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Background: Clear cell renal cell carcinoma (ccRCC), the predominant subtype of RCC, is distinguished by unique biological
characteristics and heterogeneity, including eosinophilic and clear subtypes. Notwithstanding progress in therapy, immune checkpoint
inhibitors (ICIs), and tyrosine kinase inhibitors (TKIs), the prognosis for individuals with metastatic ccRCC remains poor, presumably
owing to metabolic alterations leading to mitochondrial dysfunction, which affects treatment response variability.

Methods: We analyzed histological and immunohistochemical data from a cohort at Dalian Medical University’s First Affiliated
Hospital alongside RNA-sequencing transcriptome data from the TCGA database. Histologically, eosinophilic and clear ccRCC
subtypes were evaluated using Kaplan-Meier and Cox proportional hazards models for survival analysis and prognosis. Differential
gene expression (DEG) analysis and Gene Set Enrichment Analysis were performed to explore transcriptomic differences and relevant
pathways.

Results: The study discovered substantial histological and molecular differences between the eosinophilic and clear cell subtypes of
ccRCC. The eosinophilic subtype linked with frequent high-grade tumors (69.05% eosinophil vs 35.35% clear) and a poorer prognosis
(HR=2.659, 95% CI:1.437-4.919, P=0.002). DEG analysis revealed distinct expression patterns among subtypes and identified a risk
score signature that remained significant even after adjusting for clinical variables (HR=3.967, 95% CI: 1.665-9.449, P=0.002),
showing less favorable survival in the high-risk group (P < 0.0001). RRM2 emerged as the most prognostic gene from this risk score,
particularly in the eosinophilic subtype, alongside other clinical variables. By IHC, RRM2 shows high IHC score in eosinophilic
compared to clear subtype (P=0.019). In addition, highly expressed RRM2 correlates with poor outcomes and is linked to mitochon-
drial genes, immunological pathways, and ICIs treatment.

Conclusion: These findings show significant differences in prognosis between subtypes. RRM2 was the most prognostic gene from
the discovered novel risk score signature associated with subtypes. Future research is essential to validate these insights and their
therapeutic implications for ccRCC management.

Keywords: clear cell renal cell carcinoma subtypes, metabolic reprogramming. mitochondria, tumor microenvironment, RRM2,

immune checkpoint inhibitors

Introduction

Renal cell carcinoma (RCC) is one of the ten most often diagnosed malignancies worldwide.'* Clear cell renal cell
carcinoma (ccRCC) is the most prevalent histological subtype of RCC, accounting for approximately 75% of all RCC
cases.> Although surgical resection is a potential therapy option for early-stage localized ccRCC, over 30% of
individuals with localized diseases may ultimately develop metastasis.” Metastatic ccRCC patients still have a poor
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prognosis, with 5 year survival rate of 12%.> Current standard treatments for advanced and metastatic ccRCC include
molecular targeted therapies, including immune checkpoint inhibitors (ICIs) and tyrosine kinase inhibitors (TKIs).**7
Nonetheless, these treatments often face challenges due to generally inadequate responsiveness, leading to resistance to
the drugs and progressive disease for many patients because of varied individual responses to therapy.® Therefore,
identifying high-risk patients and choosing the most suitable targeted treatments is becoming increasingly challenging.

The alteration of metabolic processes carried out by cancer cells in reaction to stress has been acknowledged as
a necessity for the malignant advancement of cancer. Studies have demonstrated that inhibiting this reprogramming can
decrease cancer spread to other body parts.”'® Researchers have shown that as cancer progresses, tumors undergo
changes in their metabolic properties and tendencies, thereby accelerating tumor metastasis.'' The change from oxidative
phosphorylation to glycolysis in tumor cells, known as the Warburg effect, enhances their ability to invade and spread to
other body parts by boosting epithelial-mesenchymal transition and angiogenesis.”'*'* Prior works have established that
ccRCC is a metabolic disorder.'*'> The cholesterogenic profile may provide a survival advantage by indirectly increasing
pyruvate transport into the mitochondria and decreasing the generation of lactate, a recognized factor in promoting tumor
development.'® Mitochondria play a crucial role in producing energy, regulating cell metabolism, facilitating cell
signaling, linked to the genesis and progression of cancer.'”'® Cancer cells frequently exhibit mutations in mtDNA to
facilitate the reconfiguration of energy production and the manufacture of biological molecules. In addition, mitophagy,
which refers to the targeted elimination of dysfunctional mitochondria, is receiving increasing recognition for its
involvement in cancer biology.'”** Understanding these intricate processes sheds light on potential therapeutic targets
and the development of innovative treatment strategies.

The ccRCC often exhibits many histological characteristics, including cytoplasm loaded with glycogen, eosinophilic
cytoplasm, a delicate vascular network, and increased thick vascular structures.”> A new study has shown that regions
with eosinophilic characteristics, characterized by granular, eosinophilic cytoplasm, had lower levels of blood vessels but
included a high number of immune cells compared to areas with clear subtype. Currently, these areas are not regarded as
distinct subtypes.**** In contrast to the clear subtype, the eosinophilic subtype is clinically important because of its
connection with elevated nuclear grade and advanced stage, resulting in a worse prognosis and resistance to current
therapy.”?’ Furthermore, no research has comprehensively investigated the fundamental mechanics of this variation.
This renders it a particularly significant area for study, as comprehending its unique attributes may result in more
efficacious treatment techniques for individuals presenting this particular form of illness.

