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Introduction

Ovarian cancer recurs in most High Grade Serous Ovarian Cancer (HGSOC) patients, including initial responders, after standard of care. To improve patient survival, we need to identify and understand the factors contributing to early or late recurrence and therapeutically target these mechanisms. We hypothesized that in HGSOC, the response to chemotherapy is associated with a specific gene expression signature determined by the tumor microenvironment. In this study, we sought to determine the differences in gene expression and the tumor immune microenvironment between patients who show early recurrence (within 6 months) compared to those who show late recurrence following chemotherapy.





Methods

Paired tumor samples were obtained before and after Carboplatin and Taxol chemotherapy from 24 patients with HGSOC. Bioinformatic transcriptomic analysis was performed on the tumor samples to determine the gene expression signature associated with differences in recurrence pattern. Gene Ontology and Pathway analysis was performed using AdvaitaBio’s iPathwayGuide software. Tumor immune cell fractions were imputed using CIBERSORTx. Results were compared between late recurrence and early recurrence patients, and between paired pre-chemotherapy and post-chemotherapy samples.





Results

There was no statistically significant difference between early recurrence or late recurrence ovarian tumors pre-chemotherapy. However, chemotherapy induced significant immunological changes in tumors from late recurrence patients but had no impact on tumors from early recurrence patients. The key immunological change induced by chemotherapy in late recurrence patients was the reversal of pro-tumor immune signature.





Discussion

We report for the first time, the association between immunological modifications in response to chemotherapy and the time of recurrence. Our findings provide novel opportunities to ultimately improve ovarian cancer patient survival.
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Introduction

Ovarian Cancer is the deadliest gynecological malignancy. The most common subtype is High-Grade Serous Ovarian Cancer (HGSOC) which is mostly diagnosed at advanced stages due to vagueness of symptoms at early stages (1). HGSOC recurs in 70-80% of patients, with recurrence presenting rapidly, within 6 months post standard of care, or belatedly, up to 5 to 10 years post treatment (2). Despite modern advancements in ovarian cancer management, patient outcome for HGSOC still has room for improvement, with 5-year survival rate for advanced-stage disease being just about 30% (3). Cancer recurrence is the major cause of mortality in HGSOC patients and thus, needs to be tackled. However, the mechanisms which could be harnessed to delay or prevent recurrence of ovarian cancer are not yet known or fully understood.

Several mechanisms have been identified as mediating resistance to standard chemotherapy, potentially contributing to recurrence of HGSOC (4–6). These mechanisms can be broadly considered to be mechanisms intrinsic to the cancer cells versus microenvironmental factors affecting the cancer cell (6). Cancer cell intrinsic mechanisms include dysregulation of drug influx or efflux transporters, enhanced DNA repair pathways, as well as increased resistance to apoptosis (5). Cancer cell extrinsic mechanisms that contribute to treatment resistance and potentially ovarian cancer recurrence are adaptations in the tumor microenvironment (6). The ovarian cancer microenvironment comprises of pro-tumor versus anti-tumor immune cells, stromal cells (7), adipose-rich tissues in the peritoneal cavity (e.g., the omentum) (8), as well as the extracellular matrix stroma with secreted immune factors (7). Understanding the interplay between these mechanisms is critical to developing effective strategies to prevent or significantly delay ovarian cancer recurrence.

Since publication of the seminal work by Zhang et al. 20 years ago (9) which clearly showed that presence of intra-tumoral T lymphocytes correlated with improved patient outcomes in late-stage ovarian cancer, several studies have underscored the importance of the immune microenvironment in ovarian cancer (10–15). However, recent clinical trials of immunotherapy in ovarian cancer have shown only modest response rates (16–18). Furthermore, the effect of platinum- and taxane-based chemotherapy on the ovarian tumor immune microenvironment, and whether this effect differs between good responders versus poor responders at the cellular and molecular level is not yet known or well understood.

