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Collecting duct carcinoma (CDC) is a rare but aggressive form of renal cell carcinoma (RCC) that has limited 
understanding and an undefined systemic therapeutic regimen. Herein, we conducted a comprehensive 
proteogenomic analysis of CDC tumors and normal adjacent tissues to elucidate the biology of the disease. 
CDC exhibited high heterogeneity in tumor mutational burden, and enhanced ribosome biogenesis was the 
most striking malignant feature of CDC, even compared with other common kidney carcinomas. Genomic 
data indicated that UTP6 and HN1 amplification on chromosome 17q were associated with the activations 
of ribosome biogenesis and cell migration, respectively, which were relevant to tumor proliferation and 
metastasis. Proteomic-based classification identified 3 clusters, among which, tumors overexpressing 
ribosome biogenesis signaling (GP1) clustered into the most aggressive subtype, while tumors with increased 
energy metabolism (GP3) exhibited significant sensitivity to anti-vascular endothelial growth factor agents. 
Immune subtyping revealed a complex immune landscape of CDC. Additionally, increased RPF2, contributing 
to ribosome production, was validated to be associated with malignant phenotypes, and targeting RPF2 could 
exert an anti-oncogenic role by disrupting ribosome biogenesis and perturbing the MDM2–p53 interaction.
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Introduction
   Collecting duct carcinoma (CDC), also known as Bellini duct 
carcinoma, is a rare but aggressive form of renal cell carcinoma 
(RCC), accounting for 0.4% to 2.1% of all renal malignant epi-
thelial tumors. Clinically, available series indicate that the 
median age at diagnosis of CDC is comparable to that of clear 
cell RCC (ccRCC) (63 vs. 65), while CDC demonstrates greater 
male predominance (70% vs. 62%) [  1 ,  2 ]. Patients with CDC 
have shorter median survival (13.2 vs. 122.5 months), higher 
proportions of high-grade tumors (G3+G4: 62.3% vs. 24.4%), 
and more advanced T-stage disease (T3+T4: 57% vs. 20.9%) 
compared to those with ccRCC [  3 ]. In addition, a retrospective 
analysis reveals that CDC presents with more advanced TNM 
stage than ccRCC and exhibits higher cancer-specific mortality, 
even when compared to G4 ccRCC [  4 ,  5 ]. These results indicate 
that CDC shows greater clinical aggressiveness than ccRCC. 
Unfortunately, the underlying mechanism remains unclear.

   Tumor mutational burden (TMB) is a highly studied bio-
marker for emerging treatment evaluation and tumor progno-
sis across various malignant carcinomas, including ccRCC [  6 ]. 
However, the role of TMB in CDC has not yet been explored. 
For another, on the level of genomic aberrations, genetic stud-
ies have revealed frequent DNA deletions on chromosomal 
regions 8p, 16p, 1p, 9p, and 21q [  7 ,  8 ], and NF2, SETD2, 
﻿SMARCB1, and CDKN2A were identified as the most frequently 
mutated genes in CDC [ 2 ,  9 ]. Moreover, clinically relevant 
genomic alterations (CRGAs) of PIK3CA, HRAS, FBXW7, 
﻿VHL, DNMT3A, and BAP1 were also identified [ 2 ]. However, 
the biological mechanism connecting genome aberrations with 
tumorigenesis remains unclear. Furthermore, previous studies 
were usually limited to no more than 20 cases of CDC [ 2 , 9 ,  10 ], 
and the alteration frequencies of frequently mutated genes 
often varied. Thus, more CDC samples were needed for a more 
comprehensive analysis.

   Therapeutic options for CDC, such as immunotherapy or 
chemotherapy, have had limited success in controlling the dis-
ease. The majority of CDC patients unfortunately succumb to 
the disease within a year [  11 ]. Oudard et al. [  12 ] reported in 
metastatic CDC patients that treatment with platinum/gem-
citabine, which is approved for RCC, only exhibited a median 
overall survival (OS) of 10.5 months and a progression-free 
survival (PFS) of 7.1 months. The rarity of CDC impedes the 
conduct of prospective randomized clinical trials, consequently 
making it difficult to define a systemic regimen for CDC. 
Therefore, there is an extremely urgent need to classify CDC 
through integrative analysis and propose specific therapies for 
different subtypes of CDC in order to improve the effectiveness 
of clinical treatment. Thus, to this end, in this case, we investi-
gated the genomic, transcriptomic, proteomic, and phospho-
proteomic characteristics of 53 CDC samples and correlated 
the findings with clinicopathological features.   

Results

Comprehensive proteogenomic underpinnings of CDC
   In total, 53 treatment-naive CDC samples from Chinese patients 
were profiled. All omics experiments include whole-exome 
sequencing (WES), RNA-sequencing (RNA-seq), proteome, and 
phosphoproteome. The experimental design and data availability 
are shown in Fig.  1 A. Of the 53 CDC patients identified, 38 (72%) 
were male. The median age was 57 (range from 17 to 86). The 

ratio of male to female and the median onset age were consistent 
with previous reports [ 2 , 4 , 11 ]. At the time of specimen analysis, 
the cohort comprised predominantly advanced-stage (III/IV) 
patients (~91%), with only 5 stage I cases. Forty-five patients 
experienced recurrence or metastasis (Fig.  1 A and Data  S1 ). 
Moreover, compared to a previously published cohort consisting 
of 324 CDC patients [ 4 ], our cohort showed no significant dif-
ferences in terms of gender ratio, median age, tumor size, tumor 
side, T stage, and M stage (Data  S1 ), indicating that our CDC 
cohort is representative of the demographic and clinicopathologi-
cal characteristics of CDC within the broader population.        

   In total, 22,929 nonsynonymous somatic mutations and 3,004 
synonymous somatic mutations were identified by WES analysis. 
Consistent with previous studies, NF2 and SETD2 were the most 
frequently mutated genes and the mutation frequency of the 6 
CRGAs (PIK3CA, FBXW7, BAP1, DNMT3A, VHL, and HRAS) 
was similar to that previously reported [ 2 , 9 , 10 ] (Fig.  1 B, Data 
 S2 , and Fig.  S1 A). Alongside NF2, AHNAK2 emerged as another 
highly mutated gene in our CDC cohort that has not been 
reported in other CDC studies. This might be due to either 
cohort size limitations or distinct mutation patterns within the 
ethnically Chinese population. Furthermore, we conducted a 
comprehensive comparison of genomic alterations between our 
CDC cohort and previously published CDC datasets [ 2 , 9 , 10 ], 
demonstrating the complex genomic variation landscape of 
CDC and the accuracy of the CDC diagnosis in our cohort. The 
detailed analyses are shown in Section SI.

   TMB, quantifying cumulative genetic alterations, has dem-
onstrated potential as a robust biomarker. Interestingly, CDC 
showed a relatively lower median TMB compared to the major-
ity of tumors in The Cancer Genome Atlas (TCGA), including 
clear cell renal cell carcinoma (KIRC) and papillary renal cell 
carcinoma (KIRP) (Fig.  S1 B), and more than half of the CDC 
patients (26/48) had TMB values less than 1 (Data  S2 ). Further 
compared to other RCC subtypes, CDC showed the highest 
TMB heterogeneity (Fig.  1 C), ranging from 0.03 to 76.4 mut/
Mb. Moreover, as the most frequently mutated genes, AHNAK2 
and NF2 mutations showed different correlations with TMB, 
with the former being associated with higher TMB and the 
latter being associated with lower TMB (Fig.  S1 C). Interestingly, 
CDC patients with NF2 Mut/AHNAK2 WT had the lowest median 
TMB value (0.51 mut/Mb) (Fig.  1 D) and the best prognosis 
(Fig.  1 E), suggesting that TMB and NF2 mutation played a 
specific role in CDC and warrant further exploration.

   Non-negative matrix factorization (NMF) analysis identified 
4 mutational signatures (Fig.  1 F and Data  S2 ). Signatures 1 to 
4 corresponded to the known COSMIC signatures: SBS6, 
SBS22, SBS40, and SBS2. SBS6 was correlated with defective 
DNA mismatch repair (MMR), while SBS22 was associated 
with aristolochic acid (AA) exposure, a type of carcinogen from 
Chinese herbs [  13 ,  14 ]. SBS2, commonly observed in human 
malignancies, has been attributed to APOBEC cytidine deami-
nase activity [  15 ]. These results revealed a unique mutational 
signature profile of CDC.

   For quality control (QC), proteomic and phosphoproteomic 
reproducibility was assessed via Pearson’s correlation coeffi-
cients using replicate HEK293T cell sample runs. The median 
inter-replicate correlation coefficient of 0.95 indicated the sta-
bility and consistency of the mass spectrometry (MS) platform 
(Fig.  S1 D). The transcriptome, proteome, and phosphopro-
teome of tumor (red) and normal adjacent tissues (NATs; blue) 
exhibited a unimodal distribution and high stability (Fig.  S1 E 
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Fig. 1. Comprehensive proteogenomic underpinnings of CDC. (A) Overview of the experimental design and the number of samples for WES, proteome, phosphoproteome, and 
transcriptome analyses. Clinical parameters of this CDC cohort are shown in the heatmap, including gender, age, TNM stage, recurrence, and metastasis. (B) The genomic 
profiles. Top panel: the number of mutations in each patient. Middle panel: somatic mutations for significantly mutated genes (SMGs) and potential SMG. Bottom panel: the 
distribution of 6 possible single-nucleotide substitutions in each patient. Mutation types and their frequencies are depicted by a bar plot in the right panel. (C) Violin plots 
illustrating the different distribution of TMB among different RCC types. Kruskal–Wallis test was used to test whether any of the differences among the RCC types were 
statistically significant. Wilcoxon rank-sum test was used to estimate the significance of 2 RCC types. CDC, collecting duct carcinoma; KIRC, clear cell renal cell carcinoma; 
KIRP, papillary renal cell carcinoma; KICH, chromophobe renal cell carcinoma; tRCC, Mit family translocation renal cell carcinoma. (D) Different distribution of TMB in patients 
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(IQR) (box limits), AND the ±1.5×IQR (whiskers). (E) Kaplan–Meier curves of PFS for NF2Mut/AHNAK2WT patients and other patients (2-sided log-rank test). (F) Mutational 
spectrum of the 4 mutational signatures extracted by Sigminer analysis. (G) Left panel: Gene-wise mRNA–protein correlation in CDC tumors. Red: pathways in which positively 
correlated genes were involved; yellow: pathways in which negatively correlated genes were involved. Right panel: Gene-wise mRNA–protein correlation in NATs. Blue: pathways 
in which positively correlated genes were involved; green: pathways in which negatively correlated genes were involved.
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and F). A total of 12,901 protein groups were identified from 
all samples at a 1% false discovery rate (FDR) at the protein 
and peptide levels, comprising 12,161 in tumors (n = 51) and 
11,109 in NATs (n = 47). Additionally, phosphoproteomic 
analysis identified 34,977 phosphosites corresponding to 6,864 
phosphoproteins in tumor samples (n = 17) and 27,251 phos-
phosites corresponding to 5,896 phosphoproteins in NAT 
samples (n = 16). The coefficient of variation (CV) for the iden-
tified phosphosite numbers was 0.34 in tumor samples versus 
0.24 in NATs, similar to previous reports in lung adenocar-
cinoma (LUAD) [  16 ] and ccRCC [  17 ], suggesting that the 
heterogeneity of tumor samples might cause the variable phos-
phoproteome identification. RNA-seq analysis identified a total 
of 26,472 genes, of which 13,106 genes were with fragments 
per kilobase of transcript per million mapped reads (FPKM) 
of more than 1 (Fig.  S1 G and H and Data  S3 ).

   To explore the relationship between the transcriptome and 
full proteome, we calculated gene-wise and sample-wise 
mRNA–protein correlations (Data  S3 ). NATs exhibited a 
median gene-wise correlation of 0.138, while tumors showed an 
elevated median of 0.152 (Fig.  1 G), similar to previous studies 
[  18 –  20 ]. This widespread observation of low mRNA–protein 
correlation across multiple malignancies indicated that this phe-
nomenon might have arisen from biological factors rather than 
technical ones (Supplementary Materials). Specifically, 69.05% 
and 66.22% of mRNA–protein pairs showed positive Spearman 
correlations in tumors and NATs, respectively, both of which 
were associated with cell migration and multiple metabolic 
pathways (including fatty acid, tyrosine, and glucose metabo-
lism) (Fig.  1 G). In tumors, genes with negative Spearman cor-
relations were enriched in DNA repair; however, in NATs, genes 
showing negative correlations were enriched in the ribosome 
pathway (Fig.  1 G). Sample-wise mRNA–protein correlations 
demonstrated a reduced median value in tumors (0.51) versus 
NATs (0.54), with NATs exhibiting tighter dispersion (Fig.  S1 I). 
The identified protein numbers did not affect the sample-wise 
mRNA–protein correlations (Fig.  S1 J). Additionally, the 
mRNA–protein correlation using log2 T/N (tumor/NAT) values 
was moderate to low with sample-wise and gene-wise median 
Spearman correlations of 0.31 (Fig.  S1 I) and 0.15 (Fig.  S1 K), 
respectively, consistent with a previous study investigating lung 
cancer [ 18 ]. Taken together, the distinct discordance between 
mRNA and protein expression indicated that proteomic data 
had potential to reveal unique oncogenic characters that cannot 
be identified by genomic or transcriptomic data alone [  21 ].

   Based on the current signatures from Lake et al. [  22 ], we 
investigated the cell-type composition of CDC and common 
kidney cancers (including KIRC, KIRP, and chromophobe 
renal cell carcinoma [KICH]) from TCGA to infer the poten-
tial nephron site of origin of these malignancies. The results 
indicated that CDC might not only originate from medullary 
collecting duct epithelial cells (such as inner medullary col-
lecting duct cells), which has been well-documented, but also 
be closely related to distal tubular epithelial cells (including 
thick ascending limb cells and distal convoluted tubule cells) 
(Fig.  S1 L and Data  S1 ). The detailed description is shown in 
Section SII.   