The focus on the eosinophilic subtype of ccRCC stems from the need to understand better the pathways driving its
aggressiveness and treatment resistance. While advances in transcriptomics and genetics have expanded our under-
standing, clinical decisions still rely heavily on histological analysis due to its accessibility and cost-effectiveness.”®*
Using RNA-sequencing data from the TCGA and advanced histological image processing, we employed machine-
learning models to distinguish eosinophilic from clear cell subtypes of ccRCC. We assessed survival differences, clinical
correlations, key pathways involved in ccRCC progression, and therapeutic predictions, validating these findings through
lab work on hospital ccRCC cases. This comprehensive approach enhances our understanding of patient outcomes and
paves the way for novel therapeutic targets for this aggressive cancer subtype.

Materials and Method

Patients’ Cohort and Histology Evaluation

The Cancer Genome Atlas (TCGA) Cohort

The TCGA was employed to access tumor RNA-sequencing gene expression data and histological slides of Kidney Renal Clear
Cell Carcinoma (KIRC) from the National Cancer Institute Genomic Data Commons (GDC) database (https://gdc.cancer.gov).

Image Preprocessing

The image preprocessing steps was to ensure that only relevant and high-quality data were included for analysis,
reducing noise and improving the model’s performance. By utilizing the openslide library, Whole Slide Images
(WSIs) were sliced into 256x256 pixel patches at 10x magnification without overlap to maintain uniform resolution
and capture granular histological details. Patches predominantly showing the background (determined by RGB values
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below 220) were discarded to exclude irrelevant areas and ensure focus on the tissue regions of interest. Color
normalization was performed using Macenko’s method®°, chosen for its ability to standardize color variations across
different slides, which is critical for consistent image analysis. An InceptionV3 model®', identified and excluded patches
with abnormal staining, that refining the dataset and enhancing the accuracy of downstream analyses. This process
resulted in 1,605,541 patches, with each WSI yielding between 133 and 8625 patches (Figure 1), enabling more robust
statistical analysis.

Dataset Training, Tumor Detection, and ccRCC Classifications
The patches were labeled by uro-pathologists for tumor and mesenchymal dichotomies, resulting in a dataset distribution
of 3422 tumor patches and 3077 mesenchymal patches. The dataset was split into training, validation, and testing sets (in
a 7:1:2 ratio), and five rounds of training were conducted using the InceptionV3 model. The best-performing model was
selected for predictions, which generated 1,030,119 tumor patches. Model performance was evaluated using accuracy,
area under the curve (AUC), recall, and precision metrics, focusing on patches with high prediction confidence. The
number of tumor patches predicted per WSI ranged from 71 to 7963.

The eosinophilic and clear ccRCC subtypes were classified using the same methodology, yielding a dataset of 1828
clear patches and 865 eosinophilic patches (Supplementary Figure 1). Patches with predicted probabilities greater than

0.7 for clear or eosinophilic subtypes were included to ensure high confidence in classification outcomes.

Transfer learning was implemented to overcome the challenges of limited labeled medical imagery and enhance
classification accuracy. Pre-trained weights from the ImageNet dataset were leveraged to optimize the InceptionV3
model’s final classification layer for this specific medical imaging task. This approach was selected for its efficiency in
improving model performance without retraining the model from scratch. InceptionV3 was chosen due to its robust
architecture and effectiveness in pathological image analysis®' (Figure 1 and Supplementary Figure 1). Two independent

urological pathologists (YD, CQ) verified the classification results for the eosinophilic and clear ccRCC subtypes.

Hospital Cohort
Hematoxylin and Eosin Staining and ccRCC Subtypes Classification
This research was conducted in strict adherence to the pertinent ethical guidelines outlined in the Helsinki Declaration,
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Figure 1 Workflow for identifying ccRCC subtypes using WSI and deep learning. (A) WSI were segmented into 256%256 pixel tiles, with background and low-information
tiles filtered out to focus on relevant tissue areas. (B) Comparison of tiles before and after color normalization. (C) Tumor detection was performed using CNN trained to
distinguish tumor tissue from stroma at the tile level. (D) Subtype classification model trained on tumor-containing tiles to differentiate between the clear and eosinophilic
subtypes of ccRCC. (E) Patient-level subtype prediction and case-level analysis by aggregating tile classifications, producing comprehensive subtype heatmaps. (F)
Distribution of the number of tiles generated per WS, illustrating the variability in tissue content across different cases.
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having secured the necessary approvals from the First Affiliated Hospital of Dalian Medical University with an approval
NO (PJ-KS-KY-2023-353), with informed consent provided by all participants. Tissue specimens were obtained from
nephrectomy procedures executed within our institution in China. A systematic approach to tumor sampling was
employed, and each specimen underwent fixation in formalin to facilitate histological and immunohistochemical
analyses. Tissue specimens, previously fixed in formalin and embedded in paraffin, were sectioned into 4-pm-thick
slices and subjected to hematoxylin and eosin (H&E) staining following established protocols. In the case of all
examined cohorts, slides stained with H&E representing entire tissue sections were subjected to a thorough re-
assessment by a urological pathologist (YD), who conducted the evaluation without prior knowledge of the clinical
outcomes. This process confirmed that all tumors were histologically classified as ccRCC. The histological examination
extended to features such as the World Health Organization/International Society of Urological Pathology (WHO/ISUP)
grade and the pathological stage (according to the 2018 TNM classification), alongside the histological phenotypes,
which were characterized based on the appearance of the tumor cells, either as clear (cells exhibiting clear or pale
cytoplasm) or eosinophilic (cells with eosinophilic cytoplasm), particularly in the regions exhibiting the highest tumor
grade.”>>? For the purpose of evaluating interobserver variability, another urology pathologist (CQ) conducted an
independent review of H&E-stained slides, focusing on the WHO/ISUP grade and histological phenotype.

