19 Raw

ounts were adjusted for gene length using transcript-per-million (TPM)

ormalization, and subsequently log2-transformed. The exclusion crite-

ia were as follows: (1) patients were not diagnosed with RCC; (2) pa-

ients lacked corresponding sequence and clinical outcome information;

nd (3) died within 30 days after diagnosed with RCC. 

.2. Sing-cell RNA sequencing and analysis pipeline 

Six paired ccRCC samples, consisting of tumor and normal tissues,

ere collected from our institution. The single-cell RNA sequencing

scRNA-seq) samples were processed immediately after the removal of

resh tissues. All patients had clear-cell histology and had not undergone

ny therapy prior to surgery. Single-cell extraction and 10X droplet-

ased sequencing were conducted following the manufacturer’s instruc-

ions and our previous protocols. Data quality control was performed us-

ng Seurat (version 3.0.1). Cells with fewer than 200 or more than 5000

enes, or with over 30% mitochondrial genes, were classified as low-

uality and subsequently excluded. Doublet identification and removal

ere carried out using the DoubletFinder package (version 2.0.3). The

000 highly variable genes (HVGs) were identified through the "Find-

ariableGenes" function. Principal component analysis (PCA) was con-

ucted on the single-cell expression matrix utilizing the RunPCA func-

ion, with the top 30 principal components utilized for clustering via the

ouvain graph-clustering method. Subsequently, batch-effect correction

as performed for each sample using the RunHarmony method. Mark-

rs for each primary cell cluster were identified using the FindAllMarker

unction. Cell type markers were sourced from the CellMarker website

nd previous research studies. Differential gene expression analysis was

onducted using the Seurat function, with a significance threshold of

 < 0.05 for identifying differentially expressed genes (DEGs). The R

ackage CellChat was utilized for analyzing and visualizing cell interac-

ions (version 1.6.1). 

.3. Establishment of an exosomal-derived risk score system 

Three steps were introduced to identify and construct the risk score

ystem, and the details were as follows: first, DEG between exosomes

rom ccRCC and normal tissues were extracted in our previous study,

nd the interaction between those DEG and corresponding DEG from

ulk sequences (tumor vs . normal tissues) were extracted. Next, the in-

eracting DEGs were filtered after prognostic analysis in both TCGA-

IRC and E-MTAB-1980. Finally, those DEGs from both exosomes and

ulk were enrolled to perform Lasso-Cox (alpha = 1, nfolds = 10,

var = lambda) and bootstrap (statistic = rsq, R = 1000) analysis. Fi-

ally, 12 mRNAs ( COBLL1, PLOD2, MEGF9, EMCN, PLXNA2, ASRGL1,

ICU1, TTC33, WDR11, UPB1, SLC5A12, LSM14A ) were identified to be

tatistically prognosis relevant among RCC. To prevent the interference
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f sequencing data depth and platform technology, we calculated the

isk score based on the expression standard deviation to calculate the

isk coefficient. The hazard ratio (HR) and corresponding standard er-

or (SE) of HR for each of the 12 exosome-derived signatures determined

heir weight in the risk score system. HR of each gene was calculated

y function of “coxph ” form R package survival. Simplistically, the risk

core was calculated as follows: 

 𝐷𝐸𝑅𝑆 𝐸 =
12 ∑
𝑖 =1 

(
𝐻𝑅𝑖 − 1 

𝑆 𝐸𝑖 ∗ 𝐻𝑅𝑖 
∗ 𝐺𝑖 

)

here Gi is the abundance of gene i in each RCC sample, and SEi repre-

ents SE of each gene. Thus, RCC samples from each cohort were divided

nto two subtypes, high and low subtypes, based on the median value of

he risk score. Finally, we defined this risk score as TDERS. 

.4. Multiomics landscape between high- and low- TDERS groups 

Prior to conducting any comparisons, genes exhibiting fewer than

0 total reads across all samples were excluded. We employed DESeq2

version 1.42.0), utilizing its standard settings to carry out differential

xpression analysis through approaches reliant on the negative bino-

ial distribution. 20 This analysis modeled the read counts according

o negative binomial distributions, which incorporated both estimated

eans and gene-specific dispersion parameters. Each gene’s data was

hen fit into a generalized linear model framework. For assessing sta-

istical significance and adjusting for multiple testing, we applied Wald

tatistics along with the Benjamini and Hochberg correction method.

ubsequently, DEG meeting the significance criteria (adjusted P value <

.05) were selected for further analysis. To account for multiple test-

ng, the Benjamini-Hochberg correction was applied to calculate ad-

usted P values. DEG identification (thresholds set at adjusted P value

 0.01, log fold change > 2), as well as corresponding annotation

nalysis, was conducted using R packages Deseq2 and ClusterProfiler

version 4.10.0). 21 Annotation files sourced from the Molecular Signa-

ure Database (MSigDB) were utilized. 22 Mutation landscape analysis

f TCGA-KIRC was carried out, and visualizations were generated using

he Maftools (version 2.18.0) and ggplot2 R (version 3.3.3) packages. 23 

he study utilized single-sample gene set enrichment analysis (ssGSEA)

rom the R package GSVA (version 1.50.0) to assess the relative infil-

ration of 28 immune cells in the TCGA-KIRC cohort. 24 Additionally,

ix alternative algorithms, including TIMER, quanTIseq (version1.10.0),

CP-counter (1.2.0), xCell (1.1.0), EPIC (version 1.1.5), and ESTIMATE

1.0.13), were employed to validate the consistency and reliability of the

sGSEA findings. The tumor mutation burden (TMB) score of ccRCC sam-

les was quantified using a classical algorithm embedded in maftools.