TMB and NF2 mutations are associated with 
ribosome biogenesis in CDC
   Due to the particularly high heterogeneity of TMB (Fig.  1 C), 
we further investigated the impacts of TMB on the clinical 

outcomes and proteome profiles in CDC. As previously 
reported, the optimal cutoff value varies depending on the TMB 
distribution of the different tumor types and needs to be defined 
dynamically, especially for rare cancers [  23 ,  24 ]. Herein, based 
on the low median value of TMB (Fig.  S1 A) and the ability to 
distinguish the PFS of CDC patients (Fig.  2 A), 0.6 mut/Mb was 
considered as a cutoff for downstream analysis. The detailed 
rationale for this selection is shown in Section SIII. Twenty-
nine out of 48 patients were assigned to the high-TMB group 
with significantly shorter PFS (Fig.  2 A). The comparison analy-
sis revealed that patients in the high-TMB group were charac-
terized by infiltration of progenitor cells (including CLP and 
MEP) and NK cells, along with activation of ribosome, transla-
tion, chromatin organization, and cell cycle pathways (Fig.  2 B). 
Further screening of prognostic proteins related to TMB 
revealed that OTUB1 abundance was significantly associated 
with worse prognosis (Fig.  2 C, hazard ratio [HR] = 1.50, 
﻿P value = 0.0299). OTUB1 has been reported to play a key non-
catalytic role in DNA damage. In this cohort, the associations 
between OTUB1 abundance and SBS6, representing defective 
MMR, as well as DNA damage signal confirmed this conclusion 
(Fig.  S2 A and B), further indicating the conjectural association 
between DNA damage and cumulative genetic alterations in 
CDC.        

   Apart from OTUB1, pathway analysis revealed that the 
15 prognostic proteins were significantly enriched in ribo-
some large subunit biogenesis (such as RPF2, RRP8, GNL2, 
and MRPL50) (Fig.  2 C and Data  S2 ), which aligned with the 
activation of ribosome biogenesis in the high-TMB group 
(Fig.  2 B). Among them, RPF2, Ribosome Production Factor 
2 Homolog, exhibited consistently greater fold change (FC) 
between high- and low-TMB groups and higher correlation 
coefficient with TMB, leading to its selection for downstream 
analyses (Data  S2 ). RPF2 has been reported to interact with 
RRS1 to mediate ribosome production. In this cohort, RPF2 
abundance was positively associated with the abundance of 
RRS1 and multiple ribosome-related proteins (RRPs) (Fig. 
 2 D), but negatively correlated with both OS and PFS (Fig. 
 S2 C). Enhanced ribosome biogenesis and the following trans-
lation are seen as fundamental steps in tumor proliferation. 
Consistently, correlation analysis uncovered the positive 
associations between RPF2 and biological pathways, includ-
ing ribosome, translation, and cell cycle (Fig.  2 E). Kinase–
substrate enrichment analysis (KSEA) further illustrated the 
activation of CDK1/2, which played a central role in cell cycle 
regulation, in the high-TMB group (Fig.  S2 D), hinting at 
abnormal up-regulation of tumor proliferation and thera-
peutic potential of CDK inhibitors. In conclusion, patients 
with greater TMB value showed high expression of ribosome 
signals, which was associated with abnormal tumor prolifera-
tion and poor prognosis (Fig.  2 J).

   Patients with NF2 Mut/AHNAK2 WT have been found to be 
associated with lower TMB (Fig.  1 D) and better PFS (Fig.  1 F). 
We then explored whether this alteration had a difference in 
impact between the high-TMB and low-TMB groups, and a 
significant carcinostasis was only observed in the low-TMB 
group (Fig.  2 F), alongside the prominent down-regulation of 
NF2 protein abundance (Fig.  2 G). However, this alteration 
made no difference to AHNAK2 protein abundance regardless 
of TMB levels (Fig.  2 G). In the low-TMB group, elevated NF2 
expression was associated with adverse prognosis (Fig.  2 H). 
Multiple RRPs were up-regulated along with the increase of 
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NF2 abundance, whereas proteins related to focal adhesion and 
PI3K-Akt signaling were down-regulated as previously reported 
[  25 ], including TSC1, a negative regulator of translation process 
[  26 ,  27 ] (Fig.  2 I and Fig.  S2 E and F). PRKD1 was activated in 
patients with NF2 Mut/AHNAK2 WT in the low-TMB group (Fig. 
 S2 G). Resveratrol, a Food and Drug Administration (FDA)-
approved drug targeting PRKD1 and inhibiting PI3K-Akt sig-
naling, is a potential treatment for this subgroup of CDC (Fig. 
 2 J). Overall, in the low-TMB group, we reported 2 subgroups 
with different prognosis and ribosome signals, in which patients 
with NF2 Mut/AHNAK2 WTexhibited the decrease of ribosome 
signals and were associated with favorable outcomes (Fig.  2 J).   

Loss of 1p is associated with improved outcome  
by regulating ribosome biogenesis in CDC
   Somatic copy number alterations (SCNAs) were detected 
using GISTIC 2.0 [  28 ]. Recurrent CDC DNA losses occurred 
at 1p, 4p, 4q, 6q, 9q, 13q, 18p, 18q, and 22q, and gains were 
observed in 7p, 7q, 17p, 17q, 20p, and 20q (Fig.  3 A and Data 
 S2 ). As shown in Fig.  3 B, the most frequently deleted focal 
regions were found in cytobands on chromosome 1p (1p36.13, 
1p36.33, etc.), consistent with a previous study investigating 
29 CDC samples [ 8 ].        

   Since (a) chromosome 1p exhibited the highest frequency 
of focal deletion (Fig.  3 B) and (b) 1p loss was correlated to 
favorable prognosis (Fig.  3 C and D and Data  S2 ), the proteome 
consequences of chromosome 1p loss were then systemati-
cally characterized. Pathway analysis suggested that gene sets 
related to metabolism, tumor necrosis factor-alpha (TNF-α), 
proteasome degradation, and Toll-like receptor cascades were 
enriched in 1p loss tumors, while complement and coagulation 
cascades, insulin signaling, mRNA processing, and immune sys-
tem were activated in non-1p loss tumors (Fig.  3 E). Interestingly, 
we found that glycolysis was enhanced in 1p loss tumors, while 
the pentose phosphate pathway (PPP) was enriched in non-1p 
loss tumors (Fig.  3 E), suggesting distinct glucose metabolic 
preferences between the 2 groups. Further association analysis 
linking glucose metabolic pathways to clinical outcomes of 
patients revealed that up-regulation of both glycolysis/gluco-
neogenesis and PPP correlated with inferior OS and PFS (Fig. 
 S2 H and I).

   Subsequently, the proteomic consequences of 1p loss were 
investigated. At the proteome level, high expression of 2 
(FUBP1 and PGD) out of 13 cis-effect genes was significantly 
correlated with poor survival (Fig.  3 F and G and Fig.  S2 J). 
Phospho-gluconate dehydrogenase (PGD) is a key rate-limiting 
enzyme in PPP, further indicating the association between the 
high level of PPP and adverse outcomes. Notably, FUBP1 was 
the protein most associated with OS (Fig.  3 G) in this cohort, 
which has been reported as a major regulator of transcription, 
translation, and RNA splicing, and has also been implicated as 
an oncoprotein overexpressed in multiple malignancies, includ-
ing hepatocellular carcinoma (HCC), non-small cell lung 
cancer, breast cancer, and ccRCC [  29 ]. Correlation analysis 
revealed that ribosome and translation signals had strong posi-
tive correlation with FUBP1 abundance at the proteome level 
(Fig.  3 H). Detailed relevant proteins are shown in Fig.  3 I. In 
addition, the activation of biological pathways, including ribo-
some, translation, and PPP, was a risk factor for CDC patients 
with poorer clinical outcomes (Fig.  3 J). Moreover, significantly 
positive correlations were observed between cell cycle and ribo-
some, as well as translation signaling, indicating the enhanced 

tumor proliferation (Fig.  3 K). Further compared to ccRCC and 
Mit family translocation RCC (tRCC), CDC had the significantly 
highest FUBP1 protein abundance and ribosome pathway score 
(Fig.  3 L and Fig.  S2 K), indicating that the pharmacological tar-
geting of FUBP1 might offer a promising therapeutic approach 
for CDC patients. Moreover, at the phosphoproteome level, we 
detected 2 phosphosites of FUBP1, namely, S630 and T629. The 
observed significant positive correlations between the phos-
phorylation levels of FUBP1 at S630 and T629 and those of 
translation elongation factor (EEF1B2), translation initiation 
factors (EIF3J and EIF4G3), and ribosomal proteins (RPS8 and 
RPS20) may further suggest a potentially enhanced state of 
intracellular translation processes (Fig.  S2 L and M). However, 
at the transcriptome level, there was no significant correlation 
between FUBP1 expression and pathway activity scores for 
ribosome or ribosome biogenesis (Fig.  S2 N), underscoring that 
proteins, as direct executors of biological function, may reveal 
unique oncogenic features not captured by transcriptome 
analysis. Collectively, we identified that 1p loss decreased 
FUBP1 protein expression, which was associated with down-
regulation of ribosome biogenesis and translation processes, 
and ultimately with weakened tumor proliferation and a favor-
able outcome for patients with CDC (Fig.  3 M).   

Enhanced ribosome biogenesis is concordant at the 
multi-omic level in CDC
   Principal component analysis (PCA) demonstrated marked 
discrimination between tumors and NATs at the transcriptome, 
proteome, and phosphoproteome levels (Fig.  S3 A). Proteomic 
analysis identified 1,942 differentially expressed proteins 
between tumors and matched NATs (FC > 2 or < 0.5, BH P 
value < 0.05), with 1,163 proteins up-regulated and 779 down-
regulated in tumors (Fig.  4 A). Gene set enrichment analysis 
(GSEA) revealed that tumor-enriched proteins were associated 
with pathways such as ribosome biogenesis, DNA replication, 
extracellular matrix (ECM) organization, innate immune 
response, and cell migration (Fig.  4 B), whereas NAT-enriched 
proteins were mainly involved in pathways related to biological 
metabolism (including the metabolism of fatty acid, amino 
acid, and glucose) and kidney development (Fig.  4 B). The com-
parison analyses at the transcriptome and phosphoproteome 
levels were highly similar to those at the proteome level (Fig. 
 S3 B and C).        

   To elucidate key signal transduction pathways, we analyzed 
810 phosphosites mapped to 546 phosphoproteins, where phos-
phoproteomic alterations exceeded corresponding protein abun-
dance changes (Fig.  4 C, Wilcoxon rank-sum test, FC > 2, FDR< 
0.05). These cancer-related phosphoproteins were enriched in 
pathways, including translation initiation (such as EIF4EBP1_
T70 and EIF5B_S214), cell migration (such as CD44_S183 and 
ITGB4_S1387), and cell proliferation (such as STAT4_S715 and 
TP53BP1_S403) (Fig.  4 D). KSEA further revealed the domi-
nant kinases activated in tumors, where ATM, CDK2, GSK3B, 
and MAPK7 are targets of approved inhibitors (Fig.  4 E and F). 
The detailed kinase selection workflow is shown in Fig.  S3 D. 
Substrates of those kinases were involved in ribosome biogenesis, 
translation, cell migration, and cell cycle pathways (Fig.  4 F).

   In addition to kinase targets, deep proteogenomic charac-
terization of tumors and NATs also offered the possibility of 
nominating more potential candidates. Firstly, following rig-
orous proteomic screening, we nominated 21 candidate bio-
markers of CDC with potential diagnostic utility (Fig.  S3 E). 
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Fig. 3. Loss of 1p is associated with improved outcome by regulating ribosome biogenesis in CDC. (A) Arm-level SCNA events. Red denotes amplification and blue denotes 
deletion. The asterisks represent the statistical P values (*P < 0.05; **P < 0.01; ***P < 0.001). (B) Focal SCNA events. Focal peaks with significant CN amplifications (red) 
and deletions (blue) (q < 0.05) are shown. (C) Cox regression analysis of significant arm-level SCNA events. The green region denotes SCNA events significantly associated 
with favorable prognosis and the red region denotes SCNA events significantly related to adverse prognosis. (D) Kaplan–Meier curves of PFS for patients with or without 1p loss 
(2-sided log-rank test). (E) Pathway enrichment analysis using DEPs for patients with 1p loss compared to patients without 1p loss. (F) The pipeline for screening significant 
cis-effects of 1p in CDC. (G) Volcano plot showing log2-based HR (OS) for significant positive cis-effect genes on 1p. (H) Volcano plot showing the Spearman’s correlation 
between enriched pathway scores (GSVA) and FUBP1 protein abundance. GSVA, gene set variation analysis. (I) Heatmap of FUBP1 protein abundance and trans-effect ribosome-
translation-related proteins (Spearman’s correlation test). The asterisks represent the statistical P values (**P < 0.01; ***P < 0.001). The associations between FUBP1 
protein abundance and genetic features are shown in the top panel (Wilcoxon rank-sum test). (J) Forest plots showing the OS and PFS HRs for selected pathways, including 
ribosome, translation, and pentose phosphate pathway. (K) Ribosome (KEGG) and translation (Reactome) pathways show significantly positive correlations with cell cycle 
(Reactome) pathway (Spearman’s correlation test). KEGG, Kyoto Encyclopedia of Genes and Genomes. (L) Left panel: Boxplots illustrating FUBP1 protein abundance among 
CDC, ccRCC, tRCC, and NATs. Right panel: Boxplots showing ribosome (KEGG) pathway scores among CDC, ccRCC, and tRCC. Kruskal–Wallis test was used to test whether 
any of the differences among the groups were statistically significant. Wilcoxon rank-sum test was used to estimate the significance of 2 groups. (M) A model depicting the 
functional impacts of 1p loss in CDC.

https://doi.org/10.34133/research.0859


Qu et al. 2025 | https://doi.org/10.34133/research.0859 8

A B C

D
CSNK2A1
GSK3B
CDK2
PLK1
CDK5

CSNK2A2
ATM

MAPK11
MAPK1
GSK3A
MAPK3
PRKCA
PRKCG
MAPK7
MTOR

MAPK13
PRKAA2
ADRBK1
TGFBR2

0 2 4 6-2-4-6
Kinase z-score

E G

Cell division

Cell migration

Apoptosis process

Regulation of cell proliferation

Translation initiation

Innate immune system

−log10(P value)

