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Abstract 11 

In this study, we generated label-free data-independent acquisition (DIA)-based 12 

liquid chromatography (LC)-mass spectrometry (MS) proteomics data from 261 renal 13 

cell carcinomas (RCC) and 195 normal adjacent tissues (NAT). The RCC tumors 14 

included 48 non-clear cell renal cell carcinomas (non-ccRCC) and 213 ccRCC. A total 15 

of 219,740 peptides and 11,943 protein groups were identified with 9,787 protein 16 

groups per sample on average. We adopted a comprehensive approach to select 17 

representative samples with different mutation sites, considering histopathological, 18 

immune, methylation, and non-negative matrix factorization (NMF)-based subtypes, 19 

along with clinical characteristics (gender, grade, and stage) to capture the complexity 20 

and diversity of ccRCC tumors. We used machine learning identified 55 protein 21 

signatures that distinguish RCC tumors from NATs. Furthermore, 39 protein signatures 22 

that differentiate different RCC tumor subtypes were also identified. Our findings offer 23 

an extensive perspective of the proteomic landscape in RCC, illuminating specific 24 

proteins that serve to distinguish RCC tumors from NATs and among various RCC 25 

tumor subtypes. 26 

Keywords: renal cell carcinoma; clear cell renal cell carcinoma; non-clear cell renal 27 
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Introduction 31 

Renal cell carcinoma (RCC) ranks in the top 10 most frequently diagnosed cancers 32 

with an estimated 81,610 diagnoses and 14,390 deaths in the United States in 20241,2. 33 

The World Health Organization (WHO) listed 7 RCC subtypes defined by specific 34 

molecular aberrations in 20223. Clear cell RCC (ccRCC) is the most predominant 35 

subtype and accounts for the majority (75%) of RCC-related deaths4. Non-clear cell 36 

RCC (non-ccRCC) represents around 25% of RCC, encompassing various rare 37 

subtypes predominantly characterized by histopathological properties3,5,6. 38 

Understanding ccRCC oncogenesis has been greatly aided by The Cancer Genome 39 

Atlas (TCGA) project's comprehensive genomic, epigenomic, and transcriptomic 40 

profiling7,8. Dysfunctional regulation of the VHL gene and subsequent aberrations 41 

related to genes PBRM1, SETD2, KDM5C, or BAP1 are essential for disease 42 

advancement and correlated with more aggressive phenotypes9–11. Although previous 43 

work on non-ccRCC has discovered several genomic changes to aid in differential 44 

diagnosis of different RCC subtypes, due to the heterogeneity of non-ccRCC subtypes, 45 

genomic features related to non-ccRCC are rarely found12–15. Compared with the 46 

genomics, proteomics can provide more extensive information corresponding to the 47 

occurrence and development of cancer16–19. More importantly, protein abundance 48 

cannot be reliably predicted from DNA- or RNA-level measurements20–23. Therefore, 49 

proteomics would be useful for finding common protein signatures between ccRCC, 50 

while non-ccRCC distinguishing tumor tissues from normal tissues.  51 

As part of our efforts within the Clinical Proteomic Tumor Analysis Consortium 52 
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(CPTAC), we have conducted proteomic analyses of RCC using data independent 53 

acquisition (DIA)-mass spectrometry (MS). This involved three RCC cohorts24–26. DIA 54 

is a MS-based proteomics technique that aims to comprehensively and reproducibly 55 

record all peptide precursors and their fragments within a given mass range27–30. This 56 

contrasts with the data-dependent acquisition (DDA), where only the most abundant 57 

peptide precursors are selected for fragmentation31. While DDA relies on the stochastic 58 

nature of peptide precursor selection, which can lead to missing data across multiple 59 

runs, DIA instead systematically fragments all precursors within a specified mass range, 60 

thereby generating a more comprehensive and reproducible dataset27,32. Given the 61 

heterogeneous nature of RCC, a technique like DIA is crucial for understanding the 62 

molecular basis of the RCC.  63 

    In this study, we leveraged the high-throughput, DIA LC-MS to analyze RCC 64 

proteome. We performed proteomic profiling of 261 RCC samples and 195 normal 65 

adjacent tissues (NAT). The RCC tumors included 48 non-ccRCC and 213 ccRCC. It 66 

is worth noting that the 213 ccRCC samples accounts for most of the total RCC 67 

samples24–26. If all ccRCC and non-ccRCC samples are analyzed together, it will likely 68 

obscure or weaken the unique characteristics of non-ccRCC subtypes. Directly 69 

extracting all ccRCC samples for comparative analysis failed to reveal the similarities 70 

between ccRCC and non-ccRCC. Therefore, selecting representative ccRCC samples 71 

for subsequent multi-level analysis can improve the ability to focus on non-ccRCC 72 

subtypes while retaining the overall characteristics of RCC. By optimally selecting 73 

ccRCC samples representing different mutation sites and pathological types, stages, 74 
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grades, etc., the diverse characteristics of ccRCC can be displayed to the maximum 75 

extent and provide clues for further segmentation. Analysis of the representative ccRCC 76 

and non-ccRCC samples can more clearly and systematically reveal their unique 77 

properties and functions while retaining complete RCC information. 78 

    To achieve this, artificial intelligence approaches such as deep learning and 79 

machine learning (ML) methods have demonstrated significant promise in the analysis 80 

and interpretation of large-scale proteomic data33–35. ML can identify complex patterns 81 

in the proteomic data that may be missed by traditional statistical approaches36,37. 82 