NV information, including copy number loss and gain frequency, was

btained from the Genepattern website by uploading CNV data and uti-

izing the GISTIC module. 25 For drug sensitivity analysis, the Genomics

f Drug Sensitivity in Cancer (GDSC) and CMap databases, along with

he oncoPredict (1.1.0) R package, were employed to examine the corre-

ation between the risk score and half maximal inhibitory concentration

IC50) values. Additionally, the Tumor Immune Dysfunction and Exclu-

ion (TIDE) algorithm was used to predict the response to immunother-

py in both TDERS high and low groups. 26 

.5. Cell culture and in-vitro experiments 

RCC cell lines (786-O and OSRC2) were utilized in this research.

hese cell lines were purchase from reputable sources, including the

merican Type Culture Collection (ATCC, Manassas, VA, United States)

nd the National Infrastructure of Cell Line Resource (Beijing, China).

o maintain their viability, the cell lines were regularly cultured in

PMI 1640 or DMEM supplemented with 10% fetal bovine serum from

nvitrogen (Carlsbad, CA, United States). The incubation process was

erformed at a temperature of 37 °C in an environment containing

% CO . For the purposes of this study, PLOD2 shRNA was procured
2 

384
rom GeneChem Corporation (Shanghai, China). To assess the impact of

LOD1 on proliferation and motility in ccRCC, CCK8 and wound heal-

ng assays were employed. In 96-well plates, each well was seeded with

 × 103 cells. The cells were then treated with CCK8 (YEASEN, China)

t 0, 24, 48, 72, and 96 h as per the manufacturer’s instructions. The

reated cells were subsequently subjected to absorbance measurements

t 450 nm using a NanoDrop 2000 spectrophotometer (NanoDrop Tech-

ologies, USA). In the case of wound healing assay, 2–3 × 106 cells

ere plated in each well of a six-well plate and transfected with vec-

ors for a period of 24 h. The cell layers were gently scratched using

terile tips before being washed with PBS. Following an additional incu-

ation of 0 and 24 h, images were captured. The aforementioned assays

ere performed in triplicate. Transwell assays were conducted using

hambers from Corning, with some receiving a Matrigel coating to as-

ess the invasive potential of ccRCC cell lines. Specifically, ccRCC lines

86-O and OSRC2 were cultured in six-well plates for 48 h before being

issociated with 0.25% trypsin and subsequently suspended in serum-

ree medium. For invasion assays, 2 × 105 cells in 200 𝜇L were seeded

nto each Matrigel-precoated upper chamber of the Transwell. The lower

hamber was filled with 500 𝜇L of complete medium containing 10%

etal bovine serum (FBS) to serve as a chemoattractant. After 24 h, non-

nvading cells were gently removed from the upper membrane with a

otton swab. Cells that had migrated to the lower surface were fixed

ith 4% paraformaldehyde, stained with 0.5% crystal violet, and quan-

ified. Photographic documentation of the results was performed using

n Olympus microscope, facilitating a detailed analysis of the metastatic

roperties of these cell lines. 

.6. Statistical analysis 

All datasets, encompassing both transcriptome and genomic informa-

ion, were processed and analyzed using R software (version 4.2.0) and

PSS. To compare differences in continuous and quantitative variables,

 combination of Kruskal–Wallis, t -tests, and chi-square tests was em-

loyed as appropriate. Continuous numerical variables were presented

s mean ± standard deviation (SD). Statistical significance among vari-

bles was assessed using Student’s t -test and two-tailed Wilcoxon test.

pearman correlations were calculated between the risk score and con-

inuous variables specific to RCC using the R package corrplot (version

.92). Correlations among various variables were visualized using the

orrplot package. Kaplan-Meier curves and time receiver operating char-

cteristic (ROC) curves were generated using the R packages survival

nd pROC (version 1.18.0), respectively. A P value less than 0.05 indi-

ated statistical significance. For further details regarding bioinformat-

cs analyses, refer to previous studies. 27–30 

. Results 

.1. Construction of a risk model based on exosome-derived signatures 

The workflow of our study is illustrated in Fig. 1 . In our previ-

us research, our team developed a liquid biopsy diagnostic model

sing exosomes for the early diagnosis and prognosis evaluation of

cRCC. This model demonstrated excellent performance in distinguish-

ng ccRCC from benign renal masses. We analyzed the exosome sequenc-

ng datasets and identified 210 DEG (Supplementary Table 2). We then

nvestigated the prognostic value of these genes in the ccRCC cohort.