P
at
hw

ay
s 
of
 c
an
ce
r-
re
la
te
d 
ph
os
ph
op
ro
te
in
s

2 4 6

Fold enrichment

2.0

3.0

2.5

0 25 50 75 100 125 150
0

20

40

60

80

100

Pr
ob
ab
ilit
y 
of
 s
ur
vi
va
l

P < 0.0001

ccRCC (n = 232)

tRCC (n = 86)

CDC (n = 53)

ns

OS (months)

0 25 50 75 100 125 150
0

20

40

60

80

100

Pr
ob
ab
ilit
y 
of
 s
ur
vi
va
l

P < 0.0001

PFS (months)

ccRCC (n = 232)

tRCC (n = 86)

CDC (n = 53)

H

Gender

TNM stage

Live status

Female
Male

Gender

TNM stage

III IVIII

Progression

No
Yes

Live status

No
Yes

Progression

Cancer type

tRCC
ccRCC

CDC

Cancer type

−2 0 2

z-score

2 3 4 5

−log10(P value)

ccR
CC
tRC

C
CD

C

Fatty acid metabolism

Angiogenesis

The citric acid (TCA) cycle

Valine, leucine, isoleucine-
degradation

Oxidative phosphorylation

Ribosome biogenesis

ECM organization

Innate immune response

Cell migration

3p_loss
9q_loss
13q_loss
20p_gain
17q_gain
17p_gain

****
*

****
****
****
****

Glycolysis / Gluconeogenesis

Regulation of cell cycle

Fold enrichment

2 4 6

Ribosome
Epithelial cell migration

**
****

I K

O
P

Ribosome
Epithelial cell migration

UTP6 (cis)
BYSL
RCL1
GRWD1
GNL2
MYBBP1A
NOP14
URB2

17q gain

0 1

S
pe
ar
m
an
’s
 c
or
re
la
tio
n

1.0 2.0

HR for OS

Ribosome biogenesis

HN1 (cis)
PEAK1
ELMO2
ADAM9
NCK2
FMNL2
GPC1
CD44
PIK3CA
PBXIP1
FUT8
SH3KBP1
FAT1

Cell migration

1.0 2.0

S
pe
ar
m
an
’s
 c
or
re
la
tio
n

**
**

**

N

P value< 0.05P value< 0.05

−2 0 2

z-score

M

0

5

10

−4 0 4

−l
og
10
 (B

H
 a
dj
us
te
d 
P
 v
al
ue
)

Mean difference (log 2 FC, T/N)

Down
779

UP
1,163

MME

LRP2 ASS1
CA2

CYP4A22 COX6B1

ACE
CYP4A11

UQCRC1
COX6A1

GNL2

MCM5
MCM2

CD44
TSR1

LAMB3
ITGB2

RRM2

THBS1URB2

Proteome

Cell migration

Ribosome biogenesis

DNA replication

Innate immune response

ECM organization

2 4 6

Fold enrichment

T overrepresented pathway −log10(P value)

Kidney development

Glucose metabolic process

Fatty acid metabolism

Amino acid transport

Oxidative phosphorylation

4 6 8
Fold enrichment

TA overrepresented pathway −log10(P value)

2

4

4
6
8

5
10

4

6

Fold enrichment

−4

0

4

−3 0 3

R = 0.46, P < 2.2e-16
Phospho FC > 2, FDR < 0.05
Phospho FC > protein FC

M
ea
n 
ph
os
ph
op
ro
te
om

e 
di
ffe
re
nc
e

(lo
g2
 F
C
, T

/N
)

Mean proteome difference
(log2 FC, T/N)

Protein-phosphoprotein correlation

STAT4|S715
CD44|S183

JUNB|T255
ITGB4|S1387

CDK1|T161 MARCKS|S26
EIF5B|S214

EIF4EBP1|T70

TP53BP1|S403

NPM1|S4IQGAP11|S19

PTK2|S390

J

Non-17q gain / Low ribosome score (n = 184)

Non-17q gain / High ribosome score (n = 122)

17q gain (n = 36)

0 25 50 75 100 125 150
0
20
40
60
80
100

OS (months)

Pr
ob
ab
ilit
y 
of
 s
ur
vi
va
l

P < 0.0001

OS (months)

L

−0.50

−0.25

0.00

0.25

0.50

−0.5 0.0 0.5

R = 0.41, P = 1.75e-06

“Ribosome” pathway score

chr17q gain

UTP6 DNA HN1 DNA

Robisome

Metastasis

Poor prognosis

Cell migration

UTP6 protein HN1 protein

HN1 phosphoprotein0 25 50 75 100 125 150
0

100

Pr
ob
ab
ilit
y 
of
 s
ur
vi
va
l

17q gain (n = 36)
Non-17q gain (n = 306)

P < 0.0001

Non
-17

q g
ain

 /

Low
 rib

oso
me

 sco
re

Non
-17

q g
ain

 /

Hig
h ri

bos
om

e s
cor

e
17q

 ga
in“P

os
iti
ve
 re
gu
al
tio
n 
of
 e
pi
th
el
ia
l

ce
ll 
m
ig
ra
tio
n”
 p
at
hw

ay
 s
co
re

P = 0.0224 P = 0.0333

17q CN

“P
os
iti
ve
 re
gu
la
tio
n 
of
 e
pi
th
el
ia
l

ce
ll 
m
ig
ra
tio
n”
 p
at
hw

ay
 s
co
re

Protein-protein interaction enrichment

−1.0

−0.5

0.0

0.5

1.0

ccRCC tRCC CDC

****

“R
ib
os
om

e”
 p
at
hw

ay
 s
co
re

Kruskal-Wallis test P = 7.9e-11

“P
os
iti
ve
 re
gu
la
tio
n 
of
 e
pi
th
el
ia
l

ce
ll 
m
ig
ra
tio
n”
 p
at
hw

ay
 s
co
re

Kruskal-Wallis test P = 1.7e-09

−0.5

0.0

0.5

ccRCC tRCC CDC

****

20

40

60

80

−0.5

0.0

0.5

Drug

Gene

Found nodes

246

Tumor Normal

ATM
CDK2
CSNK2A2
CSNK2A1
GSK3B
MAPK7

Available drug

Yes
No

SMC1A|S957
TP53BP1|S403
CDC16|S560
CDK2|T160
POLA2|S141
PSMD1|T273
MARCKS|S26
MARCKS|T150

RPS3|T221
TCOF1|S583

EEF1B2|S106
EIF4EBP1|T70

PML|S518

Cell cycle

Cell
migration

Ribosome /
Translation

−2 0 2

z-score

1.
3

0.
0

6.
5

1 03 2

FC (T/N)

0

1.
3

8.
0

0.
0

-Log10 (p value)

F

Fig. 4. Increased ribosome biogenesis distinguishes CDC from other renal malignancies. (A) Volcano plot showing differentially expressed proteins (DEPs) in tumors and 
NATs (Benjamini–Hochberg-adjusted P value < 0.05, log2|FC| > 1). (B) Bubble charts showing the biological pathways enriched for the DEPs in tumors (red) and NATs (blue). 
(C) Comparison of abundance changes between phosphosites and their corresponding proteins. Red/pink dots: Phosphosites are greater than 2-fold changes (Benjamini–
Hochberg-adjusted P value < 0.05) in tumors compared to NATs, and changes in phosphosite abundance are greater than changes in their corresponding protein abundance. 
(D) Pathways enriched in cancer-related phosphoproteins. (E) KSEA analyses of kinase activities in CDC tumors and NATs. (F) Heatmap showing the activated kinases in 
tumors and their corresponding substrates. The substrate-related biological pathways are shown on the right. Orange boxes indicate the existence of an FDA-approved drug. 
(G) Protein–protein interaction enrichment analysis for the 12 CDC candidate proteins by ProHarMeD (https://apps.cosy.bio/proharmed/). (H) Kaplan–Meier curves of 
OS (upper) and PFS (lower) for patients with CDC, ccRCC, and tRCC (2-sided log-rank test). (I) Left panel: Relative abundances of up-regulated proteins in the 3 RCC types 
(Wilcoxon rank-sum test) and associations of RCC types with clinical and genetic features (Fisher’s exact test). The asterisks represent the statistical P values (*P < 0.05; 
****P < 0.0001). Right panel: Up-regulated pathways enriched in the 3 RCC types. (J) Scatter plot showing a significant positive correlation between ribosome pathway 
(GSVA) and epithelial cell migration pathway (GSVA) (Spearman’s correlation test). (K) Comparison of pathway scores for the ribosome and epithelial cell migration among 
the 3 RCC types. Kruskal–Wallis test was used to test whether any of the differences among the RCC types were statistically significant. Wilcoxon rank-sum test was used to 
estimate the significance of 2 RCC types. The asterisks represent the statistical P values (****P < 0.0001). Boxplots show the median (central line), the 25% to 75% IQR (box 
limits), and the ±1.5×IQR (whiskers). (L) Kaplan–Meier curves of OS for patients with or without 17q gain (2-sided log-rank test). (M) Kaplan–Meier curves of OS for non-17q 
gain patients with different ribosome pathway scores versus 17q gain patients (2-sided log-rank test). (N) Comparison of epithelial cell migration pathway scores in non-17q 
gain patients with different ribosome pathway scores and 17q gain patients (Wilcoxon rank-sum test). Boxplots show the median (central line), the 25% to 75% IQR (box 
limits), and the ±1.5×IQR (whiskers). (O) Heatmap showing the cis- and trans-effects of 17q gain and their enriched biological pathways. Top panel: The significant positive 
correlations between 17q gain and pathway scores for the ribosome and epithelial cell migration (Spearman’s correlation test). The asterisks represent the statistical P values 
(**P < 0.01, ****P < 0.0001). Middle panel: Heatmap showing the positive correlations between UTP6 protein abundance and ribosome biogenesis-related proteins. Bottom 
panel: Heatmap illustrating the positive correlations between HN1 protein abundance and cell migration-related proteins. Forest plots showing the OS HR for these proteins. 
(P) Systematic diagram summarizing the underlying mechanism of patients with CDC harboring 17q gain.
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Immunohistochemistry (IHC) staining data in the Human 
Protein Atlas (HPA) dataset were used to help eliminate nonspe-
cific RCC markers. As a result, 4 candidates (RPF2, GNL2, NCF4, 
and NUP133) from these 21 candidates showed positive expres-
sion in more than 90% of CDC samples, without high or medium 
IHC scores in common kidney malignancies, hinting at their 
potential as diagnostic biomarkers. Moreover, we employed 
Metascape [  30 ] and ProHarMeD [  31 ] to perform network-
based drug repurposing and 102 proteins were filtered out after 
supervised analysis (Materials and Methods). Pathway and 
process enrichment analysis identified top 4 clusters in which 
these proteins were enriched, among which ribosome biogen-
esis was the most significant cluster (Fig.  S4 A). Network map-
ping revealed that 9 of 12 ribosome biogenesis-associated seed 
proteins formed a connected subnetwork within the integrated 
protein–drug–disease interactome (Fig.  4 G). Additionally, 5 
connector proteins were inferred, which were also involved 
in ribosome biogenesis (MPHOSPH6, C1D, UTP14A, and 
RPS6KB2) or translation initiation (EIF3C) processes. Moreover, 
drug target analysis suggested that multiple agents targeting 
RPS6KB1 might have the potential to treat patients with CDC 
(Fig.  4 G). In summary, although both analytical approaches 
identified proteins associated with ribosome signaling, the 
specific proteins selected differed. The initial screening iden-
tified RPF2, GNL2, NCF4, and NUP133 as potential diag-
nostic biomarkers for CDC, with RPF2 and GNL2 functionally 
linked to ribosome biogenesis, while the network-based drug 
repurposing analysis identified RPS6KB1 as a potential thera-
peutic target with multiple FDA-approved targeted drugs 
for CDC.   

Increased ribosome biogenesis distinguishes CDC 
from other renal malignancies
   Patients with CDC have drastically unfavorable clinical phe-
notypes [ 1 – 5 ]. We incorporated ccRCC (n = 232) and tRCC 
(n = 86) cases from published studies [ 20 ,  32 ] for comparative 
analysis to investigate the distinctive mechanisms associated 
with clinical outcomes in CDC patients. In the combined 
cohort, patients with CDC had the worst OS and PFS, while 
patients with ccRCC had significantly favorable clinical out-
comes (Fig.  4 H). Protein identification is shown in Fig.  S4 B and 
PCA revealed distinct separation between tumors and NATs 
(Fig.  S4 C). Over-representation analysis (ORA) based on pro-
teomic data suggested concordant differences in the enrichment 
of pathways among ccRCC, tRCC, and CDC regardless of TNM 
stage (Fig.  4 I and Section SIV). Specifically, metabolic pathways 
(including fatty acid, glycose, and amino acid metabolism, as 
well as the citric acid cycle) and angiogenesis signal were 
enriched in ccRCC, consistent with the well-known conclusion 
that ccRCC is a metabolic disease characterized by a high level 
of angiogenesis [ 32 ,  33 ]. tRCC was featured by the up-regulation 
of oxidative phosphorylation (OXPHOS), while no significant 
up-regulation of OXPHOS was observed in ccRCC and CDC. 
CDC was characterized by the increased ribosome biogenesis, 
cell migration, ECM organization, innate immune response, 
and regulation of cell cycle. Notably, ribosome biogenesis was 
the top enriched pathway in CDC compared to ccRCC and 
tRCC, demonstrating the pivotal role of ribosome biogenesis 
in CDC (Fig.  4 I). A previous study proposed that elevated 
ribosomal content in epithelial cell lineages may augment 
metastatic propensity [  34 ]. We observed a significant positive 
correlation between the ribosome pathway and the positive 

regulation of epithelial cell migration (Fig.  4 J and Fig.  S4 D), 
both of which showed the highest levels in CDC (Fig.  4 K), 
indicating that enhanced ribosome biogenesis may be associ-
ated with increased metastatic potential in CDC.