Specifically, ML can assist in identifying protein signatures associated with different 83 

RCC subtypes, thereby potentially improving differential diagnosis and contributing to 84 

a better understanding of the RCC molecular basis38,39.  85 

    In this study, we utilized 261 RCC samples and 195 NATs to establish protein 86 

signatures that can identify RCC tumor subtypes and distinguish the RCC tumors from 87 

NATs by ML. These protein signatures could be used to improve diagnostic accuracy, 88 

inform treatment strategies, or even identify potential new therapeutic targets.89 
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Result 90 

Proteomic analysis revealed distinct protein expression patterns      91 

We examined proteomics data from a wide range of 48 non-ccRCC tumors and 92 

213 ccRCC tumors and 195 NAT samples. DIA-based proteomic analysis was used to 93 

profile all samples for the proteome. The mutation site data were available for 259 of 94 

the tumor samples. The associated clinical data and metadata are provided in Table S1 95 

and summarized in Figure S1A.  96 

    Since the samples came from different cohorts, to avoid the batch effect, we used 97 

block randomization and interspersed NCI-7 quality control (QC) and pool QC samples 98 

between the RCC and NAT samples as MS QC to evaluate the robustness of label-free 99 

quantification. Tissue type, gender, grade, stage, age, and loading volume were 100 

considered during the randomization. A total of 456 samples were divided into 19 sets, 101 

each set contained 24 samples. On average, each set contained 14 tumors, 10 NATs, 1 102 

pooled sample QC, and 1 NCI-7 QC. A total of 219,740 peptides and 11,943 protein 103 

groups were identified for proteomic study. On average, 9,787 protein groups were 104 

detected per sample. Spearman’s correlation coefficients were calculated for the NCI-7 105 

QC samples with an average correlation of 0.99 among the samples. A similar outcome 106 

was observed for the  pool QC samples. These results demonstrated the consistent 107 

stability of the MS platform (Figure S1B).   108 

    To visualize proteomic differences across each subtype of RCC tumors, we 109 

performed uniform manifold approximation and projection (UMAP) analysis, which 110 

visualizes the high-dimensional proteomic data in a reduced-dimensional space and 111 
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detects patterns and variations in protein expression across RCC tumor subtypes. The 112 

resultant UMAP plot displays the RCC subtypes and NATs in different colors (Figure 113 

1A). The results showed a clear separation between RCC tumors and NATs, ccRCC 114 

tumors clustered together and separated from NATs, while Oncocytoma type 1, 115 

Oncocytoma type 2, and Oncocytoma variant were in one cluster which was far away 116 

from ccRCC tumors and NATs. In contrast, the pRCC type 1 and 2 were located 117 

between ccRCC tumors and NATs. From the UMAP, the proteomic heterogeneity was 118 

clearly indicated between non-ccRCC tumors compared with ccRCC tumors. 119 

    To discover the differences between RCC tumors and NATs, we used Wilcoxon 120 

Rank Sum test to compare the differentially expressed proteins (DEPs) for the 121 

following: RCC tumors vs paired NATs, ccRCC tumors vs paired NATs, and non-122 

ccRCC tumors vs paired NATs.  Compared to the paired NATs, 836 and 1166 proteins 123 

were upregulated and downregulated in RCC tumors, respectively(Figure 1B  and 124 

Table S1). The comparison between the ccRCC tumors and paired NATs showed that 125 

2495 proteins significantly changed with 910 proteins upregulated and 1585 126 

downregulated in the ccRCC tumors relative to the paired NATs (Figure 1B and Table 127 

S1). For the comparison between the non-ccRCC tumors and the paired NATs, the 128 

results showed 1262 proteins significantly changed with 459 proteins upregulated and 129 

803 downregulated in the non-ccRCC tumors relative to the paired NATs (Figure 1B 130 

and Table S1). Enrichment analysis revealed positive regulation of immune response, 131 

cell activation, and positive regulation of cytokine production to be upregulated in RCC 132 

tumors, and organic acid catabolic process and small molecule biosynthetic process to 133 
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be downregulated (Bonferroni adjusted p < 0.05, Figure 1C and Table S1). Similar 134 

results were found in ccRCC tumors compared with the NATs (Figure 1C and Table 135 