nitially, we combined the DEGs from exosome sequences and DEG be-

ween tumor and normal tissues from the TCGA-KIRC dataset to con-

truct a prognostic model (Supplementary Fig. 1A). Those DEG were

nnotated in amino acid metabolic and pantothenate and CoA biosyn-

hesis (Supplementary Fig. 1B). Subsequently, we selected DEGs that

ould predict OS with AUCs greater than 0.55 in both TCGA-KIRC and

APAN-KIRC cohorts to construct the risk system ( Fig. 2 A and B). In-

erestingly, we found that a well-known ccRCC-related gene, VHL, was

mong these genes. To refine the model parameters, we applied least
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Fig. 1. A flowchart depicting a comprehensive analysis of TDERS (Tumor-Derived Exosome-Related Signatures) in postoperative cohorts with renal cell carcinoma. 
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bsolute shrinkage and selection operator (Lasso) Cox regression and

ootstrapping to identify the most important genes highly predictive

f OS. Ultimately, we identified twelve genes ( COBLL1, PLOD2, MEGF9,

MCN, PLXNA2, ASRGL1, MICU1, TTC33, WDR11, UPB1, SLC5A12 , and

SM14A ) with a lambda value of 0.008 ( Fig. 2 C ). Considering the bio-

ogical characteristics of these genes, we named this risk score system

DERS (Tumor-derived Exosome-Related Risk Score). Notably, PLOD2

as highly expressed in the TDERS high group, while the other genes

xhibited relatively higher expression in the TDERS low group (Supple-

entary Fig. 2A). 

In the TCGA-KIRC cohort, patients in the TDERS high group had

ignificantly poorer OS (OS, P < 0.01), progression-free survival (PFS,

 < 0.01 ) , and disease-specific survival (DSS, P < 0.01) compared to

hose with lower risk scores ( Fig. 2 C, Supplementary Table 3). More-

ver, we observed satisfactory AUC scores in the TCGA-KIRC cohort,

ith values of 0.73, 0.7, 0.71, and 0.72 at 1 year, 2 years, 3 years,

nd 5 years, respectively ( Fig. 2 D). To assess the predictive accuracy

f the model, we utilized calibration curves to estimate the accuracy

f the risk score system in predicting patient prognosis. As depicted in

ig. 2 E, our risk score system performed well in predicting patient prog-

osis at 1 year, 2 years, 3 years, and 5 years of OS. To address the

ractical requirements of clinical decision-making, we employed deci-

ion curve analysis (DCA) to evaluate the net benefit rate of our model.

s expected, both the prognostic model and tumor staging achieved

igh net yields, with our risk score model demonstrating superior per-

ormance in predicting OS, particularly at the 5-year OS ( Fig. 2 F and

upplementary Fig. 2B). 

.2. Validation of TDERS among external datasets 

To evaluate the accuracy and generalizability of the TDERS, we

onducted validation analyses using multiple external cohorts compris-

ng ccRCC and two pathological cohorts of RCC, namely JAPAN-KIRC,

CGA-KIRP, TCGA-KICH, and GSE22541. As depicted in Fig. 3 A, the
385
DERS high group consistently exhibited poorer prognosis compared to

he TDERS low group across all RCC cohorts ( P < 0.001). Remarkably,

n all external datasets, the majority of AUC values for model prediction

xceeded 0.7 ( Fig. 3 B). Notably, the model demonstrated an exceptional

rediction AUC of 0.98 for 1-year and 2-year survival in KICH patients

 Fig. 3 B). Calibration curve analysis revealed that the model exhibited

avorable predictive accuracy for 3-year and 5-year survival in RCC pa-

ients, with minimal deviation from observed survival rates ( Fig. 3 C).

onsistent with the findings in TCGA-KIRC, DCA demonstrated that the

DERS risk model offered higher net benefits at lower threshold proba-

ilities in JAPAN-KIRC, TCGA-KIRP, and TCGA-KICH cohorts, particu-

arly for 5-year OS ( Fig. 3 D). Furthermore, when applied to the ICGC-EU

ohort, the TDERS system demonstrated robust performance, as indi-

ated by results shown in Supplementary Fig. 3A-D. 

.3. TDERS performed well among patients treated with immune 

heckpoint inhibitor 

The combination of atezolizumab and bevacizumab has demon-

trated clinical activity in patients with advanced RCC. 31 However, due

o tumor heterogeneity, only a small proportion of advanced RCC pa-

ients are likely to benefit from immune checkpoint inhibitor (ICI).

herefore, we aimed to assess the predictive performance of TDERS

n determining the effectiveness of ICI therapy, using the cohorts from

otzer and Branu. In both the Motzer and Branu cohorts, patients with

igh-risk scores based on TDERS showed poorer prognosis compared to

hose with low-risk scores ( P < 0.001). The model exhibited high accu-

acy, as indicated by the high AUC in both cohorts (Supplementary Fig.

A). Surprisingly, the predicted AUCs for the 2-year and 3-year OS rates

n the Checkmate cohort were remarkably high, at 0.95 and 0.91, respec-

ively (Supplementary Fig. 4B). Calibration plots demonstrated a better

t between the predicted survival probabilities and the actual survival

ates for the 1-year time point (Supplementary Fig. 4C). Furthermore,

y employing DCA, we compared the advantages and disadvantages of
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Fig. 2. The construction of TDERS is based on exosome-derived molecules. (A) The prognostic value of candidate genes involved in overall survival (OS) is evaluated 

using the AUC in the TCGA and JAPAN-KIRC datasets. Genes with no detectable protein expression in renal cancer from Clinical Proteomic Tumor Analysis Consortium 

were excluded and are colored in gray. (B) The importance of genes involved in the integration datasets of TCGA-KIRC and JAPAN-KIRC is ranked using a bar plot. 