   Further comparison of SCNAs revealed that patients with 
CDC exhibited higher frequencies of 9q and 13q losses, as well 
as 20p, 17q, and 17p gains (Fig.  4 I). As a characteristic SCNA, 
3p loss significantly occurred in patients with ccRCC (Fig.  4 I). 
Among these SCNAs, 17q gain was positively correlated with 
both the ribosome pathway and the positive regulation of epi-
thelial cell migration (Fig.  4 I) and was also associated with 
inferior OS and PFS (Fig.  4 L and Fig.  S4 E). Additionally, the 
increased ribosome signal consistently contributed to adverse 
clinical outcomes (Fig.  S4 F) in the combined cohort. Based on 
the level of ribosome signal and the alteration status of 17q, we 
divided patients into 3 subgroups (17q gain [n = 36], non-17q 
gain/high ribosome score [n = 122], and non-17q gain/low 
ribosome score [n = 184]). Notably, patients with 17q gain had 
the worst clinical outcomes and the highest level of epithelial cell 
migration signaling (Fig.  4 M and N and Fig.  S4 G). Conversely, 
patients with a low ribosome score and non-17q gain exhibited 
the best clinical outcomes and the lowest level of epithelial cell 
migration signaling (Fig.  4 M and N and Fig.  S4 G). After screen-
ing the coding genes on 17q, UTP6 (Spearman’s correlation 
coefficient = 0.29, P value = 4.63e−08) and HN1 (Spearman’s 
correlation coefficient = 0.18, P value = 1.14e−03) showed 
significant cis-effects of SCNA on protein abundances (Fig.  4 O 
and Fig.  S4 H). IHC staining verified the up-regulation of UTP6 
and HN1 in CDC compared to ccRCC and tRCC (Fig.  S4 I). 
Previous studies have reported that UTP6 participates in pre-
18S ribosomal RNA (rRNA) processing within the nucleolus, 
while HN1, also known as JPT1, regulates cell migration in 
carcinomas including breast [  35 ] and prostate cancer [  36 ]. 
Consistently, we observed that UTP6 abundance was positively 
correlated with levels of proteins involved in ribosome biogen-
esis, whereas HN1 abundance co-varied with proteins enriched 
in cell migration pathway (Fig.  4 O). In addition, at the phos-
phoproteome level, HN1 S42 phosphorylation was up-regulated 
in CDC compared to tRCC (Fig.  S4 J). High level of HN1 
S42 phosphorylation was associated with poor OS and PFS 
(Fig.  S4 K). Further correlation analysis revealed that the high-
level phosphorylation of HN1 S42 tended to predict a high 
incidence of tumor metastasis, along with high-level phos-
phorylation of proteins related to cell migration signaling (Fig. 
 S4 L and Data  S4 ). Up-regulation of these phosphoproteins was 
also associated with reduced OS or PFS (Fig.  S4 L). Altogether, 
compared to ccRCC and tRCC, the significant high-frequency 
occurrence of 17q gain in CDC was associated with increased 
ribosome biogenesis and cell migration owing to the cis-acting 
elements on UTP6 and HN1, respectively (Fig.  4 P).   

Proteomic subtypes of CDC and their associations 
with clinical treatment options
   Due to the inter-tumoral heterogeneity, consensus clustering 
was conducted to identify 3 proteomic subtypes of CDC (Fig. 
 S5 A to C). These subtypes, labeled as GP1 (n = 13), GP2 (n = 
25), and GP3 (n = 13), displayed distinct molecular and clinical 
features (Fig.  5 A and B and Data  S5 ). Among the 3 subtypes, 
GP1 showed particularly worse survival, while GP3 had rela-
tively better survival (Fig.  5 B), the highest proportion of tumor 
with low TMB, and the highest frequency of NF2 mutation (Fig. 
 5 A). The mutational signatures also varied among the 3 subtypes 
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(Fig.  5 C and Fig.  S5 D). Notably, 17 patients in GP2 contained 
SBS13 and 10 patients in GP3 contained SBS5, neither of which 
were identified in the overall mutational signatures (Figs.  1 F 
and  5 C). The unique mutational signature SBS2 in GP1 showed 
significant positive correlation with GP1-enriched pathways, 
including ribosome biogenesis, cell cycle, and translation imita-
tion (Fig.  S5 E), suggesting a potential association between SBS2 

and pro-proliferative pathways. Further comparison analysis 
between proteomic subtypes and genomic subgroups in Fig. 
 2 F (Group 1: Low TMB and NF2 Mut/AHNAK2 WT; Group 2: Low 
TMB and Other; Group 3: High TMB and NF2 Mut/AHNAK2 WT; 
Group 4: High TMB and Other) revealed that GP3 showed a 
relatively higher overlap with Group 1, while GP2 predomi-
nantly overlapped with Group 4 (Fig.  5 D).        
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   Subtype-stratified pathway enrichment revealed distinct 
molecular profiles across the 3 proteomic subtypes. In total, 
288, 185, and 218 proteins were found to be up-regulated in 
GP1, GP2, and GP3, respectively (Data  S5 ). Proteins up-
regulated in GP1 showed enrichment in pro-proliferative path-
ways including ribosome biogenesis, translation, apoptosis, 
and cell cycle. Conversely, GP2 up-regulation proteins were 
enriched in complement and coagulation cascades, antigen 
processing cross-presentation, ECM organization, and innate 
immune system. GP3 was more associated with enhanced 
metabolic pathways, including the citric acid (TCA) cycle, 
fatty acid metabolism, and biological oxidations (Fig.  5 E). The 
results of pathway enrichment analysis based on the transcrip-
tome and phosphoproteome data showed high consistency 
with those based on the proteome data (Fig.  5 A).

   The ultimate objective of protein subtyping was to guide pre-
cise clinical treatment. Due to the distinct molecular profiles 
among the 3 proteomic subtypes, the corresponding optimal 
treatment strategies also differ. Remarkably, GP3 had elevated 
energy and environment metabolisms, including tight junction 
(DLG1, DLG2, MYH11, etc.) and biological oxidations (ACSM2A, 
ACSM2B, UGT1A8, etc.) (Fig.  5 G), which was associated with 
higher sensitivity to target therapy (including axitinib, pazo-
panib, sorafenib, and sunitinib) (Fig.  5 F and Data  S1 ). GP1 and 
GP2 exhibited increased tumor proliferation (CSNK1D, OPTN, 
CDK11B, etc.) and immune response (FGB, FGA, FGG, etc.), 
respectively (Fig.  5 E and G), which was presumably related to 
sensitivity to chemotherapy (including gemcitabine plus cis-
platin, gemcitabine, and gemcitabine plus oxaliplatin) and 
immunotherapy (including pembrolizumab and tislelizumab), 
respectively (Data  S1 ). However, due to the rarity of CDC and 
the limited availability of patient treatment information, no 
significant differences were observed in response to either che-
motherapy or immunotherapy among the 3 proteomic subtypes 
(Fig.  S5 F), suggesting the need for further exploration in larger 
cohorts.

   Protein kinases are currently considered as attractive thera-
peutic targets in cancer treatment. Kinase activities were com-
putationally inferred from substrate phosphorylation patterns 
using KSEA [  37 ]. Comparative analysis identified distinct 
kinase activity profiles across the 3 proteomic subtypes, includ-
ing PLK1 and PAK1 for GP1; PRKCD, CDK1, and RPS6KA1 
for GP2; and PRKACA and PRKD1 for GP3 (Fig.  5 H). The 
kinase–substrate links are shown in Fig.  5 I. Quercitrin, an 
FDA-approved drug targeting PRKCD, is a potential treatment 
option for CDC in GP2.   

Characterization of immune infiltration in CDC
   To characterize the tumor microenvironment (TME) in CDC, 
we performed cell-type deconvolution of proteomic profiles 
using xCell [  38 ]. Consensus clustering of deconvoluted cell-
type proportion identified 3 immune subtypes (IM1 to IM3) 
showing significant association with OS (Fig.  6 A and B, Fig. 
 S6 A to C, and Data  S6 ). Interestingly, a certain degree of over-
lap was observed between immune and proteomic subtypes 
(Fig.  S6 D), indicating the impact of TME on protein expression 
profiles. Specifically, IM1 mainly overlapped with GP2, enrich-
ing CD4+ Tcm, CD4+ Tem, CD8+ Tcm, CD8+ Tem, and Th2 
cells (Fig.  6 A). IM2 predominantly overlapped with GP1 and 
GP2, with the highest Th1 cells and the lowest stromal infiltra-
tion (Fig.  6 A and Fig.  S6 E). IM3 demonstrated a high overlap 
with GP3, showing higher infiltrations of stromal cells, such as 

fibroblasts, preadipocytes, and smooth muscle cells (Fig.  6 A). 
Proteomic analysis further revealed that IM1 had up-regulated 
complement, apoptosis, and cell migration pathways, while 
IM2 showed increased G2M checkpoint, cell cycle, and DNA 
repair signals. Additionally, IM3 exhibited significant up-
regulation of OXPHOS, cell junction, and renal system-related 
pathways (Fig.  6 A and Fig.  S6 F). Figure  6 C presents the defin-
ing characteristics of each immune subtype. Interestingly, the 
differential infiltrations of Th1 and Th2 cells could distinguish 
the 3 immune subtypes, with IM1 having the highest levels of 
Th2 cells and IM2 having the highest levels of Th1 cells (Fig. 
 6 D). In IM3, higher levels of Th1 cells were associated with 
poorer survival (Fig.  6 E). These results prompted the explora-
tion of molecular mechanisms linking differential infiltration 
of Th1 and Th2 cells with distinct clinical outcomes among the 
3 immune subtypes.        

   Remarkably, IM1 and IM2 tumors had higher frequencies 
of 15q14 deletion, which was the only SCNA event associated 
with poor survival (Fig.  6 A and F). To investigate potential 
mechanisms linking 15q14 alterations to TME modulation and 
clinical outcomes in CDC, we prioritized cis-regulatory effects 
at this locus. At the proteome level, AVEN (apoptosis and cas-
pase activation inhibitor) was the only cis-acting protein (Fig. 
 6 G), whose high abundance was associated with favorable sur-
vival (Fig.  6 H). AVEN has been reported as an inhibitor of apop-
tosis. Consistently, we observed an inverse correlation between 
AVEN protein abundance and apoptotic signaling (Fig.  6 I), 
while higher apoptotic signaling contributed to poorer survival 
(Fig.  6 J). Additionally, higher level of apoptotic signaling was 
correlated with higher expression of proteins involved in path-
ways including ribosome, proteasome, antigen processing and 
presentation, and cell cycle (including multiple 14-3-3 proteins) 
(Fig.  6 K and Data  S6 ). Correlation analysis further revealed a 
significantly positive correlation between antigen processing 
and presentation signaling and the infiltration of IM1-enriched 
immune cells (including Th2 cells, CD8+ Tem, and CD8+ Tcm), 
whereas 14-3-3 proteins (including YWHAE and YWHAH) 
were significant positively related to the infiltration of IM2-
enriched Th1 cells (Fig.  6 L). These results were consistent with 
the previous reports that 14-3-3 proteins could act as antigens 
and affect T cell polarization [  39 ], and their overexpression was 
closely correlated with adverse prognosis in pancreatic, gastric, 
and colorectal cancer (CRC) [  40 ]. Collectively, our results sug-
gested that 15q14 deletion was associated with the aggregation 
of Th1 and Th2 cells, which were respectively related with the 
formation of IM2-like and IM1-like TMEs in CDC, and both 
these TMEs were further linked to poor survival (Fig.  6 M).   