S1). For the comparison between non-ccRCC tumors and NATs, the enrichment 136 

analysis revealed DNA replication initiation, antigen processing and presentation of 137 

peptide antigen via MHC class Ⅰ, and generation of precursor metabolites and energy 138 

to be upregulated in non-ccRCC tumors, and carboxylic acid metabolic process and 139 

purine-containing compound metabolic process to be downregulated (Bonferroni 140 

adjusted p < 0.05, Figure 1C and Table S1). These pathways were not enriched as top 5 141 

pathways for both RCC tumors and ccRCC tumors when compared with the NATs 142 

(Figure 1C). Of note, the number of ccRCC tumors accounts for most of the RCC 143 

tumors (Figure S1A), thus, the difference between non-ccRCC tumors and NAT was 144 

obscured.  145 

Systematic sample selection of the ccRCC tumors     146 

To fully capture the complexity and diversity of RCC tumors for both ccRCC and 147 

non-ccRCC, we selected representative ccRCC samples for our study. The selection 148 

was guided by the following steps: First, gene mutation-based sample selection was 149 

performed to represent the diversity of ccRCC tumors at the genetic level. We focused 150 

on mutation profiles in key genes known to be involved in ccRCC tumors, namely VHL, 151 

SETD2, PBRM1, KDM5C, and BAP1. We selected at least four samples for each 152 

mutation site (Figure S2A and Table S2). This approach ensured a broad representation 153 

of the genetic heterogeneity inherent in ccRCC tumors. Our second step considered the 154 

diversity of histopathological, immune, methylation, and NMF subtypes which were 155 
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established in our previous study24 for ccRCC tumors. We selected samples 156 

representing each of the four histopathological subtypes (CL, CH, CH-S, CH-R), four 157 

immune subtypes (CD8+ inflamed, CD8- inflamed, Metabolic desert, VEGF desert), 158 

three methylation subtypes (Methyl1, Methyl2, Methyl3), and three NMF subtypes 159 

(NMF1, NMF2, NMF3) (Figure S2B and Table S2). This allowed us to capture the 160 

biological and molecular diversity in ccRCC tumors as representative ccRCC tumors 161 

for the RCC cohort. The third step was to consider the patient's gender, grade, and stage 162 

to ensure that the selected samples were representative of these clinical characteristics 163 

(Figure S2C and Table S2). This meant incorporating a balanced mix of male and 164 

female patients' samples, thus accounting for potential gender-specific variations in 165 

ccRCC tumors. We also selected samples across different tumor grades, including low-166 

grade (G1 and G2) and high-grade (G3 and G4) tumors (Figure S2C and Table S2). 167 

This was crucial to capture the proteomic differences associated with tumor 168 

aggressiveness and potential variations in disease progression. In addition, we 169 

considered the stage of the disease at the time of sample collection. Our selection 170 

included samples from early (Stages I and II) to advanced stages (Stages III and IV) of 171 

ccRCC (Figure S2C and Table S2). This allowed us to account for the progression-172 

related changes in the proteomic profiles of ccRCC tumors and understand how these 173 

changes might influence disease outcome. Then, we verified that the proteomic data for 174 

our selected samples encompassed all the protein groups identified in the proteomic 175 

data of ccRCC tumors (Table S2). Finally, we profiled the phenotypes of selected 176 

ccRCC samples (Figure 2A and Table S2). By systematically selecting samples that 177 
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accurately represent the diversity of ccRCC tumors in terms of their genetic difference 178 

along with histopathological, immune, methylation, NMF subtypes, and clinical 179 

characteristics (gender, grade, and stage), we believe we have captured a 180 

comprehensive snapshot of the complex and heterogeneous nature of ccRCC tumors. 181 

This will allowed us to make a more detailed and comprehensive interpretation of RCC 182 

in subsequent analyses, thereby increasing the possibility of making new discoveries. 183 

Proteomic alterations of RCC tumors compared to NATs 184 

    To fully understand the differences between RCC tumors and NATs, we compared 185 

protein expressions between RCC tumors composed of selected representative ccRCC 186 

tumors (Figure 2A and S2) and non-ccRCC tumors and paired NATs. In total, 681 187 

proteins showed significant differential expressions with 209 proteins upregulated and 188 

472 downregulated in RCC tumors compared to NATs (Figure 2B and Table S2). 189 

Enrichment analysis revealed differential expressions of proteins involved in various 190 

biological pathways between the RCC and NAT samples. Specifically, we identified 191 

antigen processing and presentation, positive regulation of immune response, and 192 

regulation of leukocyte proliferation that were upregulated, carboxylic acid metabolic 193 

process, nucleotide metabolic process, and small molecule biosynthetic process were 194 

downregulated in the RCC tumors compared to the NATs (Figure 2C and Table S2). 195 

The upregulation of proteins suggested an active immune response in RCC tumors. On 196 

the other hand, the downregulation of proteins indicated a potential reprogramming of 197 

metabolic pathways in RCC tumors, which might contribute to cancer cell survival and 198 

growth. The differentially expressed proteins and the associated biological pathways 199 
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identified in our study provide valuable insights into the molecular mechanisms 200 

underlying RCC oncogenesis and progression. To validate the representativeness of the 201 

differential proteins identified in our analysis of the selected RCC and NAT samples, 202 

we implemented the same sample selection strategy 3 times and 45% of the samples 203 

overlapped (Figure 2D). Next, we compared the differential proteins identified in each 204 

selection. Remarkably, there was a consistent overlap of 85% in the differential proteins 205 

identified across all three groups (Figure 2E). This suggested a strong 206 

representativeness and reliability of our sample selection approach. 207 

Protein signature identification for RCC tumors  208 

    While the differential analysis of representative samples illustrated the differential 209 

proteins between RCC and NAT, reflecting common distinguishing features among 210 

various RCC subtype samples against NAT, this analysis did not represent the 211 

individual characteristics of each RCC or NAT sample. Furthermore, the vast number 212 

of differential proteins made the discovery of the most important protein signatures that 213 

could distinguish RCC from NAT challenges. To identify the protein signatures from 214 

the proteomic data between RCC tumors and NATs, a comprehensive ML exercise 215 

including feature selection and permutation validation was carried out on the selected 216 