Immunohistochemical Analysis

The samples were fixed overnight in 4% paraformaldehyde solution to prepare for paraffin embedding. Subsequent steps
involved deparaffinization sections with xylene, followed by a graded alcohol rehydration process. Antigen retrieval was
performed using Tris-EDTA buffer (pH 9.0), after which endogenous peroxidase activity was quenched by treating the
slides with a 3% solution of an endogenous catalase inhibitor.

TOM20 and anti-human anti-mitochondria are well-established biomarkers for mitochondria in the literature.>*
The rabbit anti-human TOM20 primary antibody (Bioworld Technology, Inc.BS9924M) was used at a dilution of 1:100,
rabbit RRM2 polyclonal primary antibody(Bioworld Technology, Inc.BS7520.) was used at a dilution of 1:200, and
mouse Anti-human anti-Mitochondria primary antibody (Abcam.ab92824) used at a dilution of 1:1000 overnight at 4°C.
The following day, sections were incubated with an enzyme-conjugated goat anti-rabbit/mouse IgG polymer, and the
signal was developed using Diaminobenzidine (DAB). The staining process concluded with counterstaining with
hematoxylin, subsequent dehydration through a graded series of alcohols, and examination under a microscope.
Protein expression levels were compared between two ¢ccRCC subtypes using the IHC score. IHC staining was blindly
scored as low or high based on the positive cell proportion and staining intensity, rated on a scale of 0-12, with the
positive cell proportion graded as 0 (<5%), 1 (<25%), 2 (<50%), 3 (<75%), and 4 (>75%), and the staining intensity
graded as 0 (negative), 1 (faint), 2 (intermediate), and 3 (strong).

Statistical Analysis

Survival Analysis was conducted utilizing the “survival” and “survminer” packages within the R programming environ-
ment, employing Kaplan-Meier (KM) estimates alongside the Log rank test to evaluate differences in survival rates. To
compare two or more groups, the 2 test was used for categorical variables, one-way analysis of variance for parametric
variables, and the Mann—Whitney U-test or Kruskal-Wallis test for non-parametric variables. The Spearman’s rank
correlation test was used to assess the correlations between the two variables. Independent non-parametric test was
applied for numerical data with Differential expression analysis of genes between the groups was carried out, with
a significance threshold set at a FDR-value < 0.02, utilizing the “heatmap” package in R. Furthermore, a univariate and
multivariate Cox proportional hazards model was applied to identify significant predictors of survival, with a stringent
significance level set at a p-value < 0.05, using the respective package in the R software. Receiver operating character-
istic (ROC) with the area under curve (AUC) was applied to check for prediction accuracy. For all statistical analyses,
two two-tailed p-value < 0.05 indicated statistical significance and a limit of <0.0001. These analyses were performed

using version 4.1.3 of the R programming software and Graph Prism version 8.

8120 e Journal of Inflammation Research 2024:17

Dove!


https://www.dovepress.com
https://www.dovepress.com

Dove Zhu et al

Results
TCGA Clinicopathological Analysis of ccRCC Histology Phenotypes

A cohort of 141 ccRCC patients was identified to meet our classification criteria. This included 42 cases classified as the
eosinophilic subtype and 99 as the clear subtype. The clear subtype was more prevalent in early-stage (70.7%) and low-
grade (64.6%) tumors, while the eosinophilic subtype was predominantly found in advanced-stage cases, accounting for
54.5% of the group and in high-grade tumors, constituting 69% of its cases. Additionally, a notable proportion of the
eosinophilic group consisted of younger patients (59%). Significant differences in tumor grade between the two subtypes
were observed (P<0.0001). Detailed clinicopathological characteristics are provided in Table 1.

To evaluate the prognostic relevance of subtype classification in ccRCC, a logistic regression analysis was performed
based on various clinicopathological characteristics. The results indicated that tumor grade could be significantly
predicted with an odds ratio of 4 (95% CI:1.88-8.8, P< 0.0001). The tumor stage also showed a marginally significant
prediction with an odds ratio of 1.99(95% CI:0.9—4.2, P= 0.07). However, we found no significant predictive value for
patient demographics such as age and gender (Supplementary Table 1).

Survival analyses were performed using the KM method, and a statistically significant correlation between the
eosinophilic subtype and poorer prognosis compared to the clear subtype (P<0.05) Figure 2A. Additionally, multivariate
Cox regression analysis, adjusted for other clinicopathological variables, affirmed the eosinophilic subtype as an
independent predictor of adverse outcomes (HR=2.659, 95% CI:1.43—4.9, P = 0.002) Figure 2B.