In this study, we sought to understand what differentiates HGSOC patients who recur as early as within 6 months following treatment from those with delayed recurrence, with focus on their response to Carboplatin and Taxol chemotherapy. Using the tools of bioinformatics and advancements in transcriptomics research, we tested the hypothesis that effective chemotherapy in HGSOC does not only directly kill cancer cells but also activates the immune system. We report for the first time that an efficient Carboplatin and Taxol chemotherapy induces immunological changes in HGSOC patient tumors and promotes an anti-tumor immune response.





Materials and methods




Patient selection

Forty-two (42) patients with FIGO Stage III/IV High Grade Serous Ovarian Cancer (HGSOC) were initially enrolled in this study. Tumor sample collection was obtained with informed consent and approved by IRB in Wayne State University and University of South Florida. Solid tumor samples were obtained from patients before and after completion of 6 cycles of Carboplatin and Taxol combination chemotherapy (C/T). All the samples were obtained from metastatic sites. Cancer cells from ascites was not included in the study. Eighteen (18) patients who did not meet quality control criteria (described below) at the sample evaluation, RNA extraction or cDNA library preparation stages were excluded from the final analyses. The pre-C/T or post-C/T samples for these patients had insufficient tumor percentage during pathologist evaluation (7 patients), low RNA extraction yield (4 patients) or poor-quality cDNA libraries (7 patients). Thus, 24 patients with paired pre-C/T and post-C/T RNA-seq data constituted the final study cohort. All tumor samples were less than 5 years old at the time of processing and sequencing.





Sample preparation and RNA extraction

Tumor sample RNA extraction and sequencing was performed by Tempus (Tempus Labs Inc., Chicago, IL) according to the Tempus|RS.v2 RNA Assay and Bioinformatics Pipeline. For this assay, specimens from FFPE tumor samples were first stained with Hematoxylin and Eosin (H&E) on a slide. The H&E-stained slides were examined by a board-certified pathologist to assess the nucleated cell and tumor content of the specimen. Only samples with at least 20% tumor content were processed further for RNA extraction and cDNA library preparation. The Chemagic 360 system (Perkin Elmer) was used to extract total nucleic acid from the tumor samples. TURBO DNase (Invitrogen) was used to treat the extracted nucleic acid to degrade DNA, leaving tissue RNA for further processing.





cDNA library preparation and sequencing

RNA from each sample was treated with heat and magnesium to fragment the RNA into equivalent sized fragments. cDNA libraries were prepared in a strand-specific fashion utilizing the KAPA RNA HyperPrep Kit for Illumina. IDT unique dual indexed unique molecular identifier adapters were ligated to the cDNA, after which cDNA library amplification was performed. Amplified cDNA libraries were captured by hybridization onto an IDT xGen Exome Research Panel v2 probe set for an enrichment step. Following this, the KAPA HiFi HotStart ReadyMix and primers from the KAPA Library amplification kit were used for the amplification step. Finally, Sequencing of the hybridized cDNA libraries was performed using the Illumina NovaSeq 6000 System to a 2x76 read length and an average sequencing depth of 50 million total reads. Generated raw RNA-seq data was de-multiplexed using the BCL2FASTQ software v2.17 (RRID:SCR_015058).





RNA-seq data pre-processing by tempus

Quality control evaluation of the raw RNA-seq data was performed using MultiQC v1.11 (RRID:SCR_014982) with adapter sequences trimmed off using Skewer v0.2.2 (RRID:SCR_001151). Trimmed RNA-seq data was pseudo-aligned to the Ensembl GRCh37 human reference and quantified using Kallisto v0.44 (RRID:SCR_016582). Gene level abundance and corresponding transcripts per kilobase million (TPM) values for 20,061 genes was provided for each sample by Tempus Labs and was used for our downstream analyses. The biomaRt package v2.52.0 (RRID:SCR_019214) was used to convert ENSEMBL gene IDs to official HGNC symbols, resulting in an expression matrix with 19,057 genes.





