
Background: Clear cell renal cell carcinoma (ccRCC) is frequent and
malignant renal cancer characterized by the loss of tumor suppressors on
short arm of chromosome 3. First line treatment of localized disease is
surgical removal of tumor. However, up to 50% of patients relapse after
surgery, and there are no biomarkers for risk of recurrence. Therefore, there is
an urgent scientific and clinical need to understand the molecular mechanisms
leading to the relapse, to establish prognostic biomarkers in primary tumors,
and to develop adjuvant treatment strategies.
Methods: TCGA Firehose Legacy cohort was used to determine differential
gene expression between stage 3 ccRCCs from patients who remained
disease free (S3DF) vs. those who relapsed (S3RL). Single cell RNA-seq
(scRNAseq) analysis was performed on primary ccRCCs from 15 patients
(Young et al. Science, 2018, Obradovic et al., Cell, 2021, Narayanan et al.,
PNAS, 2021) including seven stage 3 (S3), two stage 2 (S2), and 6 stage 1
(S1) tumors. Cancer cells were selected based on ccRCC gene markers and
inferred transcriptional Copy Number Variations (CNVs) to determine 3p
chromosome deletion. Seurat V4 package and module score were used to
analyze patterns of gene expression associated with tumor progression at the
single cell level. Single cell pseudo-time analysis in Monocle V3 was used to
reveal dynamics of tumor progression. Transcriptional data in Clinical
Proteomic Tumor Analysis Consortium (CPTAC) ccRCC cohort was used to
obtain further mechanistic insights explaining the observed expression
patterns.

Summary
Sc-RNA-seq Analysis of ccRCC shows the cellular 

composition in the tumor microenvironment
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Results: Transcriptomic comparison of ccRCCs from TCGA Firehose Legacy cohort
revealed induction of genes encoding mitochondrial respiratory complexes and
mitochondrial ribosomal proteins (MRPs) and decrease in expression of immune
genes, particularly from the MHC-II group, in S3RL as compared to S3DF. Using a
set of 23 differentially regulated mitochondrial and immune genes we established a
transcriptomic signature that stratifies patients according to survival status and
therefore may serve as prognostic biomarker. The signature contains genes
encoding components of respiratory Complex I and Complex IV, a Copper (Cu)
containing cytochrome c oxidase (Cu-COX).
Conclusions: The study identifies increased mitochondrial activity and loss of
cancer cell immunity as mechanisms associated with progression of localized
ccRCC. Mitochondrial activity represents a targetable vulnerability and
pharmacologic approaches targeting complex I activity as well as Cu homeostasis
disruptors like Cu-chelators that are used in clinical trials. Moreover, we determined
transcriptomic signature and metallomic measurement of Cu-COX complex as
potential prognostic and predictive biomarkers. Finally, the analysis will provide
mechanistic insights into identification of cancer cell subpopulation involved in
tumor relapse.

Fig.6. Analysis of change of expression of cancer cell states from stage-1 to stage-3 and metastasis (A)
Only cancer cells are shown based on expression of CA9. On the left, UMAPs show clustering of cancer
cells using Louvain algorithm. To the right, each column shows expression of the indicated gene set as
compared to reference gene set. The distributions of module scores for each pathway signature across
all putative cancer cells are shown as violin plots (B) Quantification of indicated super gene sets for
mitochondrial respiratory complexes as well as HIF targets and glycolytic genes for ccRCCs: stage1 n=4,
stage3 n=4, metastatic n=1. (C) Model of the proposed metabolic switch.
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Fig.3. Mapping cell population heterogeneity
in ccRCC using in-house analytical pipeline for
scRNA-seq, as a basis for generating a
reference library of expression signatures for
spatial deconvolution. (A) UMAP projection of
~20,000 individual cells from 2 normal and 2
ccRCC samples, with each cell represented as
a dot and individual clusters/cell types
distinguished by different colors. (B)
Percentage of expression and average
negative binomial normalized expression of
each gene marker for each cluster in the
UMAP in panel (A).
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Fig.1. Differential mRNA expression from stage 3 tumors from patients who for 2 years remained disease free
(S3DF) or relapsed (S3RL) using the TCGA KIRC Legacy Firehose cohort. The analysis revealed 1260
differentially expressed genes and increased expression of genes encoding electron transport chain (ETC)
subunits, mitochondrial ribosomal proteins (MRPs), an indication of mitochondrial biogenesis and activity, in
tumors from S3RL . In contrast, S3DF tumors had high levels of immune/inflammatory gene expression,
including subunits of MHC-II. (A) Set of differentially expressed genes. (B) Stratifying pathways.