Gene Expression and Pathway Analysis of Eosinophil vs Clear Subtypes of ccRCC
Using the limma package, we identified 3756 DEGs between 99 clear and 42 eosinophilic ccRCC samples, achieving
significance at an FDR < 0.02 (Figure 2C and Supplementary Figure 2A). To probe the molecular mechanisms potentially

governing the histological differences in ccRCC, we conducted a gene set enrichment analysis (GSEA), specifically
targeting KEGG and GO pathways based on these DEGs. The analysis revealed significant enrichment of pathways
associated with cellular organelles, notably mitochondria, Golgi apparatus, and peroxisomes, as well as cell cycle
processes in the eosinophilic subtype. Additionally, the clear subtype was significantly enriched in metabolic pathways

(Figure 2D, Supplementary Figure 2B and C). Our findings are in line with previous literature linking eosinophilic
22,24,36,37

ccRCC to a higher abundance of cellular organelles like mitochondria and implicating metabolic pathways,
particularly those related to fatty and glycerolipid metabolism, in the clear subtype.

Subsequently, we used the Venny website (https://csbg.cnb.csic.es/BioinfoGP/venny.html) to match our DEGs

resultant genes with the ssSGSEA metabolic gene set and mitochondrial genes sourced from MitoCarta and
MitoMiner,”®*’ yielding 299 genes in common (Supplementary Figure 2D). We then performed a univariate Cox

regression analysis on these 299 genes, which identified 42 genes with prognostic significance value (P<0.001), as
shown in (Supplementary Table 2). To further refine our analysis, we conducted a multivariate Cox hazard regression

Table | Clinicopathological Variables of Clear Cell Renal Cell
Carcinoma (ccRCC) Subtypes: Clear vs Eosinophilic in the TCGA

Cohort
Variables Clear Group Eosinophil Group | P-Value
(N=99) (N=42)

Age <65 67(67.68%) 25(59.52%) 0.4615
265 32(32.32%) 17(40.48%)

Gender | Female | 58(58.59%) 24(57.14%) I
Male 41(41.41%) 18(42.86%)

Grade | Low 64(64.65%) 13(30.95%) <0.0001
High 35(35.35%) 29(69.05%)

Stage L 70(70.71%) 23(54.76%) 0.1025
i, v 29(29.29%) 19(45.24%)

Notes: Pearson chi-square test.
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Figure 2 Survival and molecular profiling of ccRCC subtypes. (A) Kaplan-Meier survival curves comparing overall survival between ccRCC subtypes (B) Multivariate cox
regression analysis with adjusted clinical variables demonstrated eosinophilic subtype showing a higher hazard ratio for death than clear subtype (HR=2.659, 95%
Cl:1.43-4.9, P=0.002). (C) Heatmap displaying DEGs between eosinophilic and clear cell ccRCC subtypes, with clustering and associated clinical annotations. (D)
Heatmap illustrating differences in mitochondrial and metabolic pathway activity between eosinophilic and clear cell subtypes.

analysis revealed 12 genes with the most substantial prognostic significance (GALC, CPT2, CUBN, RRM2, ACAD11,
MLYCD, SLC10A2, AMDHDI1, HAO2, PECR, ARSB, and DMGDH) with P < 0.05 (Figure 3A). RRM2, ACADII,
HAO2, and DMGDH were associated with unfavorable prognoses in ccRCC. The predictive capability of the risk score
was further evaluated through survival analysis, where significant differences in survival rates between high-risk and
low-risk groups were observed. The high-risk group demonstrated markedly higher mortality rates (P< 0.001), as shown
in Figure 3B and C. Additionally, the risk score’s predictive accuracy was validated using a receiver operating
characteristic ROC curve analysis, which indicated robust predictive performance with AUC at one year(86%), two
years(83%), and three years (85%) Figure 3D.

To elucidate the risk score’s strength as an independent prognostic factor, we conducted a univariate analysis on
clinical factors, including ccRCC subtype grouping. Subsequently, significant variables identified in the univariate
analysis were utilized to do a multivariate Cox regression analysis. Interestingly, the risk score (HR=3.96, 95%
CI:1.66-9.4, P=0.002) remains an independent predictive variable. Grouping also shows significant prediction with
(HR=1.87, 95% CI:0.99-3.50, P=0.05). While grading showed significance in the univariate analysis alone, the staging
was significant in both univariate and multivariate contexts(HR=2.4, 95% CI:1.16-5, P=0.018) Figure 4A. Additionally,
a non-parametric independent test demonstrated significant differences between the risk score and clinical characteristics,
including grouping, grade, and stage (P < 0.05). Patients with elevated risk scores, mostly related to the eosinophilic
subgroup, had higher tumor grades and were at more advanced stages Figure 4B-D.