Data analysis

Further bioinformatics analysis was performed in the R programming environment using RStudio v4.2.0 (RRID:SCR_000432). The edgeR package v3.38.4 (RRID:SCR_012802) was used to perform differential gene expression (DGE) analysis. The paired nature of the pre-C/T and post-C/T data was considered in setting up the generalized linear model used by edgeR for the DGE analysis. Genes with FDR-adjusted p-value < 0.05 and absolute log2-foldchange > 0.6 were considered differentially expressed. Volcano plots and heatmaps of DGE analyses results were plotted using the ggplot2 package v3.4.0 (RRID:SCR_014601) and ComplexHeatmap package v2.12.1 (RRID:SCR_017270), respectively. Principal Component Analysis was performed using the PCAtools package v2.8.0 and Venn Diagrams were drawn using the ggvenn package v0.1.9. Boxplots of uniquely upregulated or downregulated genes were plotted with ggplot2. Gene Ontology (GO) and KEGG Pathway analyses were performed using AdvaitaBio’s iPathwayGuide software. Significantly enriched GO biological processes were those with adjusted p-value < 0.05, using the smallest common denominator pruning method. Significantly impacted KEGG pathways were those with FDR-adjusted combined overrepresentation and pathway perturbation p-value < 0.05.





Immune deconvolution of bulk RNA-seq data

To estimate immune cell fractions for our gene expression dataset, normalized bulk RNA-seq data (TPMs) from our patient cohort was used as mixture matrix together with the LM22 signature matrix provided by CIBERSORTx (RRID:SCR_016955), which contains signature gene expression profile of 22 different immune cell types. These were used to impute immune cell fractions using the CIBERSORTx web software in relative mode with B-mode batch correction, disabled quantile normalization, and 1000 permutations. Results from the immune cell fraction estimation were visualized using ggplot2 for the stacked barplots and the ggpubr v0.4.0 (RRID:SCR_021139) and rstatix v0.7.1 (RRID:SCR_021240) packages for illustrating statistical comparisons as boxplots annotated with FDR-adjusted p-values.





Statistics

For unpaired comparisons, the Wilcoxon Rank Sum Test was performed while paired pre-C/T and post-C/T comparison of immune cell fractions was performed using the Wilcoxon Signed Rank Test. Obtained p-values were corrected for multiple comparison using the Benjamini-Hochberg FDR method. FDR-adjusted p-values < 0.05 were considered statistically significant at 5% alpha level.





Data availability

Raw data generated from bulk RNA sequencing in this study is publicly available in Gene Expression Omnibus (GEO) (RRID:SCR_005012) at GSE227100. Normalized gene expression data (RPKM) used for validation of immune deconvolution results was obtained from Supplementary Data associated with the publication by Javellana et al. (19).






Results




Patient selection and sample preparation for transcriptomic analysis

The main objective of this study was to identify mechanisms and factors within the tumor microenvironment which underlie the differential recurrence patterns observed in patients with High Grade Serous Ovarian Cancer (HGSOC). To achieve this objective, we enrolled a cohort of 42 patients with HGSOC diagnosed at FIGO stages III/IV. All patients had initial tumor biopsies prior to beginning chemotherapy with 6 cycles of Carboplatin and Taxol (C/T). Afterwards, the patients underwent post-chemo surgery, which provided the post-C/T sample. All the samples were obtained from metastatic sites. Cancer cells from ascites was not included in the study. Thus, each patient had paired pre- and post-C/T tumor samples for transcriptomic analysis. Following debulking surgery, patients received additional adjuvant chemotherapy and were followed up for signs of remission, development of recurrent disease or any other complications.

The tumor samples obtained were initially paraffin-fixed and formalin-embedded for long-term preservation. Tumor blocks were later sectioned and stained using Hematoxylin & Eosin dye for microscopy. Stained tumors were examined by a board-certified pathologist to ensure that only samples that had sufficient tumor purity (i.e., > 20%) were further processed. Tumors that met the above purity criteria were processed for RNA extraction, cDNA library preparation, and sequencing. Only samples with high quality cDNA libraries were sequenced and considered in downstream analyses. Figure 1 summarizes the experimental workflow followed in this study.