Fig.7. Spatial transcriptomics of cancer cells and lymphocytes B in a section of ccRCC. (A) H&E staining. (B)
Mapping of the cancer cells based on normalized expression of ccRCC marker, CA9. (C) Identification of B-
Cells in the proximity of blood vessels using Seurat deconvolution approach.

Sc-RNA-seq tumor heterogeneity analysis show clustering of 
tumor subpopulations based on patients, suggesting the 

necessity of cancer cell state analysis

A 23 gene signature stratifies gene S3RL vs S3DF 

Fig. 8. Clusters that includes nested cancer cells surrounded by accumulated lymphocytes are
characterized by increased oxidative phosphorylation and decreased MHC class I and II gene expressions.
Interestingly, cells at the border of this cancer nest show different gene expression patterns and different
active inferred transcription factors than cancer cells in the middle of the nest, suggesting that cancer
microenvironment can dictate the cellular states and cancer progression.(A) Dimensional reduction and
clustering of spatial transcriptomics data. (B) UMAP of spatial transcriptomics clusters (C) Applying gene
module module score of oxidative phosphorylation and antigen presenting state to each spatial spot (D)
Conducting GSEA analysis reveals that cluster 9 has high level of oxidative phosphorylation and low level
of immune response.

Fig.2. Machine learning algorithms identifies a set
of 23 genes that stratifies S3RL vs S3DF (A)
Heatmap showing a set of 23 ETC/MRP/MHC-II
genes and their expression related to S3DF and
S3RL. (B) AUC curve for examining the selected
signature (C) heatmap shows unsupervised
clustering of the proteomics readout of the 23
signature gens. Chi-squared test for each cluster
show (I) enrichment in genome instability in High
MRP/ETC Low MHC-II, (II) enrichment in disease
free after 3 years in High-MHC-II, Low ETC/MRP
enriched in disease-free. (D) IHC of MT-CO2 and
MHC-II in S3RL vs S3DF.
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Fig. 7. ScRNAseq analysis shows increased expression of genes 
encoding subunits of respiratory complexes and decreased 
expression of glycolytic genes during ccRCC progression

Principal Component Analysis of cancer cell subpopulations 
reveals the relation between cancer cell states 

Spatial transcriptomics analysis of S3RL vs S3DF is used 
for in-situ characterization of the cancer cell states  

(B)Furthermore, principal compone
nt analysis of the tumor cell
subpopulation signatures has
shown opposite relation between
oxidative phosphorylation and
immune response cellular states.

Fig.5. Analysis of cancer
cell states via principal
component analysis (A)
single cell differential
expression analysis of 17
patients tumor cell
subpopulations has
revealed multiple tumor cell
cellular states
including mitochondrial
metabolism or immune
response. G14, G15 and
G16 are from a metastatic
patient, where we find loss
of expression in
chromosome 16q. All of the
Fatty Acids Oxidation genes
are differentially over-
expressed in the metastatic
clusters (G14~16) versus
other clusters of ccRCC.
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Fig.4. Analysis of inter and intra cancer cell heterogeneity. Analysis of differential expression of cancer
cell subpopulations from 17 patients show that the cancer cells cluster based on the patients, not
revealing the underlying similarities and heterogeneity.

Spatial transcriptomics analysis of S3RL vs S3DF identifies 
cancer cell subpopulation with the prognostic signature
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