The subsequent investigation revolved around the precise genetic attributes of individual genes and their implications
for survival, clinical outcomes, prognostic value, and the regulatory impact observed in variations among ccRCC
subtypes. It was noteworthy that RRM2, a gene recognized as a hub gene belonging to the nucleotide pathway, exhibited
significant enrichment among the eosinophilic ccRCC subtype (Figure 2D, Supplementary Figure 2B and C).
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Figure 3 Multivariate analysis and survival outcomes based on risk scores in ccRCC subtypes. (A) Multivariate cox regression analysis identifying significant prognostic risk
score genes. (B) Kaplan-Meier survival analysis comparing overall survival between high-risk and low-risk patient groups based on risk scores derived from the multivariate
cox model. The high-risk group shows significantly reduced survival compared to the low-risk group (P<0.0001). (C) Scatter plot illustrating the distribution of survival
status in relation to increasing risk score. (D) Receiver operating characteristic (ROC) curves for risk score-based prognostic prediction at |, 2, and 3 years. (* P< 0.05, **
P < 0.01, ¥* P < 0.001).

Analyzing RRM2 expression on survival impact using KM of the whole ccRCC cohort shows poor survival in the
high expression group compared to the low expression group (P<0.0001), and it is high expression linked with an
advanced stage, as well as high-grade (P<0.05) (Supplementary Figure 3A—C). Furthermore, the cohort comprising

ccRCC subtypes (eosinophil and clear) also exhibited a diminished survival rate in the group with elevated RRM2
expression by using the KM test (P<0.05) Figures SA. Finally, non-parametric independent test results show high RRM2
gene expression significantly correlates with the eosinophilic group (P=0.002), high-grade (P< 0.0001), and advanced
stage (P=0.006) compared to low expression group (Figures 5B-D). Furthermore, Figure 5E shows protein-protein
interactions between RRM2 and mitochondrial genes. Therefore, in the next section, we will focus on RRM2 due to its
clinical value and its participation in nucleotide metabolism, cell cycle, and DNA repair.

The Influence of RRM2 on Mitochondria and Response to ICls in Eosinophilic ccRCC
Subtype

To investigate the role of RRM2 within the context of ccRCC subtypes, particularly given its association with
mitochondrial abundance, its contribution to DNA replication and repair, and its influence on the current treatment
modalities as documented in prior studies.***° Initially, we classified RRM2 expression in ccRCC patients into high
versus low levels. Such stratification enabled the use of GSEA to assess KEGG and GO pathways, illuminating RRM2’s
involvement in DNA repair, metabolism, and the cell cycle, among other processes, as evidenced by Supplementary
Figure 4 and Supplementary Table 3. A notable finding was the identification of 66 mitochondrial genes closely
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Figure 4 Risk score and clinical variables analysis (A) Multivariate cox regression analysis for risk score adjusted with clinical variables. (B=D) Independent non-parametric
analyses (Mann—Whitney U-test) assessing the association between risk score and categorical clinical variables with significant values (P<0.0001); ccRCC subtype (B), tumor
grade (C), and tumor stage (D).

correlated with RRM2 expression in ccRCC patients, which predominantly exhibited a significant positive correlation (P
<0.05) (Table 2).

The IMmotion gene signature and ClearCode34 gene signature, both well-established in previous literature*”*® for
predicting treatment responses to ICIs and TKIs in ccRCC, were quantified, with the IMmotion signature focusing on
angiogenesis, immune response, antigen presentation, and myeloid inflammation, and ClearCode34 on hypoxia, cell
cycle, glucose metabolism, and EMT. Additionally, well-known ccRCC molecular subtypes, including clear cell B (ccB),
an aggressive subtype associated with poor survival, and clear cell A (ccA), a less aggressive subtype linked to improved
survival,”>*’ have been employed alongside other pathways. Our findings indicate that ccB, cell cycle activities, DNA
replication, and immune-related pathways, were significantly high in the eosinophilic ccRCC group, whereas ccA,
NOTCH, RAS, and angiogenesis pathways were enriched in clear ccRCC group (Figure 6A). This suggests that patients
with the clear ccRCC group might sufficiently respond to TKIs, whereas those with an eosinophilic subtype could benefit
more from ICIs. Further analysis was performed to discern the potential role of RRM2 in ccRCC therapy by correlating
its expression with above mentioned pathways. Results demonstrated a positive association of RRM2 with the
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Figure 5 Analysis of RRM2 expression in ccRCC subtypes. (A) Kaplan-Meier survival analysis comparing overall survival between patients with high versus low RRM2
expression in the ccRCC cohort. High RRM2 expression is associated with significantly worse survival outcomes (P<0.05). (B-D) Box plots showing differential expression
of RRM2 across various clinical categories. (B) Comparison of RRM2 expression between ccRCC subtypes with higher expression in the eosinophilic subtype (P=0.002). (C)
RRM2 expression in relation to tumor grade shows elevated levels in high-grade tumors (P<0.0001). (D) RRM2 expression in early-stage (I/Il) versus advanced-stage (lIl/IV)
tumors, with significantly higher levels in advanced stages (P=0.006). (E) Protein-protein interaction network analysis of RRM2, highlighting its interactions with
mitochondrial-related proteins, indicating potential involvement in mitochondrial regulation in ccRCC.
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Table 2 Correlation Between RRM2 and Mitochondrial Genes in ccRCC Subtypes (Eosinophilic vs
Clear) Using Spearman’s Rank Correlation Analysis

Mitochondrial RRM2 Rho P Value Mitochondrial RRM2 Rho P Value
Genes Correlation Genes Correlation