Figure 1 | Schematic illustration of the experimental workflow followed in this study. Enrolled HGSOC patients had pre-chemo biopsy taken, after which they received 6 cycles of Carboplatin and Taxol (C/T). Following this, interval debulking surgery was performed and post-chemo samples obtained. Both pre-C/T and post-C/T samples were prepared and examined by a Board-Certified Pathologist, after which RNA extraction, cDNA library preparation and sequencing were performed on high quality samples. RNA-seq data was then analyzed in multiple steps for differential gene expression detection, pathway impact, and gene ontology enrichment detection as well as immune cell fraction estimation.



Out of the 42 patients initially enrolled, only 24 patients (i.e., 24 pairs of pre- and post-C/T samples) met the inclusion criteria of sufficient tumor content and high-quality cDNA libraries. These constituted the final cohort for this study. The median age at diagnosis for these 24 patients was 63.5 years (Range = 47 – 74 years) (Table 1). Initial global visualization of the gene expression profiles of all 24 pairs of samples using Principal Component Analysis (PCA), t-Distributed Stochastic Neighbor Embedding (t-SNE) and Uniform Manifold Approximation and Projection (UMAP) showed that samples clustered based on time of sampling in relation to chemotherapy (i.e., whether pre-C/T or post-C/T) rather than time of future recurrence (Supplementary Figures 1–3).


Table 1 | Summary of Patient Characteristics.







Chemotherapy induces significant transcriptomic changes related to oxygen transport, cell cycle, and immunological pathways in ovarian cancer patients

To determine the effect of C/T on the gene expression profile of ovarian tumors, we compared paired pre- versus post-C/T RNA-sequence data for all 24 patients using the edgeR package in RStudio. With a Benjamini-Hochberg FDR-adjusted p-value threshold of 0.05 and an absolute log2-fold change (or log2FC) threshold of 0.6, we identified 340 upregulated and 152 downregulated genes post-C/T (Figure 2A). Coagulation factor III (also known as Tissue Factor or F3) – a marker of tissue damage – had the most significant FDR-adjusted p-value (FDR=1.096x10-4) and showed uniform upregulation post-C/T across all 24 patients (Figure 2A, Supplementary Data 1). The heatmap in Figure 2B shows the log2-fold change of the top 30 upregulated genes and top 30 downregulated genes for each patient. Among these differentially expressed genes (DEGs), the most highly upregulated gene post-C/T was FOSB (log2-fold change = 3.82) (Figures 2A, B, Supplementary Data 1), a member of the activator protein 1 (AP-1) family of genes. AP-1 genes have been reported recently as being highly upregulated post-chemotherapy in HGSOC (19). Other AP-1 genes including c-FOS, c-JUN, JUNB, and JUND were also significantly upregulated in our post-C/T samples (Supplementary Data 1) showing that our findings are consistent with current literature. Proteins encoded by AP-1 genes function as dimeric transcription factors that are important for diverse cellular processes including cellular proliferation, apoptosis, and differentiation (20). We also found that among all DEGs, the pro-angiogenic endothelial cell-specific molecule 1 (ESM1) demonstrated the most remarkable downregulation following C/T (log2-fold change = -1.71) (Figures 2A, B, Supplementary Data 1). High expression of ESM1 has been described in multiple cancers as an unfavorable prognostic marker (21–24). Therefore, its downregulation following C/T could be a desirable occurrence since it could also suggest decreased angiogenesis in ovarian tumors post-C/T. Thus, comparing our cohort of pre- and post-C/T samples, we observed the differential expression of genes associated with cell proliferation and cell death as well as angiogenesis. These results demonstrate that C/T was actively changing the tumor transcriptome of our HGSOC cohort.




Figure 2 | Chemotherapy induced gene expression changes in high grade serous ovarian cancer patients. (A) A volcano plot showing significantly upregulated (red) or downregulated (blue) genes (FDR < 0.05 and |log2-foldchange| > 0.6) post-C/T. Genes with FDR < 0.01 or |log2-foldchange| > 2 are labeled with HGNC symbols. (B) A heatmap showing the top 30 upregulated (red) and top 30 downregulated (blue) genes post-C/T (log2-foldchange was used as the ranking metric). For each gene, log2-foldchange in transcripts per kilobase million (TPM) values was computed per patient, comparing pre-C/T versus post-C/T expression values (pre-C/T as reference). Each column corresponds to a distinct patient.