RCC dataset with selected ccRCC tumors, non-ccRCC tumors, and paired NATs. For 217 

the feature selection, a Random Forest classifier with Recursive Feature Elimination 218 

and 5-fold Cross-Validation (RFECV) was applied to the proteins using 20% of samples 219 

from the selected RCC dataset. To robustly train and evaluate the model, the 5-fold 220 

cross-validation process divided the data into five subsets, training the model iteratively 221 
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on four folds while testing it on the fifth. Accuracy scores were calculated for each fold, 222 

and the mean and standard deviation of accuracies were recorded to assess the model’s 223 

consistency across folds. After model training, RFECV optimized feature selection by 224 

iteratively removing the least important features based on the Random Forest model’s 225 

feature importance scores. RFECV selected only the most relevant proteins by 226 

evaluating feature subsets through cross-validation, minimizing model complexity 227 

while preserving accuracy. RFECV resulted in selecting 55 protein signatures from the 228 

selected RCC dataset in segregating RCC tumors from NATs (Table S3). The heatmap 229 

illustrated the differences between the RCC tumors and NATs, as well as the similarities 230 

between ccRCC and non-ccRCC (Figure 3A). After feature selection, the permuted 231 

dataset with randomly shuffled RCC tumor and NAT labels was used to assess whether 232 

the original model performance was better than random chance. The higher receiver 233 

operating characteristic (ROC) curve and area under the curve (AUC) observed with 234 

the original labels compared to the permuted labels confirms the predictive value of 235 

these protein signatures in differentiating between RCC tumor and NAT samples 236 

(Figure 3B). The 55 protein signatures selected by RFECV included proteins with 237 

particularly high importance scores (Table S3). Among these, the top 3 proteins further 238 

confirmed their key role in differentiating RCC tumors from NAT samples with high 239 

AUCs (Figure S3A-C). In addition, although the sample selection balanced the number 240 

of samples between ccRCC and non-ccRCC, the removal of ccRCC tumor and NAT 241 

samples may lead to insufficient representation of the protein signatures. To evaluate 242 

the representative of the 55 selected protein signatures, the same strategies were used 243 
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to build an ML model with all patient samples from the entire RCC dataset (Figure 244 

S3D). The ROC curve and AUC confirmed the predictive value of these protein 245 

signatures in distinguishing RCC tumors from NATs in the entire RCC dataset. Notably, 246 

28 of the 55 protein signatures identified by the ML model overlapped with the DEPs 247 

(Figure S3E). Through an ML approach, including feature selection and permutation 248 

validation, we identified 55 protein signatures from proteomic data that distinguish 249 

between RCC tumors and NATs.   250 

Protein signature identification for the RCC tumors subtypes 251 

Following the identification of the protein signatures that distinguish RCC tumors 252 

from NATs, we endeavored to discern the proteomic disparities among various RCC 253 

subtypes. To establish the protein signatures for RCC subtypes, an ML exercise was 254 

performed on the selected RCC dataset without the NATs. RFECV was applied to the 255 

data, using 20% of patient samples for feature selection. This process resulted in the 256 

selection of 39 protein signatures that distinguished between RCC tumor subtypes 257 

(ccRCC tumors, Oncocytomas, pRCC tumors, and other non-ccRCC tumors, Table S3). 258 

The heatmap showed the protein signatures for the RCC tumor subtypes (Figure 4A). 259 

To validate these protein signatures, a permuted dataset with shuffled RCC tumor 260 

subtype labels was used. The model's higher performance with the original labels 261 

compared to the permuted labels confirmed the predictive value of these protein 262 

signatures (Figure 4B). While individual proteins perform well in distinguishing 263 

between RCC and NAT (Figure S3A-C), the top 3 important proteins within the set of 264 

39 protein signatures (Table S3) do not exhibit a satisfactory performance in 265 
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distinguishing between RCC tumor subtypes (Figure S4A-C). Additionally, an ML 266 

model was built with samples from the entire RCC tumors to further evaluate the 267 

representative of the 39 selected protein signatures. The receiver operating graph 268 

confirmed the predictive value of these protein signatures in distinguishing RCC tumor 269 

subtypes in the entire RCC dataset (Figure S4D). Interestingly, the protein PNPLA6 270 

overlaps between the protein signatures distinguishing RCC from NAT and those 271 

distinguishing different RCC tumor subtypes (Figure S4E). It is downregulated in RCC 272 

compared to NAT, while being upregulated in pRCC compared to other RCC tumor 273 

subtypes (Figure S4F and G). However, the ROC curve indicates that this protein alone 274 

does not effectively differentiate between RCC or NAT, nor among different RCC 275 

subtypes (Figure S4H and I). Considering our previous finding that the top 3 important 276 

proteins in the protein signatures were insufficient in distinguishing different RCC 277 

tumor subtypes, it seems challenging to rely on a single protein for differentiation. 278 