CDC25C 0.864%+* 3.29461E-43 PUSI 0.409*+* 4.7106E-07
PMAIPI 0.653** 1.58628E-18 ETHEI 0.406** 5.72184E-07
PYCRI 0.650%* 2.61566E-18 PGAMS 0.405%* 6.10376E-07
APEX2 0.637%* 1.99956E-17 FLADI 0.398** 1.05309E-06
RAN 0.622%* 1.9565E-16 TXNRDI 0.396** 1.17279E-06
SLC25A23 —0.618-** 3.37076E-16 TRIAPI 0.384** 2.6569E-06
PIFI 0.616%* 4.22545E-16 SNRPG 0.382%* 2.87623E-06
RECQL4 0.615% 5.15704E-16 GLRX2 0.372%* 5.67445E-06
CPOX 0.596** 6.36686E-15 CcoQ2 0.371%* 5.82804E-06
HSDI17B8 —0.589-#* 1.54103E-14 RNASEH| 0.371%* 5.87061E-06
ALDHI8AI 0.577* 7.30528E-14 PDZDI | 0.371%* 5.99931E-06
MTHFD2 0.575% 8.70278E-14 NUDT5 0.370%* 6.40169E-06
BID 0.570%** 1.6328E-13 GLRX3 0.365%* 8.59097E-06
PSMAS 0.554* 1.04175E-12 DGUOK 0.359** 1.22785E-05
DTYMK 0.532%* 1.12758E-1 | ACACA 0.355%* 1.57852E-05
YARS2 0.526** 2.02787E-11 GPNI 0.353** 1.71899E-05
PSMAI 0.514* 6.85063E-11 DNA2 0.353%* 1.74751E-05
SLC25A22 0.506** 1.61343E-10 LAP3 0.350%* 2.03688E-05
NMEI 0.496** 3.94095E-10 FKBPI10 0.346** 2.61092E-05
DAP3 0.488** 8.33333E-10 TXNDCI2 0.323%* 9.48481E-05
PSMA7 0.484** 1.18542E-09 CDK5RAPI 0.318%* 0.000119915
SLC25A19 0.476%+* 2.34028E-09 TOMM34 0.317%* 0.00012596
CASP3 0.473*+* 3.21432E-09 RPL26LI 0.308** 0.00020175
BAKI 0.468%* 4.9977E-09 MRPLS51 0.306** 0.00022818
NUP37 0.466%* 5.78226E-09 HSPBI | 0.297** 0.000351836
MCTSI 0.465%* 6.47853E-09 TOMM40 0.294** 0.00039989
P4HB 0.459*+* 1.02172E-08 SNDI 0.294** 0.00040235
CKLF 0.436%* 6.5335E-08 ALDHIL2 0.290** 0.000492276
FAMI36A 0.435%* 6.99852E-08 ELAC2 0.287** 0.000562592
MTHFDIL 0.429** 1.13943E-07 METTLS 0.273%* 0.001039343
HTATIP2 0.427** 1.33632E-07 ATAD3A 0.229%* 0.006308095
PAICS 0.420%* 2.22128E-07 CIQBP 0.216* 0.010249607
POLR2G 0.416%* 2.90734E-07 VBPI 0.181* 0.031916035

Notes: *P<0.05, **P<0.01.

eosinophilic group, thereby indicating its strong prognostic value for immunotherapy, albeit with a noted resistance to
TKIs-related pathways (Figure 6B).

To predict the efficacy of ICIs therapies, we utilized the Immunophenoscore (IPS) from the Cancer Immunome Atlas
(https://tcia.at/home), which integrates data on the expression of major histocompatibility complex (MHC) molecules,

immunomodulatory factors, effector cells (ECs), and suppressor cells (SCs) into a comprehensive score. This score is
subdivided into four categories: ips_ctla4 pos pdl pos, ips_ctla4 pos pdl neg, ips ctla4 neg pdl pos, and ips _c-
tla4 neg pdl neg, which helps refine predictions concerning the success of treatments targeting CTLA-4 and PD-1.
Notably, patients with elevated RRM2 expression demonstrated significantly higher scores (P=0.002) in the ips_ctlad4 -
pos_pdl_pos category, reinforcing the predictive value of RRM2 expression levels for responsiveness to ICIs therapy in
those patients with PD-1 and CTLA-4 positive markers (Figure 6C—F). This evidence supports the potential of RRM2 as
a biomarker in guiding treatment decisions for ccRCC.
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Figure 6 Pathway clustering and immune response analysis. (A) Heatmap depicting differential pathway enrichment between eosinophilic and clear cell ccRCC subtypes. (B)
Correlation of RRM2 expression with the aforementioned pathways, illustrating a positive association between elevated RRM2 levels and pathways enriched in the
eosinophilic subtype. (C-F) Box plots comparing Immunophenoscore (IPS) across RRM2 high (2) and low () expression groups, stratified by PD-| and CTLA-4.