We next sought to understand the functional impact of all the observed DEGs post-C/T. Thus, we performed Gene Ontology (GO) and KEGG pathway analysis using AdvaitaBio’s iPathwayGuide software and identified significantly enriched biological processes and impacted pathways. Surprisingly, adjusting the p-values associated with the identified biological processes using the Benjamini-Hochberg FDR approach yielded 494 biological processes as being significantly enriched (Supplementary Data 2). We observed, however, that these GO terms contained redundancies (e.g., “response to stimulus” as well as “cellular response to stimulus” were both identified as distinct significantly enriched biological processes (Supplementary Data 2). This is an intrinsic challenge with standard Gene Ontology analysis, partly due to the parent-child hierarchical structure of GO terms (25). To exclude these redundancies and identify truly unique biological processes impacted by C/T, we utilized iPathwayGuide’s functionality of correcting for multiple comparison using the smallest common denominator pruning method (26, 27). This yielded 18 biological processes identified as significantly enriched following C/T (i.e., adjusted p-value < 0.05) (Figure 3A). The process with the highest enrichment factor (i.e., percentage of DEGs among all measured genes within the GO term being considered) was Oxygen Transport (Figure 3A). In this process, out of the 7 measured genes, 6 genes were upregulated post-C/T (Figure 3B). Four (4) out of the 6 upregulated genes – HBG2, HBA2, HBB, and HBA1 – code for different subunits of the hemoglobin molecule (Figure 3B). The upregulation of oxygen transport post-C/T could be an adaptational response by the cancer to support tumor growth and overcome the effects of chemotherapy. This is reasonable because, for instance, we previously observed the pro-angiogenic gene ESM1 to be downregulated by chemotherapy (Figures 2A, B), and Taxol is known to have anti-angiogenic activity (28). In addition to the principal role of hemoglobin as the main oxygen career in humans, and indeed in all mammals, some hemoglobin subunits have been suggested to be important in the modulation of cancer progression (29–31). Therefore, the upregulation of these hemoglobin subunit genes following chemotherapy is worthy of future investigation.




Figure 3 | Chemotherapy impacted pathways related to cancer, cell cycle, and immune response in HGSOC patients. (A) A dot-plot showing the significantly enriched (adjusted p-value < 0.05) gene ontology (GO) biological processes identified with the iPathwayGuide software. pv_weight = adjusted p-values obtained using the Smallest Common Denominator pruning method for correcting for multiple comparisons. Enrichment Factor (%) = 100*(number of genes differentially expressed in a GO term)/(number of all genes on the GO term). Highest % enrichment is colored red with lowest enrichment colored green according to the color scale. DE_GeneNumber = number of differentially expressed genes in the GO term. (B) Differentially expressed genes in the Oxygen Transport GO term. Red color indicates gene upregulation. (C) A dot-plot showing the significantly impacted KEGG pathways identified with the iPathwayGuide software. pORA_fdr = FDR-adjusted p-values obtained from pathway overrepresentation analysis. pv_fdr = FDR-adjusted global p-values obtained from combining pORA and pathway perturbation p-values. The most significant global pv_fdr is colored red with the least significant global pv_fdr colored green according to the color scale. DE_GeneNumber = number of differentially expressed genes in the KEGG pathway term. (D) Principal Component Analysis using top 30 upregulated and top 30 downregulated genes shows partial separation of pre-C/T samples from post-C/T samples.



Pathway analysis for the DEGs showed 31 KEGG pathways impacted post-C/T (Figure 3C). The most significantly impacted pathways in our cohort were related to cancer, cell cycle and immunological pathways (Figure 3C). The immunological pathways include IL-17 signaling pathway, JAK-STAT signaling, and TNF signaling, among several others (Figure 3C). These findings suggest that modification of immunological pathways occurs in HGSOC patients following C/T treatment.