RPF2 promotes ribosome biogenesis through 
enhancing the catalytic activity of RNA pol I
   In this study, we carried out supervised analysis to identify 
representative and robust prognostic proteins and anticipated 
to screen out drug targets (Fig.  S3 D and Fig.  4 G). RPF2, 
involved in ribosome production, was specifically overex-
pressed in CDC (Fig.  S3 D) and significantly associated with 
poor clinical outcomes (Fig.  S2 C). IHC staining and Western 
blotting (WB) confirmed that RPF2 was overexpressed in CDC 
(Fig.  7 A). As previously reported, RPF2 plays an important 
role in the process of ribosome biogenesis, which is not only 
recognized as a fundamental step in tumor proliferation, but 
also makes a difference in the maintenance of stem cell-like 
properties and epithelial–mesenchymal transition, further 
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Fig. 6. Characterization of immune infiltration in CDC. (A) The 3 immune subtypes identified by consensus clustering showing immune score, stromal score, microenvironment 
score, cell-type compositions, differentially regulated proteins, and single-sample GSEA (ssGSEA) pathways. Differential expression between tumors of one immune subtype 
versus the rest at the proteome level (Wilcoxon rank-sum test, P value < 0.05) and the corresponding enriched pathways (Wilcoxon rank-sum test, P value < 0.05) are shown. 
Fisher’s exact test was used to evaluate the association of immune subtypes with categorical variables, including proteomic subtypes, TNM stage, and 15q14 deletion. 
(B) Kaplan–Meier curves of OS for the 3 immune subtypes (2-sided log-rank test). (C) Contour plot of 2-dimensional density based on Th2 cells’ scores (y-axis) and Th1 
cells’ scores (x-axis) for different immune subtypes. For each immune subtype, significant cell types and key up-regulated pathways are annotated. (D) Boxplots showing Th1 
cells’ scores (left) and Th2 (right) cells’ scores among the 3 immune subtypes (Wilcoxon rank-sum test). Boxplots show the median (central line), the 25% to 75% IQR (box 
limits), and the ±1.5×IQR (whiskers). (E) Kaplan–Meier curves of OS for patients with different Th1 cells’ scores in IM3 (2-sided log-rank test). (F) Cox regression analysis of 
significant focal-level SCNA events. (G) Spearman correlation analysis showing a significant cis-effect gene on 15q14. (H) Kaplan–Meier curves of OS for patients with different 
AVEN protein abundance (2-sided log-rank test). (I) Spearman correlation analysis showing pathways correlated with AVEN protein abundance. (J) Kaplan–Meier curves of 
OS for patients with different apoptotic signaling pathway scores (2-sided log-rank test). (K) Heatmap showing proteins significantly positively correlated with the apoptotic 
signaling pathway. The corresponding enriched pathways are shown on the right. (L) Left panel: Scatter plots showing the positive associations between antigen processing 
and presentation (GSVA) and multiple cell-type compositions, including Th2 cells, CD8+ Tem, CD8+ Tcm, aDC, Tgd cells, and CD4+ memory T cells. Right panel: Scatter plots 
illustrating the positive correlations between Th1 cell infiltration and 14-3-3 protein abundances. Two-sided Spearman’s correlation test was used. (M) A model depicting the 
association between 15q14 deletion and immune signature in CDC.
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Fig. 7. RPF2 promotes progression of CDC through ribosome production. (A) IHC (top) and WB (bottom) results of RPF2 expression in tumors and NATs. (B) Transfection 
efficiencies of RPF2-siRNA and RPF2 overexpression in 786-O cells are detected by WB (left) and RT-qPCR (right). (C) CCK8 assays characterize the effects of RPF2-siRNA 
(top) and RPF2 overexpression (bottom) on the proliferation of 786-O cells. (D) Transwell assays detect the effects of RPF2-siRNA (top) and RPF2 overexpression (bottom) 
on the invasiveness of 786-O cells. (E) The knockdown or overexpression of RPF2 inhibits or promotes the expression of UBTF, but has no effect on SL1 in 786-O cells.  
(F) Nuclear localization detection of UBTF in 786-O cells. (G) ChIP results between UBTF and Rrn3. (H and I) CO-IP assays clarify the physical interaction between RPF2 and 
UBTF in 786-O cells (H) and tumor tissues (I). (J) The knockdown (left) or overexpression (right) of RPF2 inhibits or promotes the expression of POLR1A in 786-O cells. 
(K) RPF2 knockdown inhibits the transcription of 28s, 18s, and 5.8s rRNA. (L) RPF2 depletion disrupts the nucleolar localization of NPM1 (B23). ACHN cells were transfected 
with control vector or RPF2 siRNA, followed by IF staining. (M) The overexpression (left) or knockdown (right) of RPF2 reduces or increases the expression of p53 and its target 
genes. ACHN cells were transfected with control vector, RPF2 plasmids, or RPF2 siRNAs, followed by IB and RT-qPCR analyses. (N) RPL5 or RPL11 knockdown compromises 
the induction of p53 by RPF2 depletion. ACHN cells were transfected with control vector, RPF2 shRNA, RPL5 siRNA, and RPL11 siRNA as indicated. Cell lysates were subjected 
to IB analysis with indicated antibodies. (O) RPL5–MDM2 and RPL11–MDM2 interactions are increased by depletion of RPF2. ACHN cells were transfected with RPF2 shRNA, 
followed by CO-IP-IB assays using antibodies as indicated. The proteasome inhibitor MG132 was supplemented into medium for 5 h before cell harvest. (P) RPF2 knockdown 
extends the half-life of p53 protein. ACHN cells were transfected with control vector or RPF2 shRNA. Cycloheximide (CHX) (100 mg/ml) was supplemented into medium for 
the indicated time before cells were harvested for IB analysis. (Q) Top panel: RPF2 knockdown suppresses proliferation and migration and promotes apoptosis of RCC cells. 
ACHN cells were transfected with lentivirus of control vector or RPF2 shRNAs, followed by cell viability assay, apoptosis assay, and transwell cell migration assay. Bottom panel: 
RPF2 overexpression promotes proliferation and migration of RCC cells. ACHN cells were transfected by lentivirus of PCDH or PCDH-RPF2 for cell viability assay, apoptosis 
assay, and transwell cell migration assay. The asterisks represent the statistical P values (*P < 0.05, **P < 0.01, ***P < 0.001). (R) A model depicting the regulation of RPF2.
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contributing to cancer progression. Thus, we tested whether 
high RPF2 expression increased tumor proliferation and migra-
tion ability. Due to the unavailability of CDC cell lines, we con-
ducted function experiments using 4 additional kidney-derived 
cell lines. The results demonstrated that RPF2 overexpression 
profoundly promoted the proliferation and invasion of 786-O 
and 293T cells, while RPF2 inhibition had significantly opposite 
impacts (Fig.  7 B to D and Fig.  S7 A to C).        

   To further investigate how RPF2 up-regulated ribosome 
biogenesis, we explored the relationship between RPF2 and 
2 transcription factors (TFs) (SL1 and UBTF) [  41 ] of RNA 
polymerase I (RNA pol I), which produces the 45S precursor 
of the 28s, 5.8s, and 18s rRNA components of the ribosome 
[  42 ]. The results suggested that RPF2 overexpression increased 
UBTF protein abundance, but had no effect on SL1 (Fig.  7 E 
and Fig.  S7 D). Conversely, RPF2 inhibition decreased the 
protein abundance of UBTF, rather than SL1 (Fig.  7 E and 
Fig.  S7 D). The nuclear localization detection further revealed 
that RPF2 promoted the entry of UBTF into the nucleus (Fig. 
 7 F and Fig.  S7 E), which is the site of ribosome biogenesis. 
Rrn3 is necessary for RNA pol I to effectively initiate tran-
scription. The results of chromatin immunoprecipitation 
(ChIP) assay suggested that the interaction between UBTF 
and Rrn3 was significantly influenced by RPF2 expression 
(Fig.  7 G). Co-immunoprecipitation (CO-IP) analysis further 
confirmed the physical interaction between RPF2 and UBTF 
at the cell line (Fig.  7 H and Fig.  S7 F) and tumor tissue levels 
(Fig.  7 I). Then, the expression of POLR1A, the largest and 
catalytic core component of RNA pol I, was detected sepa-
rately under the conditions of RPF2 overexpression and inhi-
bition to reflect the activity of RNA pol I. The results showed 
that RPF2 overexpression up-regulated POLR1A abundance, 
while RPF2 inhibition reversed this effect (Fig.  7 J and Fig. 
 S7 G). Moreover, RPF2 overexpression increased the abun-
dance of 28s, 18s, and 5.8s rRNA, whereas RPF2 inhibition 
decreased their abundance (Fig.  7 K and Fig.  S7 H). Taken 
together, we confirmed that increased RPF2 promoted the 
expression and binding activity of UBTF, thereby enhancing 
the catalytic activity of RNA pol I and subsequent ribosome 
biogenesis, ultimately resulting in the development of a 
highly malignant phenotype (Fig.  7 R).   

RPF2 deficiency plays an anti-oncogenic role via 
activating the RPL5/RPL11–MDM2–p53 axis
   We subsequently examined the underlying mechanism by 
which RPF2 deficiency elicits an anti-oncogenic effect. We 
have revealed that RPF2 deficiency could weaken ribosome 
biogenesis, and disturbance of ribosome biogenesis has been 
reported to be related to nucleolus stress. Accordingly, we 
observed that depletion of RPF2 caused the release of NPM1 
(B23), a nucleolar marker, from the nucleolus to the nucleo-
plasm in ACHN and 769-P cells by immunofluorescence 
(IF) staining (Fig.  7 L and Fig.  S7 I), verifying the existence 
of nucleolus stress. Studies have shown that p53 activation medi-
ates cellular response to nucleolus stress [  43 –  45 ]. Consistently, 
we demonstrated that RPF2 overexpression or inhibition sig-
nificantly reduced or enhanced the expression of p53 and 
its target genes, including BTG2, PUMA, and MDM2, 
respectively (Fig.  7 M and Fig.  S7 J). However, the up-regulation 
of p53 protein caused by RPF2 depletion could be reversed by 
the inhibition of RPL5 and RPL11 (Fig.  7 N and Fig.  S7 K). 
Additionally, we observed increased interactions between 

RPL5 and PRL11 with MDM2 in response to RPF2 defi-
ciency, as demonstrated by the CO-IP assay (Fig.  7 O), thus 
inhibiting the E3 ubiquitin ligase activity of MDM2 toward 
p53. Correspondingly, we found that RPF2 deficiency mark-
edly extended the half-life of p53 protein, as quantified via the 
cycloheximide-chase assay (Fig.  7 P and Fig.  S7 L). Ultimately, 
we found that RPF2 deficiency significantly promoted cell 
apoptosis and attenuated cell migration in both ACHN and 
769-P cells, while RPF2 overexpression could reverse these 
effects (Fig.  7 Q and Figs.  S7 M and  S8 A to D). Altogether, 
our results demonstrated that RPF2 deficiency plays an anti-
oncogenic role by regulating the MDM2–p53 feedback loop 
in response to nucleolus stress (Fig.  7 R).    

Discussion
   As a rare but aggressive type of RCC, studies on CDC have 
mainly focused on the genomic level. The large cohort and 
multi-omic studies have certain limitations. To bridge the gap 
between genomic alterations and oncogenic protein mecha-
nisms, a more comprehensive exploration of CDC based on 
proteome is needed. In this study, we present an integrative 
proteogenomic analysis of CDC, including genome, tran-
scriptome, proteome, and phosphoproteome, investigating 
the molecular and clinical features of this disease (Fig.  S8 E).

   TMB is a key biomarker in cancer research and has been 
widely studied in various malignant cancers, such as lung [  46 ], 
bladder [  47 ], and head and neck cancers [  48 ]. Many studies 
have found that elevated TMB is often correlated with unfavor-
able prognosis and demonstrates a predictive value for immune 
checkpoint blockade response [  49 –  52 ]. However, the role of 
TMB in CDC remains unclear. In our study, we confirmed the 
association between high TMB and poor prognosis and further 
considered 0.6 mut/Mb as the TMB cutoff based on (a) the low 
median value and (b) the high heterogeneity of TMB, as well 
as (c) the ability to distinguish prognosis of CDC patients. 
Moreover, we found the mutual exclusivity of NF2 and the 
majority of frequently mutated genes, including AHNAK2. 
Further, we found that patients with NF2 mut/AHNKA2 WT 
exhibited lower NF2 protein abundance and better prognosis 
in the low-TMB group, but not in the high-TMB group. 
Protein-based ORA revealed the association between higher 
TMB and activated ribosome biogenesis, while patients with 
﻿NF2 mut/AHNKA2 WT in the low-TMB group were characterized 
by increased PI3K-Akt pathway, and resveratrol targeting 
PRKD1 could be considered as an optional therapy for this 
subgroup of CDC. Intriguingly, integrated multi-omic analysis 
revealed that tumors harboring AHNAK2 mutations exhibited 
associations with activated immune signaling and enhanced 
metabolic pathways. Conversely, preservation of AHNAK2 
structural integrity correlated with strengthened intercellular 
adhesion signaling. The detailed analyses are shown in Section 
SV. The recurrent AHNAK2 alterations observed in this cohort 
merit further investigation into their biological implications in 
CDC in the future.

   Mutational signatures revealed the somatic mutation pat-
terns hidden in cancer genomes [  53 ]. Interestingly, our analysis 
confirmed that the SBS6 mutational signature representing 
defective MMR was positively associated with TMB, but nega-
tively associated with expression of MLH1 (Data  S2 ), whose 
promoter hypermethylation has been reported to be related to 
the loss of MMR protein expression and higher TMB [  54 ]. 
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Moreover, by inferring that the patients with SBS22 were 
exposed to AA, we found that SBS22 was associated with higher 
TMB and up-regulated ribosome signaling, further indicating 
that AA exposure, associated with higher cumulative genetic 
alterations, might be conductive to the activation of ribosome 
signals (Data  S2 ). The relevant analyses were presented in 
Sections SVI and SVII. Collectively, the integration of muta-
tional signatures with multi-omic data provides an additional 
opportunity to explore the underlying biological mechanisms 
of CDC.

   Previous studies have revealed the association between sev-
eral kidney cancer subtypes and cytogenetic alterations, such 
as the deletion of 3p in ccRCC [ 33 ,  55 ], trisomy of chromosome 
7 or 17 in papillary RCC [  56 ], and the deletion of 3p or 9p in 
tRCC [ 20 ,  57 ]. However, the impact of CNA events in CDC is 
still unrevealed. Previous studies of CDC have indicated the 
recurrent deletions at 1p, 1q, 6p, 8p, 9p, 16p, and 21q [ 8 ,  58 ]. In 
our cohort, we consistently identified significant 1p deletion, 
while other genetic alterations showed inconsistencies, which 
may be attributed to the heterogeneity of CDC, limited sample 
size, and population differences. Notably, in contrast to previ-
ous studies, we further investigated the relationship between 
1p deletion and molecular expression patterns and suggested 
that 1p deletion was correlated with decreased ribosome bio-
genesis and the following translation, and ultimately with 
reduced tumor proliferation and extended OS of CDC patients 
by cis- and trans-effects.

   Multi-omic analysis uncovered the profound differences 
between CDC tumors and NATs, particularly for the enhanced 
ribosome biogenesis in CDC. Further comparison analysis 
among CDC, ccRCC, and tRCC datasets indicated that ribo-
some biogenesis was the top enriched pathway in CDC com-
pared to ccRCC and tRCC, which might be associated with the 
significant enrichment of 17q gain in CDC. Moreover, com-
pared to ccRCC and tRCC, the ribosome biogenesis-related 
proteins RPF2 and GNL2 demonstrated both significantly 
elevated median expression levels and higher identification 
frequencies in CDC, supporting their potential utility as diag-
nostic biomarkers for CDC (Data  S4 ). Notably, compared to 
CDC, the significantly up-regulated glycolysis, angiogenesis, 
and CA9 expression (Data  S4 ) [  59 ] in ccRCC, as well as signifi-
cantly enhanced OXPHOS in tRCC, demonstrated the unique 
molecular profile of different RCC types and the diagnostic 
reliability of our CDC cohort. Moreover, the amplification of 
2 cis-genes, UTP6 and HN1, located at 17q, were found to acti-
vate ribosome biogenesis and cell migration in CDC, respec-
tively, further relevant to the more malignant phenotypes, 
including tumor proliferation and metastasis. Therefore, it has 
great potential of targeting ribosome biogenesis for CDC treat-
ment to improve the effectiveness of clinical agents.