Histological Subtypes Characteristics of Hospital ccRCC Patients

We identified 39 ccRCC patients who met our classification criteria based on H&E-stained ccRCC phenotypes
(eosinophilic vs clear). Analysis of the data showed that 21 patients (54%) were classified as having the eosinophilic
subtype, whereas 18 patients (46%) were associated with the clear subtype. Representative images of these phenotypes
are depicted in Figure 7. In comparing the two groups, we observed that all patients with the clear subtype presented at an
early stage of the disease and predominantly exhibited low-grade tumors (94.4%). The majority were first-time
presentations (89%) and underwent partial nephrectomy (61.1%), with a nearly equal distribution across age and gender.
Conversely, the eosinophilic subtype predominantly affected younger individuals (62%) and was more common in males
(66.7%), with a recurrence rate of (19%). Most patients in this group underwent total nephrectomy (85.7%).
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Figure 7 Immunohistochemical characterization of ccRCC Subtypes (eosinophilic vs clear). The left panel shows representative H&E and IHC staining for anti-mitochondrial
antibody and RRM2. The eosinophilic ccRCC (top row) displays distinct granular morphology in H&E and more intense IHC staining compared to the clear ccRCC (bottom
row). Antibodies used are indicated above each column. scale bar = 00 pm. The right panel quantifies IHC scores using the Mann—Whitney U-test, showing significantly
higher expression of anti-mitochondrial antibody and RRM2 in eosinophilic ccRCC (P < 0.0001 and P = 0.019, respectively).

While the differences in most clinicopathological variables between the two subtypes were not statistically significant,
the eosinophilic subtype was notably associated with more adverse tumor grade features and a higher frequency of
radical nephrectomies, as demonstrated by significant P values of 0.011 and 0.003, respectively (Table 3).

Further statistical analysis involved logistic regression to assess the predictive value of various variables in ccRCC
subtyping. The results revealed that tumor grade was a significant predictor with an odds ratio of 0.078 (95%
CI:0.009-0.704, P=0.023). Additionally, the type of surgery performed also proved to be a significant predictor, with
an odds ratio of 0.106 (95% CI:0.023-0.498, P=0.004) Table 4. These findings underscore the importance of these factors
in the clinical decision-making process for ccRCC treatment strategies.

Table 3 Clinicopathological Variables of Clear Cell Renal Cell Carcinoma (ccRCC) Subtypes:
Clear vs Eosinophilic in the Hospital Cohort

Variables Clear Eosinophil P-Value
Group (N=18) Group (N=21)

Age <65 10(55.6%) 13(62%) 0.688
265 8(44.4%) 8(38%)

Gender Male 9(50%) 14(66.7%) 0.291
Female 9(50%) 7(33.3%)

Stage (N 18(100%) 18(85.7%) *0.253
i, v 0 3(14.3)

Grade Low 17(94.4%) 12(74.4%) *0.011
High 1(5.6%) 9(25.6%)

Unilaterality Right 5(27.8%) 6(28.6%) *0.288
Left 11(61.1%) 15(71.4%)
Both 2(11.1%) 0

Ist time or recurrent One time 16(89%) 17(81%) 0.667
Recurrent 2(11%) 4(19%)

Surgery Partial 11(61.1%) 3(14.3%) *0.003
Total 7(38.9%) 18(85.7%)

Notes: Pearson’s chi-square test was used for expected frequencies 2 5; Fisher’s exact test was used for smaller
expected frequencies < 5.
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Table 4 Logistic Regression Analysis Predicting Subtypes in the Hospital ccRCC Cohort: Eosinophilic vs Clear

Variable Coefficient(B) | Std. Error | Odds Ratio (Exp(B)) | 95% CI for Exp(B) | P-Value
Age 0.262 0.653 1.3 (0.361-4.679) 0.688
Gender 0.693 0.661 2 (0.548-7.301) 0.294
Grade —2.54 119 0.078 (0.009-0.704 0.023
Stage -21.2 23,205 - - 0.99
Unilaterality 21.38 28,420 198,572,020 0 0.99

I time or recurrence | 0.633 0.933 1.88 (0.302-11.7)) 0.498
Surgery —2.24 0.789 0.106 (0.023-0.498) 0.004

Building on observations from existing literature that associate the eosinophilic appearance in ccRCC with
a predominance of cellular organelles such as mitochondria, and the clear subtype with higher lipid content that may

wash out during slide preparation, >4

and to validate bioinformatic results regarding mitochondrion pathways and
mitochondria genes, we aimed to validate these findings at the molecular level. Our study examined the protein
expression levels of well-known mitochondrial markers (anti-mitochondrial antibody, and TOM20) via IHC in our
hospital’s ccRCC cohort. Results showed more intense staining of these markers in the eosinophilic subtype compared to
the clear subtype with a significantly high IHC score in the eosinophilic subtype using an independent test (P<0.05)

Figure 7, Supplementary Figure 5. Additionally, we conducted IHC analyses to validate the expression of RRM2, a target

gene identified through TCGA analysis, in both eosinophilic and clear subtypes of ccRCC. This analysis confirmed that
RRM2 protein expression was significantly higher in the eosinophilic group than in the clear group with a significant high
IHC score (P= 0.019) Figure 7.

In summary, our IHC investigations support the findings of previous studies and bioinformatic analyses, demonstrat-
ing that both mitochondrial markers and RRM2 show higher expression in the eosinophilic subtype compared to the clear
subtype of ccRCC, thereby supporting the proposed underlying biological mechanisms.