Finally, we performed Principal Component Analysis using the top 30 upregulated genes and the top 30 downregulated genes shown in Figure 2B (i.e., 60 genes in total) to determine if these DEGs alone could distinguish post-C/T samples from pre-C/T samples. As seen in Figure 3D, the Principal Component 1 (PC1) on the x-axis computed from these 60 genes contributed to more than 50% (53.65%) of the variation within the data. However, despite some separation, the 95% confidence interval ellipses drawn around the pre- versus post-C/T samples still showed some degree of overlap (Figure 3D). It is possible that this overlap could be due to some patients who showed poor outcomes after treatment and without significant DEGs between their pre- and post-C/T samples. This led us to hypothesize that HGSOC patients show differential changes in gene expression following chemotherapy, depending on each patient’s recurrence pattern following treatment. The results we obtained from testing this hypothesis are described in the following sections.





Ovarian cancer patients with delayed recurrence, but not those with early recurrence, demonstrate significant gene expression changes following chemotherapy

To determine if patients who show better clinical response to C/T have a unique gene expression profile compared to patients with poorer response, we classified the 24 patients based on their recurrence pattern. Eleven (11) out of the 24 patients presented with disease within 6 months post-C/T and constituted the “Early Recurrence” class. Thirteen (13) out of the 24 patients did not show recurrent disease within 6 months and constituted the “Late Recurrence” class. The median age at diagnosis for patients within each recurrence class were comparable: 65 years (Range = 54 – 73 years) for “Late Recurrence” and 62 years (Range = 47 – 74 years) for “Early Recurrence” (P = 0.8; Two-Sample Student’s t-test). For each recurrence class, we performed paired pre- versus post-C/T comparisons to identify significant DEGs. Our goal was to determine if the two recurrence patterns were associated with a specific transcriptomic profile.

In patients with delayed recurrence, we observed significant upregulation of 295 genes and significant downregulation of 153 genes in post-C/T samples compared to pre-C/T samples (Figure 4A, Supplementary Data 3). Interestingly, in patients with early recurrence, no significant DEGs were observed when post-C/T samples were compared to their corresponding pre-C/T samples (Figure 4B, Supplementary Data 4). Twelve out of the thirteen patients in the Late Recurrence group showed uniformly positive and negative log2-fold changes for the top 30 most upregulated and the top 30 most downregulated genes identified, respectively (Figure 5A). This uniformity in gene expression change further suggested to us a potential association between delayed recurrence of disease and the observed gene expression signatures. The top 30 upregulated and top 30 downregulated DEGs for the late recurrence class shown in Figure 5A shared major similarities with the preceding global analysis (Figure 2B). Therefore, to determine if the gene expression changes that we observed from the initial global pre- versus post-C/T analysis (which had ignored recurrence sub-classification, Supplementary Data 1) were driven by the Late Recurrence group (Supplementary Data 3), we compared the lists of all DEGs from the two analyses.




Figure 4 | Ovarian cancer patients with delayed recurrence, but not those with early recurrence, demonstrated significant gene expression changes post-C/T. (A) A volcano plot showing significantly upregulated (red) or downregulated (blue) genes (FDR < 0.05 and |log2-foldchange| > 0.6) post-C/T in Late Recurrence patients. Genes with FDR < 0.01 or |log2-foldchange| > 3 are labeled with HGNC symbols. (B) A volcano plot showing that there was no significantly upregulated or downregulated gene (FDR < 0.05 and |log2-foldchange| > 0.6) post-C/T in Early Recurrence patients.






Figure 5 | Ovarian cancer patients with delayed recurrence showed uniquely upregulated and uniquely downregulated genes post-C/T. (A) A heatmap showing the top 30 upregulated (red) and top 30 downregulated (blue) genes post-C/T in Late Recurrence patients (log2-foldchange was used as the ranking metric). For each gene, log2-foldchange in transcripts per kilobase million (TPM) values was computed per patient, comparing pre-C/T versus post-C/T expression values (pre-C/T as reference). Each column corresponds to a distinct patient. (B) A Venn diagram comparing upregulated genes from the initial Global differential gene expression analysis with upregulated genes from the Late Recurrence differential gene expression analysis. 93 genes (in green square) were uniquely upregulated in Late Recurrence patients post-C/T. (C) A Venn diagram comparing downregulated genes from the initial Global differential gene expression analysis with downregulated genes from the Late Recurrence differential gene expression analysis. 81 genes (in green square) were uniquely downregulated in Late Recurrence patients post-C/T.