   The analysis of disease heterogeneity is the foundation of 
precision medicine. Our study reported 3 proteomic subtypes 
(GP1 to GP3) exhibiting distinct molecular profiles that stratify 
CDC patients by clinical outcomes. Consistent with previous 
studies in other tumors, translation and cell proliferation are 
associated with worse survival, while cellular environment and 
energy metabolism are related to better survival [ 20 , 32 ,  60 ,  61 ]. 
GP1 presented the worst survival and highest ribosome bio-
genesis, whereas GP3 showed the best survival, highest energy 
metabolism, and sensitivity to anti-vascular endothelial growth 
factor (VEGF) agents. The phosphoproteome data were applied 
in analyzing kinase features among the proteomic subtypes. 

PAK1 was activated in GP1, while PRKCD was activated in 
GP2, and PRKD1 was activated in GP3. These observations 
suggested that quercitrin-mediated PRKCD modulation might 
represent a candidate therapeutic for the GP2 subtype, where 
anti-VEGF options might demonstrate limited efficacy.

  The tumor immune microenvironment of patients is closely 
linked to their clinical outcomes and therapeutic options 
[  62 –  64 ].  Further immune subtyping of CDC tumors based on 
deconvolution of cell composition identified TME that 
described patients (IM1) who displayed higher Th2 cell infiltra-
tion from those (IM2) with higher Th1 cell infiltration. IM1 
and IM2 were both associated with poor survival, while the 
former promoted cell migration and the latter enhanced cell 
cycle signal. Notably, we highlighted the specific association 
between 15q14 deletion and IM1- and IM2-like phenotype, 
which suggested the activation of the apoptotic signaling path-
way. A possible explanation is that apoptosis could promote 
genomic instability and the creation of an onco-regenerative 
niche, resulting in a more aggressive phenotype [  65 ]. In addi-
tion, we observed a significantly positive correlation between 
apoptosis and the recruitment of T cells, suggesting that the 
IM1 subtype with the richest T cell infiltration may benefit from 
immunotherapy. However, this conclusion needs to be further 
verified in a larger cohort in the future.

   Our integrated analysis revealed that ribosome biogenesis 
was the most striking molecular feature in CDC tumors, and 
different bioinformatics approaches were used to filter out 
potential druggable candidates. Among these candidates, RPF2, 
involved in ribosome biogenesis, was recurrently identified 
through different screening methods. Previous studies have 
reported that RPF2 was overexpressed in several tumors, 
including HCC [  66 ] and CRC [  67 ,  68 ]. In cultured cells, RPF2 
promoted cancer cell proliferation, migration, and invasion 
[ 66 , 68 ]. Additionally, IHC staining data in the HPA dataset 
suggested an extremely low positive expression rate of RPF2 in 
common RCC types, further indicating that RPF2 might 
become a specific diagnostic and therapeutic target for CDC. 
However, the exact oncogenic mechanism of RPF2 in CDC has 
not been determined. In this study, we suggested that RPF2 
overexpression could enhance the catalytic activity of RNA pol 
I via strengthening the expression and binding activity of UBTF, 
thereby up-regulating rRNAs production and ribosome forma-
tion, ultimately promoting tumor proliferation and invasion. 
Conversely, RPF2 deficiency could disrupt ribosome biogenesis 
and perturbed the MDM2–p53 interaction, consequently lead-
ing to impaired p53 ubiquitination, increased cell mortality 
and reduced cell migration. As mentioned above, due to the 
unavailability of CDC cell lines, these function experiments 
were performed using additional kidney-derived cell lines. 
Therefore, it is necessary to conduct these experiments again 
in the CDC cell line in the future.   

Conclusion
   Overall, our study provides the first integrative multi-omic 
landscape of CDC. It reveals distinct biological insights by 
connecting genomic aberrations with their proteomic and 
phosphoproteomic consequences. Moreover, our analyses 
define the proteomic and immune characteristics necessary 
to stratify CDC patients with the aim of developing rational 
therapeutic strategies. We believe that the widespread use of 
these data will lead to biological discoveries in the future.   
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Materials and Methods

Clinical sample collection
   The study adhered to the principles set forth in the World 
Medical Association’s Declaration of Helsinki and received 
approval from the institutional review board of Fudan 
University Shanghai Cancer Center (FUSCC; Approval No. 
050432-4-1911D), Shandong Cancer Hospital and Institute 
(SCH; Approval No. SDTHEC-2021005017), Sun Yat-sen 
University Cancer Center (SYSUCC; Approval No. SL-B2021-
455-01 and SL-B2022-287-01), and Tianjin Medical University 
Cancer Institute and Hospital (TMUCIH). Written informed 
consent was obtained from each patient before any study-spe-
cific investigation was conducted.

   Specifically, the diagnostic procedure for CDC in our cohort 
included the following 3 parts.

   Firstly, we strictly adhered to the 5th edition of WHO diag-
nostic criteria for CDC, which included (a) tumor arising in 
the renal medulla, (b) prominent tubular architecture, (c) des-
moplastic stroma, (d) high-grade nuclear features, (e) infiltra-
tive growth pattern, and (f) absence of other types of RCC or 
urothelial carcinoma components.

   Secondly, before inclusion, these cases were independently 
reviewed by 2 senior uro-oncology pathologists from FUSCC. 
They conducted thorough pathological examinations and con-
sistently diagnosed these cases as CDC.

   Thirdly, representative hematoxylin–eosin (H&E) and IHC 
staining were conducted to present histopathological features and 
expression of multiple biomarkers of CDC, respectively. Generally, 
AE1/AE3, CK7, CK19, 34BE12, Vimentin, PAX2, PAX8, FH, and 
INI-1 showed positive staining, while CK20, P63, GATA3, P504S, 
TFE3, and CD10 exhibited negative staining, further ruling out 
other renal and urothelial carcinomas. The typical H&E and IHC 
staining images are shown in the Data  S1 .

   Fresh frozen tissues were used in all omics experiments. 
Specifically, tumor and paired tumor adjacent tissues (collected 
>2 cm from the tumor margin) were collected within 30 min 
after resection, immediately transferred into sterile freezing 
vials, snap frozen in liquid nitrogen, cut into ~0.5-cm3 pieces 
under −40 °C, then split and stored at −80 °C until being used.

   In summary, tumor and NAT samples were obtained from 
53 eligible CDC patients, who underwent nephrectomy at the 
Urology Departments of FUSCC, SYSUCC, TMUCIH, and 
SCH. The median follow-up time was 15 months (range, 1.0 to 
146.0 months). The cohort consisted of 71.7% (n = 38) males 
and 28.3% (n = 15) females, with a median age of 57 years. 
Among the patients, 5 patients (9.4%) had stage I tumors, while 
48 patients (90.6%) had stage III/IV tumors. The detailed clinical 
characteristics of patients with CDC are shown in the Data  S1 .   

Therapeutic efficacy assessment
Baseline measurements
   A maximum of 5 measurable target lesions (with no more than 
2 per organ) were selected. Their longest diameters (LDs) were 
documented via contrast-enhanced CT or MRI, while lymph 
nodes were assessed based on short-axis measurements. The 
sum of the longest diameters (SLD) served as the reference 
value for subsequent comparisons.   

Response criteria
   Complete response (CR): Total disappearance of all target and 
non-target lesions, with any pathological lymph nodes shrinking 

to <10 mm in the short axis and no evidence of new lesions. 
Partial response (PR): A ≥30% reduction in SLD compared to 
baseline, with no new lesions or worsening of non-target disease. 
Stable disease (SD): Insufficient change to qualify as PR or 
PD (i.e., SLD reduction <30% and growth <20%), along with 
absence of new lesions. Progressive disease (PD): ≥20% increase 
in SLD from the lowest recorded value (nadir), with a minimum 
absolute increase of 5 mm, or emergence of any new metastatic 
lesions.   

Assessment schedule and review process
   Imaging studies were performed at 3-month intervals. Two 
certified radiologists independently analyzed the results, with 
any discrepancies resolved through consensus discussion.    

Whole-exome sequencing
DNA extraction and qualification
   DNA from tumor and NAT samples was extracted using a 
QIAamp DNA Mini Kit (QIAGEN, Hilden, Germany) accord-
ing to the manufacturer’s instructions. The concentration and 
integrity of DNA were detected using a Qubit 2.0 Fluorimeter 
(Invitrogen, CA, USA) and 1% agarose gels, respectively.   

WES library preparation
   The DNA sequencing libraries were generated using an Agilent 
SureSelect Human All Exon kit (Agilent Technologies, CA, USA) 
following the manufacturer’s recommendations. Index codes were 
then added to each sample. Briefly, the processes involved frag-
mentation of the DNA into 180- to 280-bp fragments using a 
hydrodynamic shearing system (Covaris, Massachusetts, USA). 
The remaining overhangs were converted into blunt ends via exo-
nuclease/polymerase activities. Next, the 3′ ends of DNA fragments 
were adenylated, and adapter oligonucleotides were ligated. DNA 
fragments with adapter molecules at both ends were selectively 
enriched using a PCR reaction. The libraries were then hybridized 
with a biotin-labeled probe in the liquid phase and captured using 
magnetic beads with streptomycin to capture the exons of genes. 
Subsequently, the captured libraries underwent a PCR reaction to 
add index tags for sequencing preparation. Finally, the products 
were purified using an AMPure XP system (Beckman Coulter, 
Beverly, USA) and quantified using the Agilent high-sensitivity 
DNA assay on the Agilent Bioanalyzer 2100 system.   

Clustering and sequencing
   The clustering of the index-coded samples was performed on 
a cBot Cluster Generation System using a HiSeq PE Cluster 
Kit (Illumina) according to the manufacturer’s instructions. 
Subsequently, the DNA libraries were sequenced on an Illumina 
HiSeq platform, resulting in the generation of 150-bp paired-
end reads.    

WES data analysis
WES data quantification and somatic mutation calling
   The original fluorescence image files were converted into 
short reads (raw data) through base calling and recorded 
in FASTQ format. After the essential QC, valid sequencing 
data were mapped to the reference human genome (UCSC 
hg19) using the Burrows–Wheeler Aligner software [  69 ]. 
The original mapping results were stored in binary align-
ment/map (BAM) format. The BAM files were then sorted 
and processed using SAMtools [  70 ] and Picard ( http://
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broadinstitute.github.io/picard/ ). After duplicate removal and 
base quality score recalibration, variant calling was conducted 
following Genome Analysis Toolkit (GATK) best practices. 
Somatic single-nucleotide variations and small insertions and 
deletions were detected using MuTect2 (GATK v4.1.2.0) and 
were annotated using ANNOVAR [  71 ] based on known genes 
in UCSC refGene. The Maftools R package [  72 ] was utilized to 
display mutant genes with non-synonymous mutations.   

SCNAs calling
   SCNAs were called using the CalculateTargetCoverage func-
tion in GATK (v4.1.2.0), following SCNA best practice. Then, 
Genomic Identification of Significant Targets in Cancer 
(GISTIC2.0) [ 28 ] was applied to identify significantly ampli-
fied or deleted focal-level and arm-level events. A q value < 
0.05 was considered significant. The following parameters 
were used: amplification threshold = 0.1; deletion threshold = 
0.1; cap value = 2.0; broad length cutoff = 0.90; remove X- 
chromosome = 0; confidence level = 0.95; join segment size = 
4; arm-level peel off = 1; maximum sample segments = 2,000; 
gene GISTIC = 1. A threshold (0.1) copy number, represent-
ing the magnitude of deletion or amplification, was assigned 
to each gene in each sample.   

Mutational signature analysis
   Single base substitutions (SBSs) refer to the replacement of 
a certain nucleotide base. There are 6 possible substitutions: 
C>A, C>G, C>T, T>A, T>C, and T>G. Together with 5′- 
and 3′-flanking nucleotides, it could be stratified into 96 base 
substitutions in trinucleotide sequence contexts. The NMF 
algorithm of SigProfiler [  73 ] was employed to identify the 
minimal components that could explain the maximum vari-
ance among the samples. Then, each component was com-
pared to mutation patterns of validated cancer signatures 
from the COSMIC [  74 ] database and cosine similarity was 
calculated to identify the best match.   

Tumor mutational burden
   TMB was defined as the number of somatic, coding, base sub-
stitution, and indel mutations per megabase of the examined 
genome. All base substitutions and indels in the coding region 
of targeted genes, including synonymous alterations, were also 
included to reduce sampling noise, as previously described [  75 ]. 
Non-coding alterations were not taken into account. TMB was 
calculated by dividing the total number of counted mutations 
by the size of the coding sequence region.    

RNA-sequencing
RNA extraction, library preparation, and sequencing
   Total RNA from each tissue sample was isolated using TRIzol 
Reagent (Invitrogen). The purity and integrity of the RNA samples 
were assessed. Once qualified, the RNA was reverse-transcribed 
into cDNA and used to construct libraries for sequencing. 
Clustering of the index-coded samples was performed on a cBot 
Cluster Generation System using the TruSeq PE Cluster Kit 
v3-cBot-HS (Illumina), in accordance with the manufacturer’s 
instructions. The libraries were then sequenced on an Illumina 
HiSeq 4000 platform, generating 125-bp paired-end reads.    

RNA-seq data analysis
   RNA-seq raw data quality was assessed using FastQC (v0.11.9), 
and the adaptor was trimmed using Trim_Galore (v0.6.6) 

before applying any data filtering criteria. After adapter trim-
ming and removal of low-quality tags, sequencing reads were 
mapped onto the hg19 reference genome using STAR software 
(v2.7.7.a). The mapped reads were then assembled into tran-
scripts or genes using StringTie software (v2.1.4) [  76 ]. For 
quantification purposes, the relative abundance of transcripts 
or genes was measured using FPKM, a normalized metric. 
Transcripts with a median FPKM > 1 were retained.   