Instead, a combination of multiple proteins should be considered for a more accurate 279 

characterization. Through the ML approach, we identified 39 protein signatures that 280 

distinguish between different RCC tumor subtypes, including ccRCC tumors, 281 

Oncocytomas, pRCC tumors, and other non-ccRCC tumors.   282 
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Discussion 283 

    In this study, DIA-based proteomics data provides high-quality data sources, 284 

which can be further investigated to gain deeper insights into disease biology. Our study 285 

presented an approach to select representative ccRCC samples to be analyzed with other 286 

non-ccRCC subtypes to capture the diversities of RCC. The analysis of the DIA 287 

proteomic data from a broad range of samples highlighted the common and unique 288 

characteristics of ccRCC tumors relative to non-ccRCC tumor subtypes. We carried out 289 

ML analyses to identify protein signatures that can distinguish ccRCC tumor subtypes 290 

and RCC tumors from NATs. These protein signatures were validated by permutation 291 

and across the entire RCC dataset. 292 

Understanding the molecular differences between RCC tumors and normal tissues 293 

is crucial for improving diagnostic accuracy and treatment strategies. The UMAP 294 

analysis using proteomic data revealed different clusters of RCC tumors. Specifically, 295 

we identified the Oncocytoma type 1, Oncocytoma type, and Oncocytoma variant 296 

distinct from ccRCC tumors and NATs (Figure 1A). This result was consistent with the 297 

significant genome difference between the Oncocytomas and other RCC subtypes40. 298 

This further suggested that proteomic profiling could potentially aid in distinguishing 299 

Oncocytomas from malignant RCC subtypes, addressing a challenge in RCC diagnosis 300 

and management41–43. This could potentially lead to improved diagnostic accuracy and 301 

better patient management in RCC. 302 

An important aspect of our study was the comparison of protein expressions 303 

between RCC tumors and paired NATs. However, the predominance of ccRCC samples 304 
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over non-ccRCC samples in the RCC posed a challenge, as the characteristics of non-305 

ccRCC were overshadowed by those of ccRCC (Figure 1B, Figure 1C, and Figure S1A). 306 

To address this issue, we selected a subset of ccRCC samples based on molecular 307 

pathology features representative of ccRCC, ensuring their number was balanced with 308 

that of non-ccRCC samples. Our approach to ccRCC tumor sample selection included 309 

consideration of genetic mutation sites and different histopathological, immune, 310 

methylation, and NMF subtypes as well as stage and grade, thus capturing the biological 311 

and molecular diversity in ccRCC. After completing three separate rounds of sample 312 

selection, we found the DEPs between RCC and NAT for each selection. The results 313 

showed that 85% of the DEPs were consistently identified across all three comparisons 314 

(Figure 2D and E). This approach emphasized the point of balanced samples with 315 

representative ones when studying heterogeneous diseases. Additionally, this sample 316 

selection process demonstrated the feasibility of selecting representative samples based 317 

on known molecular subtypes within large cohorts. The DEPs revealed differentially 318 

expressed pathways, antigen processing and presentation, positive regulation of 319 

immune response, and regulation of leukocyte proliferation were up-regulated while 320 

the carboxylic acid metabolic process, nucleotide metabolic process, and small 321 

molecule biosynthetic process were down-regulated in RCC tumors compared to NATs 322 

(Figure 2C). The upregulated proteins in RCC tumors aligned with earlier studies 323 

highlighting the role of the immune system in cancer progression44,45. On the other hand, 324 

the downregulation of proteins involved in metabolic processes resonated with the work 325 

of Hakimi et al. who demonstrated the reprogramming of metabolic pathways in ccRCC 326 
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tumors and its potential role in promoting tumor growth and survival46. Furthermore, 327 

our results were in line with the study by Clark et al., where they found differential 328 

pathway changes in ccRCC tumors compared to NATs, indicating the profound 329 

molecular alterations that occur during RCC carcinogenesis25. It suggested that despite 330 

the heterogeneity within RCC tumors, there were common protein expression patterns 331 

that can be reliably identified.  332 

Building on these findings, our study utilized an ML approach, including feature 333 

selection and permutation validation, to identify protein signatures in proteomic data 334 

that could differentiate RCC tumors from NATs, as well as distinguish between 335 

different RCC tumor subtypes. Our ML exercise, which employed a Random Forest 336 

classifier with RFECV, identified 55 protein signatures that distinguished RCC tumors 337 

from NATs (Figure 3A). Among these proteins, several had been reported to be related 338 

to RCC. Wang et al. found that Ras GTPase-activating protein-binding protein 1 339 

