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Single cell RNA-seq data analysis of human HGSOC. 

Seven human HGSOC samples from the GSE184880 [1] dataset were downloaded from The 

National Center for Biotechnology Information website (https://www.ncbi.nlm.nih.gov/). Data 

processing and core analysis were performed using Seurat v4.9.9 [2]. Cells with gene count below 

200 and mitochondrial gene expressions above 25% were excluded. Normalization and variance 

stabilization were performed by sctransform v2, following the instructions from the Satijalab 

website (https://satijalab.org/seurat/). Then, Principal Component Analysis (PCA) dimension 

reduction and Uniform Manifold Approximation and Projection (UMAP) dimensional reduction 

were performed based on the first 30 principal components. Cluster identification was performed, 

and a resolution was optimized for fine separation. The estimated doublets were excluded by the 

DoubletFinder v2.0 package following the instructions on the website found here 

https://github.com/chris-mcginnis-ucsf/DoubletFinder. Each preprocessed sample data was 

integrated by Seurat v4.9.9. The datasets produced were used for downstream analysis. The core 

analysis was performed using Seurat v4.9.9. The annotation of each cluster was performed using 

SingleR v2.0.0 package (https://github.com/dviraran/SingleR). In SingleR, “MonacoImmuneData” 

was applied, and the resulting scores were displayed in hierarchical clustering. Single-sample 

GSEA was performed using the escape v1.8.0 package 

(https://github.com/ncborcherding/escape).  

 
 
 
 
 
 
 
 
 
 
 
 
 
 



Data Analysis of human HGSOC RNA-seq from TCGA 

To identify the major mutations in key genes associated with HGSOC samples used in this study, 

the mutation profile of ovarian cancer samples available at the Cancer Genome Atlas (TCGA) 

was analyzed using the cBioPortal database [3]. The mutational analysis included a cohort of 365 

samples, among which mutations in the queried genes were observed in 286 samples. The 

analysis of NRF2 and immune gene score was based on well-established NRF2-gene signature 

and immune-gene signature [4-6]. A single sample gene-set enrichment analysis (ssGSEA) was 

used to calculate NRF2 score and immune score per each sample. To identify pathways related-

hallmarks of cancer, we downloaded gene sets from MSigDB (https://www.gsea-

msigdb.org/gsea/msigdb) [7], performed single-sample ssGSEA, and used R package GSVA to 

employ ssGSEA. We compared pathways in NRF2High versus NRF2Low group. 

To identify the differentially expressed genes in NRF2High versus NRF2Low samples, raw count 

data from RNA sequencing were analyzed using the DESeq2 R package [8]. Genes with low 

counts across all samples were filtered out by retaining only those with a total count of at least 10 

across all samples. To account for differences in sequencing depth, normalization analysis was 

performed using the median-of-ratios method. Differential expression was assessed using a 

negative binomial generalized linear model with Wald test statistics. The resulting P values were 

adjusted for multiple testing using the Benjamini–Hochberg method to control the false discovery 

rate (FDR) [9]. Genes with an adjusted P value ≤0.05 and |log2FC| > 1 were considered 

significantly differentially expressed. 

Survival analysis was performed using the “survival” package in R. To evaluate differences in 

survival outcomes, we employed Kaplan–Meier method using the “survdiff” function to estimate 

survival probabilities over time. Separate analyses were conducted for 1) Overall Survival (OS), 

2) Disease-Specific Survival (DSS), 3) Disease-Free Interval (DFI), and 4) Progression-Free 

Interval (PFI). For survival related immune markers, patients were categorized into two groups 
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"high" and "low" immune expression levels of each immune marker, in each (NRF2High and 

NRF2Low) group. Immune expression levels were based on the median of normalized expression 

values where values above the median were classified as high, and those below the median were 

classified as low. Group differences were assessed using the log-rank test. For visualization of 

survival curves, the “survminer” R package was used. All analyses were performed using R 4.3.1 

(https://cran.r-project.org/). 

 

Tissue processing, Hematoxylin & Eosin (H&E), and immunohistochemistry (IHC) labeling 

of human tissue microarray (TMA) 

The use of patient tumor tissue and outcome data was approved by the University of British 

Columbia ethical committee (H18-01652). Cases from patients who had undergone surgery 

and/or treatment at Vancouver General Hospital (2000-2008) with a final diagnosis of HGSOC 

were selected for second review by Dr. M Kobel. For tissue microarray (TMA) construction, 2 x 

0.6 mm cores were taken from each case of the formalin-fixed paraffin-embedded (FFPE) blocks. 

Each TMA slide was stained for Hematoxylin and Eosin (H&E) or immunohistochemistry (IHC) as 

previously described [10].  

IHC staining of P53 (Dako, DO-7, 1:500), WT1 (Dako, 6F-H2, ready for use), Vimentin (VIM) 

(Dako, V9, ready for use) and CD8 (Abcam, ab227707, 1:200) was performed at the Anatomical 

Pathology Department of the Vancouver General Hospital using the Ventana Benchmark XT 

stainer. H&E staining and IHC-PAX8 labeling (Novus, NB100-1065, 1:500) were performed in the 

MAPCORE lab of UBC using the Ventana Discovery XT platform. IHC labeling of NRF2 (Abcam, 

#ab62352, 1:150); FOXP3 (Novus, NB100-39002, 1:200); CD68 (DAKO, MO814, 1:3000), was 

done in the BASIC lab of BC Cancer Research Institute using the Ventana Discovery XT platform. 

IHC-PDCD1/PD1 and CD274/PD-L1 labeling was performed at the Anatomical Pathology 

Department of BC Cancer Agency-Vancouver. IHC-PDCD1/PD1 labeling (Clone NAT105, Cell 

https://cran.r-project.org/


Marque,1:100) was done on Dako Omnis platform, while CD274/PD-L1 labeling (22C3 pharmDx 

assay, Dako, ready for use) was done on Dako Autostainer Link48 platform. 

IHC slides were examined using an Olympus BX43 Light Microscope. Cells that labeled yellow to 

brown was considered IHC positive cells. All markers were scored using both 100X and 400X 

magnifications for the intensity and percentage of the labeled cells. Two variable factors were 

considered in scoring (1) the number of positively labeled cells; and (2) the intensity of the staining 

(Supplementary Table 7a) [11]. While scoring the IHC slides, our certified pathologists Drs. Zhu 

and Shojaei were blinded from the NRF2 status. 
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