Discussion

RCC mostly associated with mitochondrial changes, however the processes driving mitochondrial abnormalities differ
amongst RCC subtypes.’® ccRCC represents the most common subtype of RCC, with recent advancements ICIs showing
promising results.’’ However, eosinophilic ccRCC subtypes exhibit more aggressive molecular behavior, and there is
a dearth of data about effective therapy options for this subtype.”? Numerous studies have investigated the molecular
differences among ccRCC subtypes and their influence on treatment responses, highlighting potential treatment
strategies.” The current study explores the histological subtypes of ccRCC (eosinophilic and clear phenotypes),
uncovering significant clinical and genomic distinctions that have important implications for patient prognosis and
biological mechanisms.

Our analysis of publicly available and hospital data highlights the prognostic importance of histological phenotyping
in ccRCC, confirming the correlation of the eosinophilic phenotype with elevated tumor grade, increased disease
aggressiveness, and poorer oncological outcomes, in alignment with prior studies.?**>>* This study identifies a novel
risk signature based on subtypes that predicts prognosis in ccRCC with a sensitivity exceeding 83% at one, two, and three
years.

Based on this risk score, RRM2 emerged as the most predictive gene, exhibiting elevated expression in eosinophilic
compared to clear subtypes with clinical factors. Our analysis highlights enhanced RRM2 expression in eosinophilic
ccRCC subgroups, which also exhibit heightened mitochondrial gene expression. This indicates that RRM?2 is crucial for
mtDNA synthesis and may influence mitophagy, as seen by the connections between mitochondrial gene expression and
RRM2 levels. Furthermore, our examination of RRM2 concerning contemporary ccRCC therapies indicates a significant
correlation between RRM2 expression and immune-related pathways, especially in response to ICIs, but not TKIs. Our
study builds on this finding by analyzing pathways that distinguish the eosinophilic from the clear cell subtypes. We
found that immune-related pathways were enriched in the eosinophilic subtype, while pathways related to TKIs were
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more prevalent in the clear subtype. These data indicate that targeting RRM2, with ICIs, might enhance therapy outcomes
in the eosinophilic ccRCC subgroup. RRM2, a key enzyme in DNA synthesis, repair, replication, and the maintenance of
genomic stability has emerged as a significant player in cancer progression, including ccRCC.'*>>*° As part of
Ribonucleotide Reductase (RNR) complex, which regulates the de novo synthesis of deoxyribonucleoside triphosphates
(dNTPs)- essential for the replication and repair of nuclear and mitochondrial DNA.**37-°% Investigating the relationship
between RRM2, DNA repair mechanisms, and mitochondrial function offers valuable insights into the molecular
underpinnings of neoplasms, with implications for targeted therapies and personalized treatment approaches.*'->>%¢°
Research show that dysregulation of RRM2 can impair mitochondrial DNA (mtDNA) synthesis, leading to mitochondrial
dysfunction, oxidative damage, and tissue deterioration, which might drive oncogenesis.*'**>**** Extensive metabolomic
analyses have linked metabolic dysregulation with the onset and advancement of ccRCC, further establishing
a correlation between enhanced mitochondrial activity and decreased survival rates among a specific patient
demographic.(’H’4 Consistent with these findings, our study elucidates distinct variations in metabolic and mitochondrial
pathways and oxidative respiration across different ccRCC subtypes. Previous research has also underscored an elevated
mitochondrial presence within the eosinophilic group.”” Additionally, our analysis has verified an increased prevalence of
mitochondria in the eosinophilic subtype through the use of anti-mitochondrial gene markers within our hospital’s patient
cohort, underscoring the clinical relevance of mitochondrial biomarkers in distinguishing between ccRCC subtypes.

Despite these advancements, our study acknowledges limitations inherent in its retrospective design, cohort size, and
the potential impact of prior treatments on histological phenotype. The variation in tissue sampling methods further
complicates the direct comparison of metastatic cases. However, the consistency observed between histological pheno-
type and clinicopathological behavior across our cohorts’ results strengthens the argument for histological phenotyping as
a valuable tool in predicting oncological outcomes and tailoring systemic therapies. Additionally, expanding the range of
molecular markers analyzed and employing comprehensive genomic profiling techniques could further refine the under-
standing of ccRCC heterogeneity and its clinical implications.

Conclusion

The distinct prognostic disparities among ccRCC subtypes have been established by our cohort data and the data that is
publicly available. The eosinophilic subtype has a worse prognosis relative to the clear ccRCC subtype. We also
identified a unique risk score signature among ccRCC subtypes that delineates their molecular differentiation. RRM2
demonstrated its correlation with subtype variations, specifically exhibiting elevated expression in the eosinophilic
subtype, with its clinical parameters, notably stage and grade. Furthermore, metabolic and mitochondrial pathways
exhibit distinctions between the two kinds. Through clarifying the function of genes such as RRM2 and pathways
associated with mitochondria, cell cycle, nucleotide synthesis, immune response, and metabolism, we pinpoint possible
targets for treatment for both subtypes. Furthermore, the prediction of ICIs response indicated superior results for the
eosinophilic subtype, especially with elevated RRM2 levels. Further research is necessary to validate these findings and
explore the full potential of histological and molecular profiling in enhancing the future therapeutic targets for ccRCC.
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