Nearly 70% (202 out of 295) of the upregulated genes in patients with delayed recurrence were also found to be upregulated in the initial global comparison (Figure 5B; Supplementary Data 5). Likewise, 72 out of the 153 downregulated genes in the Late Recurrence group were also downregulated in the initial global comparison (Figure 5C; Supplementary Data 6). These results suggest that most of the initial global differential gene expression profile observed were driven by the post-C/T gene expression changes occurring in the Late Recurrence patient sub-cohort; especially since the corresponding log2-foldchanges were greatest in magnitude in the Late Recurrence group (Supplementary Datas 5, 6). When considered alone, patients with early recurrence did not show any significant DEGs post-C/T (Figure 4B).

Interestingly, 93 upregulated genes and 81 downregulated genes were significantly differentially expressed in the Late Recurrence group but lost their significant differential expression in the global analyses (Figures 5B, C, respectively). Since the global analyses included patients who showed early recurrence, we believe that these 93 and 81 genes are genes whose differential expression post-C/T is unique to patients with late recurrence.

To confirm that these unique DEGs were not markedly changed by C/T in those patients who showed early recurrence, we extracted the corresponding log2-fold changes per patient for all 93 upregulated (Figure 6A) and all 81 downregulated genes (Figure 6B). Together, all the 93 genes uniquely upregulated post-C/T in the Late Recurrence group showed significantly more positive log2-foldchange post-C/T in Late Recurrence patients compared to Early Recurrence patients (P = 2.77e-26) (Figure 6A). Similarly, all the 81 genes uniquely downregulated post-C/T in the Late Recurrence group showed significantly more negative log2-foldchange post-C/T in Late Recurrence patients compared to Early Recurrence patients (P = 4.33e-26) (Figure 6B).




Figure 6 | Genes uniquely upregulated post-C/T in Late Recurrence patients were associated with immunological response while uniquely downregulated genes involved cell cycle, DNA repair and angiogenesis. (A) Boxplots of all 93 uniquely upregulated genes (left facet) and top 10 uniquely upregulated genes (right facet). Log2-foldchanges post-C/T are shown separately for Late Recurrence (blue) and Early Recurrence (red) patients. For left facet (i.e., all 93 genes), the median log2-foldchange per gene was plotted as an individual dot. For right facet (i.e., top 10 genes), the individual log2-foldchange per patient was plotted as an individual dot. The p-value shown was obtained from Wilcoxon Rank Sum Test. (B) Boxplots of all 81 uniquely downregulated genes (left facet) and top 10 uniquely downregulated genes (right facet). Log2-foldchanges post-C/T are shown separately for Late Recurrence (blue) and Early Recurrence (red) patients. For left facet (i.e., all 81 genes), the median log2-foldchange per gene was plotted as an individual dot. For right facet (i.e., top 10 genes), the individual log2-foldchange per patient was plotted as an individual dot. The p-value shown was obtained from Wilcoxon Rank Sum Test. ****P < 0.0001.



For patients in the Late Recurrence class, we observed that most of the top 10 uniquely upregulated genes shown in Figure 6A were increased by a greater magnitude of log2-foldchange post-C/T whereas these genes showed median log2-foldchanges barely different from zero (0) in Early Recurrence patients (Figure 6A). Likewise, while all the top 10 uniquely downregulated genes shown demonstrated greater magnitude of decrease post-C/T in Late Recurrence patients, the corresponding log2-foldchange values for the Early Recurrence group were barely different from zero (0) (Figure 6B).