(C) LASSO coefficients produced by LASSO regression analysis (up) and Lasso coefficient profiles of candidate genes (down). (D) Survival analysis of two risk groups 

based on OS, PFS, and DSS. (E) The risk model demonstrates satisfactory AUC scores in the TCGA-KIRC cohort. (F) The accuracy of the risk model is evaluated using 

the calibration curve, where a slope closer to 1 indicates higher prediction accuracy. (G) Decision curve analysis curves compare TDERS, stage, and age in predicting 

5-year OS in TCGA-KIRC. AUC, area under the curve; DSS, disease-specific survival; OS, overall survival; PFS, progression-free survival. 
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DERS with the IMDC and MSKCC models. The TDERS model showed

lightly better performance than the IMDC and MSKCC models (Supple-

entary Fig. 4D). In Motzer’s cohort of 823 RCC patients, the TDERS

ffectively predicted the prognosis of patients receiving atezolizumab

lus bevacizumab and sunitinib treatment, with AUCs of 0.62 and 0.71,

espectively (Supplementary Fig. 4E). Additionally, in our in-house co-

ort, consisting of 94 advanced RCC samples and 8 patients who re-

eived ICI, the TDERS was able to accurately predict survival outcomes.
386
he low-risk TDERS group exhibited longer overall survival compared

o the high-risk TDERS group (Supplementary Fig. 5A), and the average

UCs at 1-, 2-, 3-, and 5- year were consistently above 0.65 (Supple-

entary Fig. 5B). The calibration plot and DCA further demonstrated

he efficacy of the TDERS in our in-house cohort (Supplementary Fig.

C and D). Notably, the imaging analysis revealed a strong correlation

etween the TDERS and the efficacy of immunotherapy (Supplemen-

ary Fig. 5E). In order to assess the efficacy of the TDERS system in
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Fig. 3. Validation of TDERS using external datasets. (A) Kaplan-Meier plot demonstrates distinctive prognosis of OS in the JAPAN-KIRC, TCGA-KIRP, TCGA-KICH, 

and GSE22541 cohorts. (B) The risk model shows satisfactory AUC scores in these four datasets. (C) The accuracy of the risk model is evaluated using the calibration 

curve. (D) Decision curve analysis compares multiple prognostic models in terms of net benefit in these four datasets. AUC, area under the curve; OS, overall survival. 
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elation to other signatures, a comprehensive review of published signa-

ures was conducted. Univariate Cox regression analysis was performed

n all datasets for each signature, revealing that only the TDERS model

xhibited a statistically significant association with prognosis across all

ohorts (Supplementary Fig. 6). 

.4. Cornification, hypoxia, coagulation and hampered APM were 

ctivated in the TDERS high group 

To better understand the biological differences resulting in distinct

linical outcomes between the high and low TDERS groups, we per-

ormed functional enrichment analysis of the DEGs derived from the

wo groups. The volcano plot in Fig. 4 A demonstrates the detailed

EG information. GO enrichment analysis showed that the DEGs were

ainly enriched in cornification, antibacterial humoral response, ker-

tinization, and acute phase response ( Fig. 4 B). GSVA hinted that the
387
DERS high group was activated in KRAS, hypoxia, myogenesis, per-

xisome and coagulation, whereas the TDERS low group was activated

n heme metabolism, PI3K-AKT-MTOR signaling, mitotic spindle and

2M checkpoint ( Fig. 4 C). GSEA indicated that DEGs were mainly con-

entrated in immune-related pathways in IL-17, cytokine ‒cytokine re-

eptor interaction, complement and coagulation cascades, fatty acid

egradation, collection duct acid secretion and citrate cycle ( Fig. 4 D).

ore importantly, when the TDERS was correlated with the antitumour-

elated immune score and immune circle ( Fig. 4 E), obvious negative

elationships were observed between the TDERS and tumor antigen

resentation-related signals and cancer immunity cycle, including can-

er antigen presentation, Th22 cell recruiting, monocyte recruiting and

reg cell recruiting. All these findings indicated that the TDERS was

ignificantly correlated with anti-immune processes, which inspired us

o investigate the detailed immune infiltration differences and ICI re-

ponses between the TDERS high and low groups. 
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Fig. 4. Functional enrichment analysis of TDERS. (A) The volcano plot illustrates differentially expressed genes in the high-risk and low-risk groups. (B-D) GO 

enrichment analysis (B), KEGG (C), and GSEA (D) between the high-risk and low-risk groups. (E) The relationship between the risk model and multiple oncogenic 

signalling pathways and immune activation processes. Neg, negative; ns, not significant; Pos, positive. 
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.5. Distinctive immune profiles and therapy heterogeneity between 

ifferent TDERS groups 

Immunotherapy has gradually become the first-line treatment for ad-

anced RCC and has achieved satisfactory results. In the intricate land-

cape of RCC, the tumor microenvironment is characterized by a rich

nfiltration of immune and stromal cells. This complex interplay of cel-
388
ular constituents plays a pivotal role in the oncogenesis and progression

f RCC. To compare the differences in immune infiltration patterns be-

ween the high and low TDERS groups, specific immune components and

mmune steps were analyzed. Generally, the TDERS low group was acti-

ated in the tumor immune microenvironment and lymphocytes, since

ost immune cells, including CD8 T, activated natural killer (NK), acti-

ated CD4 memory cell and dendritic cells; which only resting NK and
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Fig. 5. Correlation between immune infiltration profiles, related targets, and TDERS. (A) Heatmap indicates different immune infiltrate features between the two 

groups. (B) Tumor mutation burden is compared between the two groups. (C) Copy number variations are compared between the two groups. (D) Predicted im- 

munotherapy responses are compared between the two subgroups. (E) Targeted drugs predicted for the high-risk group. (F) Novel molecular agents identified for 

the high-risk group from the Genomics of Drug Sensitivity in Cancer database. 
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ndothelial cell were relatively enriched in TDERS high group ( Fig. 5 A).