(G3BP1) was significantly higher in RCC tumors comparing to NATs, and knockdown 340 

of G3BP1 decreased tumor cell growth and metastasis47. Liu et al. reported that reduced 341 

glutathione peroxidase 3 (GPX3) in primary ccRCC due to promoter methylation was 342 

associated with a poor prognosis48. Studies have shown that loss of fructose-1,6-343 

bisphosphatase 1 (FBP1) expression was a hallmark of ccRCC and contributes to the 344 

metabolic reprogramming of cancer cells (known as the Warburg effect)49,50,50,51. 345 

Reduced FBP1 levels are associated with tumor growth and poor prognosis51. In line 346 

with these findings, our study also observed a significant downregulation of FBP1 347 

protein levels in RCCs when compared to NATs (Table S1). This consistent observation 348 
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strengthens the association of FBP1's role in the pathology of RCC. Building on recent 349 

research by Liu et al., which reported an upregulation of PLOD2 under hypoxic 350 

conditions in ccRCC and associated high PLOD2 expression with poor prognosis in 351 

ccRCC patients52. We observed a significant increase in PLOD2 levels in RCCs 352 

compared to NATs (Table S1), thus lending further support to the potential role of 353 

PLOD2 in the pathology of ccRCC. These proteins have been identified through various 354 

studies as having significant roles in the development, progression, or prognosis of 355 

RCC tumors. To be noticed, 28 of the 55 protein signatures identified by the ML model 356 

overlapped with the DEPs (Figure S3E). The primary advantage of the ML approach 357 

lies in its capacity to handle high-dimensional data and consider intricate relationships 358 

between variables. By identifying 55 proteins, ML possibly recognized complex 359 

patterns and interactions among these proteins that may not be evident when 360 

considering each protein individually. This smaller set may be more biologically 361 

relevant, potentially reflecting key pathways or processes intrinsic to RCC pathogenesis. 362 

On the other hand, the Wilcoxon test did not consider potential interactions among 363 

proteins which provided a broad view of the differential proteomic landscape between 364 

RCC and NATs. The overlap of 28 proteins between the two methods provided a subset 365 

of proteins that are both statistically significant and potentially part of the complex 366 

biological interactions relevant to RCC. 367 

The distinction between ccRCC and non-ccRCC tumors underscored the need for 368 

more specific protein signatures that can accurately distinguish between RCC tumor 369 

subtypes (Figure 3A). In response to this challenge, we used a ML approach and 370 

.CC-BY-NC-ND 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted February 17, 2025. ; https://doi.org/10.1101/2025.02.17.638651doi: bioRxiv preprint 

https://doi.org/10.1101/2025.02.17.638651
http://creativecommons.org/licenses/by-nc-nd/4.0/


successfully identified 39 protein signatures that differentiate among RCC tumor 371 

subtypes. These subtypes include ccRCC tumors, Oncocytomas, pRCC tumors, and 372 

other non-ccRCC tumors (Figure 4A). Notably, within these identified protein 373 

signatures, several proteins have already been reported to have associations with either 374 

non-ccRCC or ccRCC, further validating the relevance of our findings. For instance, 375 

the solute carrier family 2, facilitated glucose transporter member 1 (SLC2A1) shows 376 

differential expression in various RCC subtypes, with high expression in ccRCC and 377 

low expression in non-ccRCC subtypes such as pRCC53,54. Additionally, mitochondrial 378 

proteins such as Mitofusin-1 (MFN1), Cytochrome c oxidase subunit NDUFA4 379 

(NDUFA4), and NADH dehydrogenase [ubiquinone] 1 alpha subcomplex subunit 5 380 

(NDUFA5), implicated in mitochondrial dynamics and complex I function respectively, 381 

may be associated with the pathological features of Oncocytomas, characterized by 382 

mitochondrial accumulation55,56. Interestingly, we found that the protein PNPLA6 383 

emerged in both the protein signature set distinguishing RCC tumors from NATs and 384 

the protein signature set differentiating RCC tumor subtypes (Figure S4E). The 385 

expression of PNPLA6 was lower in RCC tumors compared to NATs, and among the 386 

various RCC subtypes, its expression was highest in pRCC compared to other subtypes 387 

(Figure S4F and G). Nonetheless, the ROC-AUC indicated that this protein alone was 388 

not sufficient to effectively distinguish RCC tumors from NATs or among different 389 

RCC tumor subtypes. However, in differentiating RCC tumor subtypes, it showed some 390 

utility in distinguishing pRCC from other subtypes (Figure S4H and I). We propose that 391 

accurately distinguishing among RCC tumor subtypes using a single protein is 392 
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challenging due to the high heterogeneity of RCC tumor subtypes. Conversely, 393 

distinguishing RCC tumors from NATs using a single protein showed relatively better 394 

results, suggesting a certain level of internal similarity within RCC. However, given the 395 

heterogeneity among RCC tumor subtypes, a combination of multiple proteins is likely 396 

required to accurately distinguish RCC tumors from NATs, as well as to differentiate 397 

among the various RCC tumor subtypes. In summary, our ML approach has facilitated 398 

the identification of protein signatures that differentiate among RCC tumor subtypes, 399 