Peptide preparation for MS analysis
Protein extraction and trypsin digestion
   Collected tumor and NAT samples (approximately 50 mg of tis-
sue each sample) were washed 3 times with 1× phosphate buffer 
saline (PBS) to remove blood and debris. Subsequently, the sam-
ples were minced and lysed in lysis buffer (8 M urea and 100 mM 
Tris hydrochloride, pH 8.0) containing protease and phosphatase 
inhibitors (Thermo Fisher Scientific). The samples were then 
sonicated for 1 min (3 s on and 3 s off, amplitude 25%, SONICS, 
VCX130). The lysates were centrifuged at 14,000×g for 10 min 
and the supernatants were collected as whole-tissue extracts. 
Protein concentrations were determined using the Bradford pro-
tein assay (TaKaRa, T9310A). Protein (1 mg) was extracted from 
each sample for trypsin digestion. Extracts were then reduced 
with 10 mM dithiothreitol at 56 °C for 30 min and alkylated 
with 10 mM iodoacetamide at room temperature in the dark 
for 30 min. The samples were then digested with trypsin using 
a filter-aided sample preparation method [  77 ]. After digestion, 
peptides were eluted. Each eluent was divided into 2 tubes, one 
of which (containing 20 μg peptides) was vacuum-dried at 60 °C 
(Concentrator Plus, Eppendorf) and analyzed by liquid chroma-
tography–tandem MS (LC-MS/MS) to obtain proteomic data. 
The remaining one was used for phosphopeptide enrichment.   

Phosphopeptide enrichment
   Phosphopeptides were enriched using the High-Select Fe-NTA 
Phosphopeptide Enrichment Kit (Thermo Fisher Scientific, 
A32992), according to the manufacturer’s instructions. Briefly, 
the remaining peptides were resuspended in 200 μl of binding/
wash buffer and loaded onto an equilibrated spin column with 
Fe-NTA resin. The samples were gently tapped to mix with the 
resin and then incubated at room temperature for 30 min. 
Afterward, the mixtures were centrifuged at 1,000×g for 30 s 
to discard the flowthrough. The resin was washed 3 times with 
200 μl of binding/wash buffer and once with 200 μl of LC-MS 
grade water. The enriched phosphopeptides bound to the NTA 
resin were eluted by adding 100 μl of elution buffer and centri-
fuging at 1,000×g for 30 s for 2 times. Finally, the eluted phos-
phopeptides were vacuum-dried using a SpeedVac at 30 °C for 
subsequent MS analysis.   

Liquid chromatography–tandem MS
   Samples were analyzed using the Orbitrap Exploris 480 Mass 
Spectrometer (Thermo Fisher Scientific) equipped with an Easy 
nLC-1200 (Thermo Fisher Scientific) and a Nanoflex source 
(Thermo Fisher Scientific). Dried peptides were dissolved in 
solvent A (0.1% formic acid in water) and loaded onto a trap 
column (100 μm × 2 cm, home-made; particle size, 3 μm; pore 
size, 120 Å; SunChrom, USA). They were then separated by a 
home-made silica microcolumn (150 μm × 30 cm; particle size, 
1.9 μm; pore size, 120 Å; SunChrom, USA) using a gradient of 
4% to 100% mobile phase B (80% acetonitrile and 0.1% formic 
acid) at a flow rate of 600 nl/min for 150 min. LC-MS/MS-based 
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proteomic and phosphoproteomic experiments were conducted 
using Field Asymmetric Ion Mobility Spectrometry (FAIMS). 
FAIMS voltages of −45 and −65 V were set, respectively, and 
other parameters were consistent and set as follows: protein 
quantification consisted of an MS1 scan at a resolution of 
120,000 (at 400 m/z). The automatic gain control (AGC) for 
full MS and MS/MS was set to 3E6 and 5E4, respectively, with 
maximum ion injection times of 80 and 22 ms, respectively.    

MS data analysis
Identification of peptide and protein
   MS raw files were processed using the “Firmiana” [  78 ] (a 
one-stop proteomic cloud platform). The human National 
Center for Biotechnology Information (NCBI) RefSeq pro-
tein database (updated on 4 July 2013, 32,015 entries) was 
used for analysis. Mascot 2.4 (Matrix Science Inc., London, 
UK) was used with a maximum of 2 missed cleavages. Mass 
tolerances were set at 20 parts per million for the precursor 
and 50 millimass unit for productions. Cysteine carbamido-
methylation was set as fixed modification, while N-acetylation 
and methionine oxidation were variable modifications. For 
phosphoproteomic samples, phosphorylations at Ser/Thr/
Tyr were considered additional variable modifications. A 
target-decoy-based strategy was applied to confirm protein 
identification quality, ensuring an FDR lower than 1% for 
both peptides and proteins.   

Quantification of proteins and phosphoproteins
   The one-stop proteomic cloud platform, “Firmiana”, was used 
to quantify proteins. The identification results and the raw data 
from the mzXML files were loaded into the platform. For each 
identified peptide, the extracted-ion chromatogram (XIC) was 
extracted by searching against MS1 based on its identification 
information. The abundance of each peptide was estimated by 
calculating the area under the extracted XIC curve. To calculate 
protein abundance, a non-redundant peptide list was used to 
assemble proteins following the parsimony principle. Protein 
abundance was then estimated using a traditional label-free, 
intensity-based absolute quantification (iBAQ) algorithm. This 
algorithm divided protein abundance (derived from identified 
peptide intensities) by the number of theoretically observable 
peptides [ 78 ,  79 ].

   The fraction of total (FOT), a relative quantification value, 
was defined as a protein’s iBAQ divided by the total iBAQ of all 
identified proteins in one experiment, calculated as the normal-
ized abundance of a particular protein among experiments. 
Finally, FOT values were multiplied by 10e5 for ease of presen-
tation and log2 transformed if necessary.   

Missing value imputation
   Proteins and phosphosites with a missing rate of greater than 
75% were excluded to ensure that each sample had enough 
data for imputation, which aligns with a previous report 
[ 17 , 20 ,  80 ,  81 ]. K-nearest neighbor imputation was utilized to 
impute the missing values using the R package DreamAI [  82 ]. 
The reliability analysis of our data filtering method is shown 
in Section SVIII.   

Batch effect analysis
   The ComBat function of R package sva [  83 ] was used to elimi-
nate the effect of batch identity. Afterward, Dip statistic test 

and PCA implemented in R v. 4.1.1 were adopted to assess the 
batch effect with regard to the following 2 variables: batch iden-
tity and sample type (tumor and NAT). The density plots of the 
mRNA, proteins, and phosphosites have an expected unimodal 
distribution (Fig.  S1 E), suggesting that the samples passed the 
QC. The results of the PCA procedure showed that batch effects 
were minimal for batch identity but significant for the sample 
types (Fig.  S3 A).   

QC of the MS data
   To evaluate the stability of the instrument, the HEK293T cell 
(National Infrastructure Cell Line Resource) lysate was regu-
larly measured every 2 days as the standard. The QC standard 
underwent digestion and analysis using the same method and 
conditions as CDC samples. In the statistical analysis environ-
ment R (version 4.1.1), a pairwise Pearson’s correlation coef-
ficient was calculated for all QC runs. The results are shown 
in fig. S1D. The median correlation coefficient among the stan-
dards was 0.95, demonstrating the consistent stability of the 
MS platform.    

Multi-omic data analysis
Co-occurrence and mutual exclusivity  
analysis of mutations
   The somaticInteractions function in the R package Maftools 
was used to assess the co-occurrence and mutual exclusivity of 
frequently mutated genes in CDC tumors. Paired Fisher’s exact 
test was used to identify significant gene pairs.   

mRNA–protein correlation analysis
   A total of 4,742 genes corresponding to mRNA and protein abun-
dances were selected to compute gene-wise and sample-wise 
mRNA–protein correlations. Spearman correlation coefficient 
between paired mRNA expression and protein abundance was 
measured. As a result, the median Spearman correlation coef-
ficient for matched genes is 0.152 in tumors and 0.138 in NATs, 
while the median sample-wise correlation value is 0.51 for 
tumors and 0.54 for NATs. Functional pathways were enriched 
by GSEA [  84 ] based on the correlation-ranked list of genes.

   The possible reasons of the imperfect correlations of mRNA–
protein included the following 3 points: (a) the temporal and 
spatial differences in mRNA and protein synthesis [  85 ], (b) the 
low correlation between mRNA and protein half-lives [ 79 ], 
and (c) post-transcriptional and post-translational regulation. 
Please refer to Section SIX for a detailed explanation.   

Tumor versus NATs differential genes, proteins, and 
phosphosites analysis
   Wilcoxon rank-sum test was used to calculate the differentially 
expressed genes, differentially expressed proteins (DEPs), and 
phosphosites between CDC tumors and NATs. Genes with 
|log2(FC)| > 1 and adjusted P value < 0.05 were considered up-
regulated genes, while |log2(FC)| < 1 and adjusted P value < 0.05 
were considered down-regulated genes. For proteomics and phos-
phoproteomics data, cutoff value was set the same as transcrip-
tomics. In addition, the same approach was also used to obtain 
DEPs between RCC types (one RCC type versus the other 2 types).   

Pathway enrichment analysis
   DEPs were subjected to functional enrichment analyses using 
ConsensusPathDB [  86 ] or DAVID [  87 ]. Gene sets of molecular 
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pathways from Kyoto Encyclopedia of Genes and Genomes 
(KEGG) [  88 ]/Hallmark [  89 ]/Reactome [  90 ]/Gene Ontology 
(GO) [  91 ] databases were used to compute pathways. P value 
< 0.05 was considered statistically significant. The same strat-
egy was also applied to the analysis of RNA-seq data and phos-
phoproteomic data.   

Pathway score and correlation analysis
   Single-sample gene set enrichment analysis (ssGSEA) was uti-
lized to calculate pathway scores for each sample based on 
proteomic data using the R package GSVA [  92 ]. This approach 
converted protein expression matrices across samples into gene 
set enrichment matrices, thereby enabling the assessment of 
the enrichment levels of different pathways among different 
samples. Gene sets including KEGG, Reactome, Hallmark, and 
GO downloaded from the MSigDB ( https://www.gsea-msigdb.
org/gsea/downloads.jsp ) were set as background. Correlations 
between the pathway scores and other features, including pro-
tein abundance and xCell scores, were determined using 
Spearman’s correlation. P value < 0.05 was considered statisti-
cally significant.   

Gene set enrichment analysis
   GSEA [ 84 ] was conducted using the GSEA function in the R 
package, ClusterProfiler. Category C2, curated gene sets from 
online pathway databases, publications in PubMed, and knowl-
edge of domain experts, was set as background. P value < 0.05 
was used as a cutoff.   

Kinase–substrate enrichment analysis
   The phosphoproteomics data were processed by NetworKIN 
[  93 ] to predict kinases corresponding to the identified phos-
phosites. Known substrates from PhosphoSitePlus [  94 ] and 
UniProt were used to generate substrate sets, which were fur-
ther predicted from NetworKIN with a NetworKIN score of 5 
or higher. A kinase score was assigned to each kinase based 
solely on the collective phosphorylation status of its substrates, 
which was then transformed into a z-score. For the kinase 
enrichment analysis, a significance threshold of P value < 0.05 
was used to determine significantly enriched kinases.   

Candidate target analysis
   Candidate proteins used for pathway and process enrich-
ment (as well as protein–protein interaction enrichment) by 
Metascape were selected based on the following criteria: (a) 
the candidates were expressed in more than 50% of tumor 
samples; (b) the candidates exhibited up-regulated expres-
sion in tumors in more than 50% tumor–NAT pairs; (c) the 
median expression of candidates in tumors was at least 1.5 
times higher than that in NATs (FDR < 0.05); and (d) the 
high expressions of candidates were significantly negatively 
correlated with OS or PFS (Cox regression analysis, P value < 
0.05).   

Proteomic subtype identification
   Consensus clustering was conducted to identify proteomic sub-
types of CDC tumors using the R package ConsensusClusterPlus 
[  95 ] with Spearman correlation as the distance measure. The clus-
tering was performed with the following settings: 1,000 bootstraps, 
0.8 item subsampling proportion, and one feature subsampling 

proportion. The top 25% of the proteins with the highest CV in 
tumor samples (n = 1,849) were selected for partitioning around 
medoids clustering, resulting in up to 6 groups. The consensus 
matrices for k = 2, 3, 4, 5, and 6 clusters are shown in Fig.  S5 A, 
and the consensus matrix for k = 3 showed distinct separation 
among the clusters. The cumulative distribution function (CDF) 
plot for each k value is shown in Fig.  S5 B. The relative change in 
area under the CDF curve increased by approximately 30% from 
2 clusters to 3 clusters, while others exhibited no appreciable 
increase (Fig.  S5 C). Based on the evidence above, the CDC 
tumors were clustered into 3 subtypes.

   Subtype-specific up-regulated proteins were identified based 
on 2 criteria: (a) detection in > 25% of samples and (b) expressed 
higher than in other subtypes [Wilcoxon rank-sum test, 
log2(FC) > 1, P value < 0.05]. Subtype-specific up-regulated 
proteins were further analyzed using ConsensusPathDB [ 86 ] and 
DAVID [ 87 ]. The DEPs for each subtype and the enriched path-
ways are listed in Data  S5 .   

Immune subtype identification
   The raw enrichment scores of 64 different cell types in CDC 
tumors were estimated via xCell [ 38 ] ( https://comphealth.ucsf.
edu/app/xcell ) using proteomic profiles. All 64 cell types were 
used for subsequent consensus clustering, using the R package 
ConsensusClusterPlus. The parameters used for clustering 
analysis were reps = 10,000, pItem = 0.8, pFeature = 1, clus-
terAlg = “hc”, and distance = “spearman”. k = 3 was selected 
for further analysis (Data  S6 ).   

Correlation between subtypes and clinical features
   To examine the correlations between subtypes and clinical fea-
tures, Fisher’s exact test was conducted on categorical variables, 
including NF2 mutation, AHNAK2 mutation, TMB, 15q14_del, 
and TNM stage. P value < 0.05 was considered statistically 
significant.   

Survival analysis
   The Kaplan–Meier method was used for survival analysis, and 
the 2-sided log-rank test or the Gehan–Breslow–Wilcoxon 
test was used to compare patients in different subgroups. P 
value < 0.05 was considered statistically significant. The HR 
was computed by Cox proportional hazards regression analy-
sis. Variates with a P value < 0.05 were considered to have a 
significant impact on prognosis.    