n addition, the low-risk group was marked with a greater TMB and a

igher proportion of CNV ( Fig. 5 B and C). This high mutational bur-

en and CNV in the TDERS low group may lead to better responsive-

ess to immunotherapy ( Fig. 5 D). In addition, when inferring the de-

ailed mutation landscape, we noticed that the leading mutated genes

n the TDERS low group were VHL (47%), PBRM1 (32%), TTN (22%) and

ETD2 (15%), while the landscape in the TDERS high group was PBRM1

53%), VHL (52%) and TTN (13%) (Supplementary Fig. 7A). In addition,

utation events of PBRM1, DYNC1H1, MAGEC1, MLLT4, ROCK1 and
389
SMD1 were protective in the TDER high group (Supplementary Fig.

B). Given the recently reported evidence indicating a strong correla-

ion between a high burden of copy number loss and resistance to anti-

TLA-4 blockade, our next objective was to investigate copy number

lterations between the low and high TDERS groups. 32 , 33 Consistently,

atients in the high TDERS group had a lower burden of gain and loss at

he focal level, as well as a lower burden of gain at the arm level com-

ared to those in the low TDERS group (Supplementary Fig. 7C). Fur-

hermore, the TDERS low group exhibited significantly higher frequen-

ies of arm-level amplification and deletion than the TDERS high group
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Fig. 6. The role of TDERS at the single-cell level. (A) UMAP plot showing 13 clear cell renal cell carcinoma cell types. (B, C) UMAP plot (B) and violin plot (C) 

showing the expression of genes comprising TDERS. (D, E) Bar graph indicating the frequency of representative cell clusters in the high-risk and low-risk groups of 

TDERS. (F) Bar graph showing the frequency of cell communication in the high-risk and low-risk groups. (G) Different cell communication signals observed between 

the high-risk and low-risk groups of TDERS. UMAP, uniform manifold approximation and projection. 
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 P < 0.001) (Supplementary Fig. 7D). To identify potential clinical tar-

eted drugs, we utilized therapy information from the Cmap database.

ur screening yielded several candidates, namely fasudil, staurosporine,

matinib, and mercaptopurine, which showed promise for the TDERS

igh group ( Fig. 5 E). Additionally, we analyzed the GDSC database

o explore other potential drugs. The results indicated that the TDERS

igh group might exhibit sensitivity to LFM, as well as A13, RO.3306,

I.1040, ZM.447439, and CGP.60474 ( Fig. 5 F). However, it is important

o note that further in vivo and in vitro studies are necessary to validate

he therapeutic efficacy of these agents. 

.6. Single-cell analysis of TDERS in ccRCC 

However, there are limitations to bulk RNA sequencing due to its

haracteristics. In this method, the expression level of a gene is calcu-

ated by taking the mean value of all cells in the tissue. To overcome this

imitation, we performed single-cell RNA sequencing on three samples of

cRCC. Our analysis involved examining over 60,000 cells, which were

hen classified into 11 clusters based on classic cell markers. These clus-

ers included mast cells, endothelial cells, B cells, T cells, neutrophils,

pithelial cells, natural killer cells, macrophages, dendritic cells, fibrob-

asts, and erythroblasts ( Fig. 6 A). In our scRNA analysis, we discovered

hat 12 genes, specifically the TDERS gene group, showed differential

xpression among different cell types. Furthermore, most genes within

his group displayed relatively low expression levels, which can be at-

ributed to the sequencing depth of scRNA ( Fig. 6 B). Aligning with these

esults, we found that the gene PLOD2 was highly expressed in ccRCC
390
umor cells, while TEDRS exhibited high expression in both endothelial

ells and tumor cells ( Fig. 6 C). Upon dividing all cells into two groups

 TEDRS high and low - using the median level of TDERS, we observed

ariations in the cell proportion between these groups. Specifically, the

DERS low group exhibited a higher proportion of endothelial cells, ep-

thelial cells, and fibroblasts, while immune components such as B cells,

 cells, NK cells, macrophages, and erythroblasts were relatively low in

his group ( Fig. 6 D). Notably, these findings remained consistent when

urther categorizing all cell types into minor groups ( Fig. 6 E). 