contributing to a refined understanding of RCC pathology.  400 

We noticed the limitation that the number of the Oncocytoma and pRCC samples 401 

in our study cohort was much larger than that of the other subtypes of non-ccRCC 402 

samples such as AML and BHD which had only 1 or 2 samples. This imbalance may 403 

have obscured some unique characteristics of non-ccRCC tumors. Future studies could 404 

benefit from expanding the non-ccRCC sample size to provide a more balanced 405 

comparison. The identified protein signatures could contribute to personalized 406 

treatment strategies. However, further validation studies are needed to confirm the 407 

predictive value of these signatures. 408 

In conclusion, we developed a sample selection approach to balance the sample 409 

number between ccRCC tumors and non-ccRCC tumors and considered a variety of 410 

factors to choose representative samples. We used ML to find protein signatures that 411 

could differentiate RCC tumors from NATs and differentiate between various RCC 412 

tumor subtypes. The similarities and differences between the different RCC tumor 413 

subtypes were emphasized by these protein signatures. Ultimately, this study offered a 414 
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comprehensive DIA-based proteomics data source for RCC, which is a helpful resource 415 

for further research.  416 
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Experimental Model and Subject Details 417 

MS sample processing and data Collection 418 

    In this study, we performed proteomics profiling of 48 non-ccRCC tumors24–26 and 419 

213 ccRCC tumors24,26. The mutation sites data was available for 261 tumor samples24–420 

26. The 48 non-ccRCC samples had been described previously26. There are 2 ccRCC 421 

tumor samples with labeled C3L-00908-T-1 and C3L-00908-T-2, which were from 422 

different aliquots of the same case ID C3L-00908-T. In the subsequent data analysis, 423 

C3L-00908-T-1 was used and C3L-00908-T-2 was removed. 424 

Sample processing for protein extraction and tryptic digestion 425 

    All samples for the current study were prospectively collected as described above 426 

and processed for MS analysis, tissue lysis and downstream sample preparation for 427 

proteomic analysis were carried out as previously described24–26.  428 

EvoSep-timsTOF for proteomic analysis 429 

    All the LC-MS/MS data were acquired via EvoSep coupled with timsTOF HT 430 

(Bruker) in data-independent acquisition mode. The methods for acquiring proteomics 431 

were described previously57. 432 

MS data analysis 433 

    The spectral library was created using Spectronaut® 18.4 (Biognosys AG) by 434 

merging all search archives from both RCC and NAT samples. The mass tolerance of 435 

MS and MS/MS was dynamically set with a correction factor of one in the search 436 

settings. All raw files were matched against a unified Homo sapiens GENCODE42 437 

protein sequence database, which had an equal number of decoy sequences appended. 438 
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We applied a Q value cutoff of 0.01 for precursor filtering, corresponding to an FDR of 439 

1%. A fixed modification was set for Carbamidomethyl (C) while Acetyl (Protein N-440 

term) and Oxidation (M) were determined as variable modifications. The peptide 441 

quantification was derived from the sum of the quantities of its top 3 precursors. 442 

Meanwhile, precursor quantity was calculated by taking the total area of its top 3 443 

fragment ions at the MS/MS level. The data was normalized by being divided by the 444 

median of each sample. Differential analysis was carried out by calculating the mean 445 

log2 fold changes between RCC tumors vs. paired NATs, ccRCC tumors vs. paired 446 

NATs, non-ccRCC tumors vs. paired NATs, selected RCC tumors vs. paired NATs. A 447 

Wilcoxon Rank Sum Test was performed on each protein to compare the median 448 

expression levels between two independent groups. Proteins with an adjusted p-value 449 

below a Bonferroni-corrected threshold were considered significantly different. 450 

Alongside the statistical test, log2 fold changes were calculated to determine the 451 

direction and magnitude of expression differences, classifying proteins as 452 

"Upregulated" or "Downregulated". 453 

Functional enrichment analysis  454 

    Ontology enrichment analysis of the DEPs was conducted using the metascape58 455 

available at https://metascape.org with default settings. Supplementary Table 2 includes 456 

the list of significantly enriched pathway terms59,60 and associated proteins. The gene 457 

ontologies were considered for biological processes. 458 

Machine learning model construction 459 

    Three steps, from feature selection and feature significance validation to model 460 
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performance evaluation, were included in the ML framework for this study. An RCC 461 

protein matrix was utilized as the input, with each row representing a protein and each 462 

column representing an RCC sample involved in the task. To select protein signatures 463 

that distinguish RCC samples, a random forest (RF) classifier with Recursive Feature 464 