Functional experiments
Cell culture
   Human HEK293T (ATCC, CRL-11268; RRID: CVCL_QW54) 
and ACHN (ATCC, CRL-1611; RRID: CYCL_1067) cells were 
cultured in Dulbecco's modified eagle medium (DMEM) (high 
glucose) supplemented with 10% fetal bovine serum (FBS; 
Invitrogen), 100 units/ml penicillin (Invitrogen), and 100 μg/
ml streptomycin (Invitrogen). 786-O (ATCC, CRL-1932; RRID: 
CVCL_1051) and 769-P (ATCC, CRL-1933; RRID: CVCL_1050) 
cells were maintained in RPMI 1640 medium containing 10% 
FBS. Cells were incubated in 5% CO2 at 37 °C.   

Antibodies and primers
   The primary antibodies used in this study were as follows: 
anti-UBTF antibody (Santa Cruz, sc-13125), anti-SL1 antibody 
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(Santa Cruz, sc-393600), anti-POLR1A antibody (Proteintech, 
20595-1-AP), anti-RPF2 antibody (Santa Cruz, sc-81060), 
anti-Flag antibody (ABclonal, AE005; Sigma-Aldrich, F1804), 
anti-Myc antibody (ABclonal, AE070), anti-GAPDH antibody 
(ABclonal, AC001; Proteintech, 60004-1-Ig), anti-p53 anti-
body (Santa Cruz, sc-126), anti-MDM2 antibody (Abcam, 
ab16895), anti-RPL5 antibody (Abcam, ab86863), anti-RPL11 
antibody (Abcam, ab79352), anti-B23 antibody (Santa Cruz, 
sc-271737), anti-PUMA antibody (Cell Signaling Technology, 
12450S), anti-β-actin antibody (Proteintech, 66009-1-Ig), HRP-
conjugated AffiniPure Goat Anti-Rabbit IgG (BOSTER, BA1055; 
Proteintech, SA00001-2), and HRP-conjugated AffiniPure Goat 
Anti-Mouse IgG (BOSTER, BA1051; Proteintech, SA00001-1). 
Proteins were visualized using the ECL chemiluminescence 
reagent (Yeasen).

   The primers used in the experiment are listed below. RPF2 
(forward primer: 5′-ACAAAACCCATGCTGATATTTGC-3′, 
reverse primer: 5′-AGCCAGGCGGATATTTGATACT-3′); RPF2-1 
(forward primer: 5′-TCAGAGGCCCCACAGTATCA-3′, reverse 
primer: 5′-AAAGGTCATCCGATGCCAGG-3′); UBTF (forward 
primer: 5′-CAGGACCGTGCAGCATATAAAG-3′, reverse primer: 
5′-GCCTCGCAGCTTGGTCAT-3′); Rrn3 (forward primer: 
5′-GACCGTGTCTCAGCATGATTG-3′, reverse primer: 5′-GGT
GTCGATGGTACATATCTT GC-3′); 28SrRNA (forward primer: 
5′-GCCATGGTAATCCTGCTCAGTAC-3′, reverse primer: 
5′-GCTCCTCAGCCAAGCACATAC-3′); 18SrRNA (forward 
primer: 5′-ACAAAACCCATGCTGATATTTGC-3′, reverse 
primer: 5′-AGCCAGGCGGATATTTGATACT-3′); 5.8SrRNA 
(forward primer: 5′-CACTCGGCTCGTGCGTCGAT-3′, reverse 
primer: 5′-CGCTCAGACAGGCGTAGCCC-3′); GAPDH (for-
ward primer: 5′-GGAGCGAGATCCCTCCAAAAT-3′, reverse 
primer: 5′-GGCTGTTGTCATACTTCTCATGG-3′); PUMA 
(forward primer: 5′-GCCAGATTTGTGAGACAAGAGG-3′, 
reverse primer: 5′-CAGGCACCTAATTGGGCTC-3′); MDM2 
(forward primer: 5′-GAATCATCGGACTCAGGTACATC-3′, 
reverse primer: 5′-TCTGTCTCACTAATTGCTCTCCT-3′); 
BTG2 (forward primer: 5′-ACGGGAAGGGAACCGACAT-3′, 
reverse primer: 5′-CAGTGGTGTTTGTAGTGCTCTG-3′); p53 
(forward primer: 5′-CCCAAGCAATGGATGATTTGA-3′, 
reverse primer: 5′-GGCATTCTGGGAGCTTCATCT-3′); and 
actin (forward primer: 5′-CATGTACGTTGCTATCCAGGC-3′, 
reverse primer: 5′-CTCCTTAATGTCACGCACGAT-3′).

   Synthetic oligos were used for siRNA-mediated silencing of 
RPF2 (5′-GGCGAUGAUUUCGAUGUAA-3′; 5′-CCCUCAU
UGGAUCUGGUUC-3′; 5′-GCGGCCAAAUAAUCUAGUA-3′), 
siRPL5 (5′-GGAGGAGAUGUAUAAGAAA-3′), and siRPL11 
(5′-GGAACUUCGCAUCCGCAAA-3′), and scramble siRNA 
was used as a control. The sequences of shRNA were shRPF2-1 
(5′-GCTGGCGATGATTTCGATGTA-3′) and shRPF2-2 (5′- 
GCA GAACACCACGGATTGAAT-3′).

   The RPF2-overexpression plasmid (pCMV-RPF2-Flag, 
GeneChem, China; pENTER-RPF2-Flag, Vigene Biosciences, 
Shandong, China) was used for RPF2 overexpression.   

Reverse transcription and RT-qPCR
   Total RNA was isolated from cultured cells and converted into 
cDNA using specific primers and the HiScript III cDNA syn-
thesis kit (Vazyme, Nanjing, China). The mRNA levels were 
determined using RT-qPCR on a CFX96 Touch real-time PCR 
detection system (Bio-Rad, Hercules, CA, USA). Actin was 
used as an internal reference gene.   

Cell transfection
   Plasmid transfection was carried out using 2 different methods: 
polyethylenimine (PEI) and Lipofectamine 2000 (Invitrogen). 
For the PEI transfection method, 500 μl of DMEM (serum-free 
medium) and the plasmid were combined in an empty EP tube 
and PEI (3 times the concentration of plasmid) was added to 
the medium with vigorous shaking. The mixture was incubated 
for 15 min. Meanwhile, the cell culture medium was replaced 
with 2 ml of fresh medium. After 15 min, the mixture was 
added to the cells, and the fresh medium was replaced after 
12 h. After 36 h, the transfection process was completed and 
the cells were either treated or harvested. For the Lipofectamine 
2000 transfection method, DMEM (250 μl) was added to 2 
clean EP tubes. Then, 6 μl of Lipofectamine 2000 was added to 
one of the tubes and mixed for 5 min. The plasmid was added 
to the other tube and then combined with the medium contain-
ing Lipofectamine 2000. The mixture was mixed and allowed 
to stand for 20 min. Meanwhile, the cell culture medium was 
replaced by serum-free medium as serum can interfere with 
Lipofectamine 2000 transfection efficiency. After adding the 
mixture to the cells for 6 h, the medium was replaced with fresh 
normal medium, and the cells were collected 36 h later.   

Western blotting analysis
   Cultured cells were lysed using a 0.5% NP-40 buffer containing 
50 mM Tris-HCl (pH 7.5), 150 mM NaCl, 0.5% Nonidet P-40, 
and a cocktail of protease inhibitors (Sigma-Aldrich, St. Louis, 
MO, USA). After centrifugation at 16,000×g at 4 °C for 15 min, 
the lysate supernatants were analyzed using Western blotting 
according to standard procedures. Protein abundance was 
detected by measuring chemiluminescence on a Typhoon FLA 
9500 instrument (GE Healthcare, Little Chalfont, UK).   

IF staining
   ACHN and 769-P cells were transfected with siRNA as indi-
cated in the figure legends. The transfected cells were fixed with 
methanol at −20 °C overnight. Subsequently, the cells were 
washed with PBS and blocked with 8% bovine serum albumin 
(BSA) in PBS for 1 h. The cells were then incubated with pri-
mary antibodies (anti-NPM1, diluted in 1:100) in 2% BSA at 
4 °C overnight. After that, the cells were washed with PBS and 
incubated with the corresponding fluorescent secondary anti-
bodies (Yeasen) and 4′,6-diamidino-2-phenylindole (Sigma-
Aldrich). Images were acquired using an inverted fluorescence 
microscope (Leica, Wetzlar, Germany).   

IHC staining
   IHC was performed on formalin-fixed tumor and matched 
NATs. First, the tissues were embedded in paraffin, and 
4-micron-thick sections were made. These sections were then 
unfolded in a water bath at 50 °C and baked at 60 °C for 2 h. 
Next, the tissues were dewaxed in xylene and rehydrated using 
gradient ethanol and finally in water. Endogenous peroxidase 
activity was blocked using H2O2 and antigen retrieval was 
performed. Further, 5% BSA was applied to block the sections 
for 30 min at 37 °C. The tissues were then incubated with the 
primary antibody at 4 °C overnight, followed by incubation 
with the secondary antibody for 30 min at 37 °C on the next 
day. Finally, the tissues were stained using hematoxylin, 
dehydrated, permeabilized, and sealed. Two board-certified 
pathologists, blinded to subtype, each selected 5 random 
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high-power fields per sample. Within each field, staining 
intensity was scored as 1 (weak), 2 (moderate), or 3 (strong), 
and the H score was calculated as: (percentage of weak 
cells × 1) + (percentage of moderate cells × 2) + (percent-
age of strong cells × 3), yielding a range of 0 to 300. Differences 
between scorers of less than 5% were averaged.   

CO-IP assay
   Cells were harvested and lysed using mild RIPA buffer on a 
plate for 30 min. Meanwhile, 50 μl of Dynabeads Protein G 
(Life Technologies) was incubated with 3 μg of antibody at 
room temperature for 1 h. Next, the protein lysate was mixed 
with the beads–antibody complex and incubated overnight 
at 4 °C. The beads were washed 3 times with lysis buffer. The 
bound proteins and 10% inputs were detected using WB.   

ChIP assay
   ChIP assays were conducted using an EZ ChIP kit (Upstate) 
according to the manufacturer’s instructions. First, cultured 
cells and villous samples from humans were treated with 1% 
formaldehyde for 10 min to crosslink the DNA. Subsequently, 
the DNA was sonicated to generate fragments with a mean 
length of 200 to 500 bp. The sheared chromatin was then immu-
noprecipitated overnight at 4 °C using antibodies specific to 
UBTF, RPF2, or a non-specific rabbit IgG (Santa Cruz). The 
DNA fragments that were precipitated were identified and 
quantified using PCR and real-time qPCR with the primers 
designed for Rrn3.   

Colony formation assay
   Cells (1 × 103) were plated in a 6-cm plate 6 to 18 h after trans-
fection and cultured for 14 days. The medium was changed 
every 3 days until colonies became visible. Once visible, the 
colonies were fixed with methanol and stained with a 0.2% 
crystal violet solution at room temperature for 30 min. The 
count of colonies was then quantified using ImageJ.   

Transwell assay
   Before the experiment, the Matrigel matrix (BD, 356234) was 
melted overnight at 4 °C. The pipette tips were pre-cooled on 
ice for 30 min, and the Matrigel matrix was diluted to a working 
concentration of 300 μg/ml with pre-cooled serum-free 
medium. Then, 100 μl of the diluted matrix was added to each 
chamber (Corning, 3422) nested with a transwell-24 membrane 
and incubated in an incubator at 37 °C for 1 h to form a base-
ment membrane simulating the body at the bottom of the 
chamber. The pre-treated cells were digested with trypsin, 
resuspended with serum-free medium, counted, and concen-
trated to 2.5×105 cells/ml. Next, the Transwell chamber with 
the formed basement membrane was taken out, and the resid-
ual liquid in the chamber was removed. Then, 600 μl of 
medium containing 20% FBS was added to the lower chamber, 
and 100 μl of cell suspension with different pretreatment was 
added to the upper chamber. The chamber was incubated in 
a cell incubator at 37 °C and 5% CO2 for 24 h. After incubation, 
the chamber was taken out and washed 3 times with PBS. Each 
chamber was fixed with 600 μl of 100% methanol and left to 
stand at room temperature for 30 min. Subsequently, each 
chamber was stained with 600 μl of 0.1% crystal violet (Solarbio, 
G1063) and left to stand at room temperature for 20 min. 
Gently rubbing with a cotton ball was performed to remove 
non-invasive cells from the upper compartment. Finally, the 

cells were observed in random 5 fields under a 100× micro-
scope, counted, and analyzed.   

CCK-8 assay
   Dispense 100 μl of a prepared cell suspension (5,000 cells/well) 
into a 96-well plate. Incubate the plate for an appropriate period 
(24, 48, or 72 h) in an incubator. Next, add 10 μl of CCK-8 
solution to each well, taking care not to introduce any bubbles 
that may interfere with the OD reading. Incubate the plate for 
2 h in the incubator. Finally, measure the absorbance at 450 nm 
using a microplate reader.   

Apoptosis analysis
   Apoptosis was examined using the Annexin-V-phycoerythrin 
(PE)/7-aminoactinomycin D (7-AAD) kit (Vazyme) and flow 
cytometry. Briefly, cells were harvested at 48 h after transfection 
and then stained with Annexin-V-PE and 7-AAD for 20 min 
at room temperature in the dark. The flow cytometry analysis 
was performed using a Beckman Coulter instrument to mea-
sure the percentage of apoptotic cells.    

Statistical analysis
   Quantification methods and statistical analysis methods for 
proteomic and integrated analyses were mainly described and 
referenced in the respective subsections of Materials and 
Methods.

   Additionally, standard statistical tests were used to analyze the 
clinical data, including but not limited to the Wilcoxon rank-sum 
test, Fisher’s exact test, Kruskal–Wallis test, Spearman’s correlation 
test, and log-rank test. Statistical significance was considered 
when the P value < 0.05. To address the issue of multiple testing, 
the P values were adjusted using the Benjamini–Hochberg FDR 
correction. Kaplan–Meier plots (2-sided log-rank test or Gehan–
Breslow–Wilcoxon test) were used to describe survival rates. 
Variables associated with OS and PFS were identified using uni-
variate Cox proportional hazards regression models. All analyses 
of the clinical data were performed using R (version 4.1.1) and 
GraphPad Prism (version 9.5.0).    
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