Different cell proportions might be explained by distinct signal trans-

ort patterns; thus, we performed a cell communication or interaction

nalysis between the TDERS high and low groups. Obviously, the total

nteraction number and strength of the TDERS high group were more

requent than those of the low group ( Fig. 6 F). Notably, we found that

he communication frequency between endothelial cells and the remain-

ng cell types, including endothelial, epithelial, and fibroblasts, was

igh, while tumor antigen presentation-related interactions between

acrophages and dendritic and B cells were inhibited in the TDERS high

roup (Supplementary Fig. 8A and B). Aided by inner signals from the

ellChat package, we noticed that both incoming and outgoing signal

atterns of laminin and VEGF were high in the high-risk group (Supple-

entary Fig. 8C). Since T-cell activation is involved in immunity, we

ext compared the interaction of T cells and the remaining cell types

nd found that the interaction strength of ADGRE5-CD55 between T

ells and neutrophils was aberrantly high in the TDERS high group

Supplementary Fig. 8D). Finally, we found that some signatures were

onserved in the TDERS high group, including SELL , CSF, JAM, EPHB,



A. Jiang, Y. Liu, Z. He et al. Journal of the National Cancer Center 4 (2024) 382–394

Fig. 7. Clinical and biological roles of PLOD2 in ccRCC. (A) Hazard ratios of 12 TDERS genes for OS and PFI in TCGA-KIRC. (B) Differential expression levels of 

PLOD2 in the GSE16573 and TCGA-KIRC cohorts. (C) Hazard ratios of PLOD2 in different ccRCC cohorts. (D) Differential proliferation abilities of OSRC2 and 786-O 

cells in the NC group and PLOD2 knockdown (sh-PLOD2) group. (E, F) Wound healing assay and Transwell experiments demonstrate the migration and invasion 

abilities of OSRC2 and 786-O cells. NC, normal control; OS, overall survival; PFI, progression-free interval. 
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EMA3, HSPG, EPHA, NECTIN, TIGIT, SEMA6, SELPLG, AGRN and IFG

 Fig. 6 G). 

.7. PLOD2 promotes ccRCC progression by modulating the cell cycle and 

enome instability 

Among the 12 genes in the TDERS, we noticed that PLOD2 was a

isk factor for both OS and recurrence-free interval (RFI) in ccRCC when

erform Univariate Cox analysis ( Fig. 7 A). Compared with normal tis-

ues from GSE167573 and TCGA-KIRC, PLOD2 was significantly over-

xpressed in tumor tissues ( Fig. 7 B). The expression level of PLOD2 was

igher in patients with advanced clinical stage and grade across dif-

erent cohorts (Supplementary Fig. 9A). Univariate Cox analysis further

evealed that a high expression level of PLOD2 indicated worse progres-

ion in terms of OS, DFS and PFS in ccRCC ( Fig. 7 C). Interestingly, we

oticed that patients divided into PLOD2 high-expression groups had a

requent mutation rate of KDM5C and SPEN, which suggested that two

pigenetic factors might be involved in the transcriptional regulation of

LOD2 in ccRCC (Supplementary Fig. 9B). PLOD2 might regulate pro-

ein hydroxylation, RNA degradation, DNA mismatch, E2F, and the G2M

heckpoint in ccRCC (Supplementary Fig. 9C-E). In addition, we applied

iRNA against PLOD2 and transfected it into two common ccRCC cell

ines, OSRC2 and 786-0. RT-PCR and western blotting showed satisfac-

ory know-down efficacy of PLOD2 in ccRCC cell line (Supplementary

ig. 10A). CCK8, wound healing, migration and invasion experiments

howed that ccRCC cell lines treated with PLOD2 siRNA exhibited ham-

ered cell proliferation and migration ( Fig. 7 D–F). Besides, dysregulated
391
xpression level of PLOD2 has tumor-promoter effect in other RCC his-

ology types including KIRP and KICH. In detail, high expression level

f PLOD2 was correlated with short survival time in TCGA-KIRC, KIRP

nd KICH (Supplementary Fig. 10B-D). 

. Discussion 

The complexity of histopathological diagnosis for RCC is further

ompounded by the inclusion of additional histological subtypes with

istinct molecular features in the World Health Organization (WHO)

lassification, such as clear cell papillary RCC, as well as the frequent oc-

urrence of heterogeneous mixed-histological tumors and intratumoral

eterogeneity (ITH). 34 It is imperative to emphasize the necessity for

 universally applicable risk assessment system. Thus, we also evalu-

ted the prognosis predictive ability of TDERS in three RCC pathol-

gy types, including ccRCC, pRCC and chRCC. Surprisingly, TEDRS has

emonstrated superior accuracy in forecasting OS at the 5-year mile-

tone when juxtaposed with the existing TNM staging system, specifi-

ally for the aforementioned three pathological types. Additionally, we

onducted an analysis to determine the root cause of the difference be-

ween the high and low TDERS groups. The results showed a positive

orrelation between the high-risk group and multiple oncogenic path-

ays, including KRAS, hypoxia, myogenesis, peroxisome, and coagula-

ion. Furthermore, the high-risk group demonstrated a lower mutational

urden, which may result in a weaker response to immunotherapy. To

ddress this, we explored molecular inhibitors that could potentially

e effective in treating drug-refractory high-risk groups, such as LFM.
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13 and RO.3306, which act as direct inhibitors of the BTK and CDK1

athways, respectively. These inhibitors present promising therapeutic

argets for the TDERS high group among RCC patients. 