Elimination and 5-fold Cross-Validation (RFECV) was applied. RFECV is a method 465 

for feature selection that iteratively fits a model and removes the least important 466 

features based on their impact on model performance, with each iteration validated 467 

through 5-fold cross-validation. It helps in determining the smallest number of features 468 

that yield the maximum predictive power, which is crucial for model simplicity and 469 

interpretability. Initially, 5-fold cross-validation was defined using 470 

sklearn.model_selection.StratifiedKFold. Then RFECV was executed using 471 

sklearn.feature_selection.RFECV, employing RF with sklearn.ensembl.Random 472 

ForestClassifer as the classifier with default parameters. After feature selection, a 473 

permutation test was conducted to validate the significance of selected features. This 474 

involved randomly shuffling the labels while maintaining their original proportions and 475 

then re-training the model with these permuted labels using the same set of features 476 

initially selected. The model's performance was then evaluated using the ROC-AUC 477 

metric. A comparison of the ROC-AUC scores between the model trained with original 478 

labels and the model trained with permuted labels showed that the original labels 479 

yielded significantly higher scores. This confirmed that the selected features possess 480 

predictive value and are not capturing patterns due to random chance, thus validating 481 

their importance in accurate classification. 482 
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Data availability 483 

    The datasets during and/or analyzed during the current study are available from 484 

the corresponding author on reasonable request.  485 
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B

Figure 1

C

A. Uniform manifold approximation and projection analysis of the RCC tumors and paired NATs.
B. Differential analysis between RCC tumors vs paired NATs (left), ccRCC tumors vs paired NATs 
(middle), and non-ccRCC tumors vs paired NATs (right). Significantly altered proteins were defined 
as > 2-fold changes with a Bonferroni adjusted p < 0.05.
C. Analysis of significantly differentially regulated pathways (adjusted p < 0.05) between RCC 
tumors vs paired NATs (left), ccRCC tumors vs paired NATs (middle), and non-ccRCC tumors vs 
paired NATs (right). Red bars indicated pathways that were upregulated in tumors, and blue bars 
indicate pathways that were downregulated in tumors.
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Figure 2
A

B C

A. The clinical phenotypes profiling of proteomic data of the selected 53 ccRCC tumors. 
B. Differential analysis between the selected RCC tumors vs paired NATs. Significantly altered 
proteins were defined as > 2-fold changes with a Bonferroni adjusted p < 0.05.
C. Analysis of significantly differentially regulated pathways (adjusted p < 0.05) between the 
selected RCC tumors vs NATs. Red bars indicated pathways that were upregulated in tumor 
tissues, and blue bars indicated pathways that were downregulated in tumor tissues.
D. Venn diagram for the sample ID overlap between 3 times sample selections.
E. Venn diagram for the DEPs overlap between 3 times sample selections.
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Figure 3

A. Heatmap representation of the protein signatures for the RCC tumors. 
B. The receiver operating graph of the protein signatures selected by the Random Forest classifier 
on the selected RCC tumors and NATs hold-out test dataset with (right) or without permutation 
(left). The area under the curve (AUC) was calculated.
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Figure 4

A. Heatmap representation of the protein signatures for the RCC tumor subtypes (ccRCC tumors, 
oncocytomas, PRCC tumors, and other non-ccRCC tumors). 
B. The receiver operating graph of the protein signatures selected by the classifier Random Forest 
on the selected ccRCC tumors, oncocytoma, PRCC tumors, and other non-ccRCC tumors hold-out 
test dataset with (right) or without permutation (left). The AUC was calculated.
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Figure S1

A. The clinical phenotypes profiling of the RCC tumors. 
B. Correlation analysis of 20 NCI-7 QC samples (left) and 20 pool samples (right) respectively as 
MS quality control to evaluate the robustness of label-free quantification. The average correlation 
coefficient among the samples was 0.99. 
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Figure S2

C

A. The mutation sites of the selected ccRCC tumors. 
B. The NMF, methylation, immune, histological subtypes of the selected ccRCC tumors.
C. The number of ccRCC tumor patients in each grade, stage, and gender in the selected ccRCC 
samples (left) and in the entire ccRCC samples (right).
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Figure S3

A

A-C. The receiver operating graph of the top 3 proteins in the protein signature list for the RCC 
tumors on the selected RCC tumors and NATs dataset. The AUC was calculated.
D. The receiver operating graph of the protein signatures for the RCC tumors on the entire RCC 
tumors and NATs dataset. The AUC was calculated.
E. Venn diagram for the protein signatures and the DEPs.
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Figure S4
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A-C. The receiver operating graph of the top 3 proteins in the protein signature list for the RCC 
tumor subtypes on the selected RCC tumors and NATs dataset. The AUC was calculated.
D. The receiver operating graph of the protein signatures for the RCC tumor subtypes (ccRCC 
tumors, oncocytomas, PRCC tumors, and other non-ccRCC tumors) on the entire RCC tumors and 
NATs dataset. The AUC was calculated.
E. Venn diagram for the protein signatures for RCC tumors and the protein signatures for RCC 
tumor subtypes.
F. Bar plot of the relative protein level of PNPLA6 between the RCC tumors and NATs in the 
selected RCC tumor dataset.
G. Bar plot of the relative protein level of PNPLA6 between the RCC subtypes in the selected RCC 
tumor dataset without the NATs.
H. The receiver operating graph of PNPLA6 for the RCC tumors on the selected RCC tumor 
dataset. The AUC was calculated.
I. The receiver operating graph of PNPLA6 for the RCC tumor subtypes on the selected RCC tumor 
dataset without the NATs. The AUC was calculated.
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