In terms of prognosis, a prognostic model based on genome-related

ignatures can offer additional predictive value to the current staging

ystem, allowing for more precise prediction of cancer prognosis. 35 For

nstance, the 21-gene recurrence score can classify breast cancer patients

ith the same clinical stage into low-risk and high-risk subgroups. 36 

his classification reveals significant differences in RFI and aids clini-

ians in making decisions regarding adjuvant therapy. Patients identi-

ed as high-risk based on the 21-gene recurrence score may benefit from

djuvant therapy due to their increased recurrence rate. On the other

and, identifying low-risk patients in the same clinical stage can prevent

nnecessary overtreatment, particularly when the benefits of adjuvant

herapy are minimal compared to surgery alone. In the case of localized

cRCC, the six single nucleotide polymorphism (SNP)-based score and

he 16-gene assay offer a more accurate assessment of recurrence risk

eyond the existing staging systems. 37 Moreover, our risk model system

as developed based on dysregulated signatures found in exosomes de-

ived from the plasma of ccRCC patients. This targeted dysregulation

ffers advantages such as easy sample availability, non-invasive exam-

nation, and tumor specificity. Additionally, our work has uncovered

ome interesting findings. We observed that patients with a high TDERS

xhibited activation of pathways related to cornification, hypoxia, coag-

lation, and the inflammatory response while displaying a constrained

tate of heme metabolism, tumor antigen presentation, and monocyte re-

ruitment. These clues indicate that aberrant coagulation in the TDERS

roup may hinder the anti-immune process and promote cancer progres-

ion. It is worth noting that the coagulation system, particularly the tis-

ue factor (TF) pathway, plays a vital role in innate defence mechanisms,

uch as stopping bleeding, limiting infection, and aiding wound repair. 38 

umor cells often exploit these host protective pathways to shape the

ME and facilitate metastasis. In the context of metastasis, TF-initiated

oagulation, fibrinogen, and PAR4 signaling activate platelets, which in

urn support tumor cell survival in the bloodstream and their settlement

t distant sites. 39 Interestingly, Queiroz et al. found that the growth

f PAR1-deficient pancreatic cancer cells could be restored by deplet-

ng tumor-eradicating cytotoxic CD8+ T cells, suggesting the involve-

ent of tumor cell PAR1 signalling in preventing immune surveillance

nd contributing to immune evasion by primary tumors. 40 Interestingly,

e first noticed that cornification might promote RCC progression in

DERS high group. A work from Qin et al. found cornification related

rotein, Peptidylargininedeiminase 1 or PAD1, could promote tumori-

enesis by regulating MEK1-ERK1/2-MMP2 signaling in triple negative

reast cancer. 41 Another work from Fiskin revealed disrupted cornifica-

ion could induce immune dysfunction state in human skin, which were

onsistent with our finding that TDERS high group with cornification

ctivated state resulted with immune dysfunction. 42 We also observed

hat the increased hypoxic state in the high TDERS group could inter-

ct with macrophages in the tumor, thus facilitating the progression of

cRCC, which is consistent with previous studies. Hypoxia is a critical

actor that affects the communication between tumor cells and tumor-

ssociated macrophages (TAM). 43 Hypoxia influences the crosstalk be-

ween TAMs and tumor cells through various mechanisms, including

he release of multifunctional exosomes, cytokines, growth factors, cel-

ular debris, oncometabolites, and the interaction of ligands and recep-

ors on the cell surface. The hypoxia-induced interaction between tumor

ells and TAMs promotes tumor proliferation, migration, invasion, an-

iogenesis, drug resistance, epithelial–mesenchymal transition (EMT),

nd cancer stem cell self-renewal. Additionally, hypoxia also promotes

acrophage phagocytosis, which inhibits tumor cell proliferation. Exo-

omes released from hypoxic epithelial ovarian cancer cells deliver miR-

1–3p, miR-125b-5p, and miR-181d-5p to macrophages, inducing M2

acrophage polarization and ultimately leading to tumor proliferation

nd migration. 44 , 45 Tumor-derived exosomal HMMR-AS1 also regulates

2-shifted polarization through the miR147a/ARID3A axis. 46 
392
Considering the increased expression of PLOD2 as a characteristic of

atients with high TDERS scores, targeting PLOD2 may restore the in-

ate TME of ccRCC and enhance the efficacy of ICIs in the high TDERS

roup. Interestingly, our study unveils that PLOD2 emerges as the sole

olecule upregulated in the cohort with high TDERS, underscoring its

aramount significance in driving the progression of renal carcinoma

Supplementary Fig. 2A). Through differential analysis between groups

ith high and low scores, we discerned that pathway including KRAS,

ypoxia, myogenesis, peroxisome, and coagulation are notably acti-

ated in the high-risk group, suggesting these pathways might serve as

ither upstream or downstream conduits influenced by aberrant PLOD2

xpression. Concurrently, previous research has illuminated that PLOD2

an engage in crosstalk with the aforementioned pathways or signaling

xes, thereby facilitating tumor progression. A previous work discovered

 tumor-specific splicing variant of macrophage receptor with collage-

ous structure-TST (MARCO-TST), which could interacted with PLOD2

nd enhanced the stability of HIF-1 𝛼, resulting the metabolic dysregu-

ation of triple-negative breast cancer and forming a hypoxic tumor mi-

roenvironment. 47 Daniel and colleagues demonstrated that mechanical

stress relaxation) and chemical (hypoxia) properties of the tumor mi-

roenvironment jointly accelerate sarcoma motility and metastasis via

ncreased expression of collagen matrix crosslinker PLOD2. These in-

estigations accentuate the pivotal role of PLOD2 in modulating tumor

rogression through its engagement with the collagen pathway and the

ypoxic microenvironment. 

Recent investigations have further delineated the pivotal role of

LOD2 in promoting malignant phenotypes across various cancers.

tudies by Tong et al. revealed that in breast cancer EMT, PLOD2

s associated with increased cytoplasmic succinate, driving mesenchy-

al transformations and enhancing cancer cell stemness while reduc-

ng 5-hydroxymethylcytosine (5hmC) levels in chromatin upon silenc-

ng of PLOD2. 48 Additionally, Lan et al. uncovered a critical interac-

ion between PLOD2 and USP15, a deubiquitinating enzyme, that sta-

ilizes and activates the AKT/mTOR signaling pathway, consequently

ostering the progression of colorectal cancer. 49 This interaction un-

erscores the emerging complexities of PLOD2 ̓s role in cancer signal-

ng networks. Furthermore, using data-independent acquisition mass

pectrometry (DIA-MS) analyses of formalin-fixed paraffin-embedded

FFPE) tissue samples, Shao et al. posited PLOD2 as a novel therapeu-

ic target in colorectal cancer, linking its expression with disease pro-

ression and potential poor prognosis. 50 Notably, previous research in

CC has also highlighted the significance of PLOD2 at the proteomics

evel. RNA sequencing and proteomic studies in East Asian populations

ave shown that PLOD2 could serve as a novel biomarker in ccRCC due

o its medium to strong tumor-specific staining in more than 90% of

amples. 51 Additionally, Klatt et al. found that PLOD2 could function

s a tumor-associated antigen and elicit a T-cell response. 52 In addi-

ion, previous works have indicated the role of PLOD2 in the progres-

ion of ccRCC. Liu et al. found deregulated expression level of PLOD2

as partially mediated by hypoxia related transcriptome factor, HIF1A,

n ccRCC, which interacted with EGFR and led disrupted phosphory-

ation of EGFR, ultimately activating the AKT signalling. 53 Further-

ore, Chen and colleagues proposed that under prolonged hypoxia, the

IF/METTL3/PLOD2 axis could serve as a biomarker for RCC progno-

is. 54 Collectively, these studies not only reinforce PLOD2 ′ s centrality in

ancer biology but also highlight its potential as a target for therapeutic

ntervention, especially in ccRCC. 

In our study, we demonstrated that inhibiting PLOD2 significantly re-

uced the invasion and migration capacity of ccRCC cell lines. Computa-

ional analysis suggested that dysregulated PLOD2 expression in ccRCC

ould impact protein processing and DNA replication, affecting tumor

ntigen presentation and ICI response. We also observed higher expres-

ion of PLOD2 in cancer cells at the single-cell level and found that high

DERS scores hindered macrophage infiltration in ccRCC. It is essential

o further investigate whether PLOD2 influences immune invasion and

etabolic reprogramming. Moreover, our model performed well in two
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ther pathological types of RCC, demonstrating internal consistency and

uggesting potential relevance beyond ccRCC. 

To the best of our knowledge, our study is the first to include a

ample size larger than 2000 in the context of RCC, and the findings

lso hold relevance for patients with pRCC and chRCC. Furthermore,

ur risk score system demonstrated impressive performance within ICI

ohorts. We employed two well-established approaches to validate the

ffectiveness of our risk scoring system, including model detection, val-

dation, and assessment using external datasets. These approaches have

uccessfully demonstrated the accuracy and specificity of TDERS. Nev-

rtheless, it is crucial to recognize the constraints faced in our research,

hich must be considered in future inquiries. The retrospective nature

f all cohorts examined in our study underscores the necessity for ad-

itional validation via prospective studies carried out in a multicenter

nvironment. Furthermore, the intricate biological functions of partic-

lar mRNA molecules within TDERS, such as PLOD2, were exclusively

nalyzed through computational techniques. Subsequent investigations

hould incorporate in vivo and in vitro experiments to comprehensively

omprehend their roles in RCC. 

. Conclusions 

To summarize, our risk stratification scoring system utilizes signa-

ures from exosomes, making it a pragmatic and dependable prognostic

nstrument for patients diagnosed with ccRCC, kidney renal papillary

ell carcinoma (pRCC) and kidney chromophobe carcinoma (chRCC).

his system acts as a valuable supplement to the current staging system

y accurately predicting the overall survival duration following surgical

ntervention. By efficiently identifying RCC patients who are at either

igh or low risk of postsurgical recurrence, our assay aids in making

ell-informed treatment decisions and facilitates the exploration of ad-

uvant therapy through clinical trials. 

In conclusion, our risk stratification scoring system incorporates ex-

some signatures to provide a practical and reliable prognostic tool for

atients with ccRCC, pRCC, and chRCC. This system serves as a valuable

djunct to the existing staging system by accurately forecasting post-

urgical overall survival duration. By effectively distinguishing RCC pa-

ients at high or low risk of recurrence after surgery, our assay assists in

uiding informed treatment decisions and enables the investigation of

djuvant therapy in clinical trials. 
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