Among the top 10 uniquely upregulated genes, we identified some genes that we believe could have contributed to the different recurrence classes. Interestingly, these comprised mostly of immune-related genes. Late Recurrence patients, but not Early Recurrence patients, showed significant upregulation of LCN6, RGS1, CCL17, IGLL5, and CD79A (Figure 6A). Scientific literature is currently limited on the biology of Lipocalin 6 (LCN6), but it was recently identified as one of a panel of nine immune-related genes able to predict overall survival class of epithelial ovarian cancer patients as “low-risk” or “high-risk” (32). The Regulator of G-protein Signaling protein 1 (RGS1) is known to regulate chemokine-induced lymphocyte migration (33), and has been described as a marker of human CD69+ tissue-resident memory T cells (34). High intra-tumoral expression of the C-C motif Chemokine Ligand 17 (CCL17) has been found to promote T cell infiltration of tumors thereby contributing to improved survival in some cancers (35). However, CCL17 has also been found to facilitate trafficking of CCR4-expressing regulatory T cells into some tumors thereby mediating resistance to immunotherapy in these cases (36). Therefore, the role of CCL17 in the ovarian tumor microenvironment is worthy of further investigation. The biological function of the Immunoglobulin Lambda-Like polypeptide 5 (IGLL5) is yet to be described comprehensively but IGLL5 levels were recently found to be positively correlated with tumor-infiltrating immune cells in renal cancer (37). Lastly, CD79A codes for the alpha chain of a B cell antigen receptor complex-associated protein which is required for B cell development. CD79A is important for B cell activation (38) as well as surface IgM expression (39) following antigen - B cell receptor complex formation. Its significant upregulation following C/T in patients with delayed recurrence could suggest activation of B cells by C/T.

Among the top 10 uniquely downregulated genes, we once more identified some interesting genes that we believe could have contributed to the different recurrence classes. Late Recurrence patients, but not Early Recurrence patients, showed significant downregulation of SYCP2, SMC1B, VEGFA, and CDC25c (Figure 6B). Synaptonemal Complex Protein-2 (SYCP2) is the largest protein component of the synaptonemal complex which is required for homologous recombination of chromosomes and plays critical roles during double-strand DNA break repair in somatic cells (40, 41). Structural Maintenance of Chromosomes protein-1B (SMC1B) is an important component of cohesin which holds sister chromatids together and facilitates double-strand DNA break repair via the homologous recombination pathway (42). Therefore, downregulation of SYCP2 and SMC1B post-C/T in Late Recurrence patients suggests C/T-induced impairment of DNA repair mechanisms, potentially explaining the better treatment outcome. In addition, significant downregulation of the pro-angiogenic Vascular Endothelial Growth Factor A (VEGFA) post-C/T in Late Recurrence patients suggests that, in these patients, C/T could counteract the pro-tumor effects often mediated by VEGFA. This could contribute to the delayed recurrence in this group of patients compared to those with Early Recurrence. Cell Division Cycle 25c (CDC25C) is the critical phosphatase which removes an inhibitory phosphate on the cyclin-dependent kinase CDK1 thereby transitioning dividing cells from G2 phase into M phase. The significant downregulation of CDC25C post-C/T in Late Recurrence patients but not in Early Recurrence patients suggests that HGSOC patients in whom C/T induces cell cycle arrest are more likely to experience delayed recurrence of cancer, as one would expect.

Interestingly, comparing pre-C/T RNA-seq data in Late Recurrence versus Early Recurrence groups yielded no statistically significant differences in gene expression (Supplementary Data 7). This suggests that the gene expression changes in response to C/T, rather than a predefined pre-C/T transcriptomic signature alone, was associated with the observed recurrence pattern.

In summary, our results show that HGSOC patients who recur later than 6 months post standard of care have significant gene expression changes following C/T while those who recur within 6 months after treatment have no significant gene expression changes following C/T. And that differential expression of immune-related genes could be associated with delayed recurrence of ovarian cancer.





Ovarian cancer patients with delayed recurrence after treatment showed upregulation of complement pathway and positive regulation of T cell differentiation following chemotherapy

We next determined the functional significance of the post-C/T differential gene expression that we observed to be unique to patients in the Late Recurrence group. We performed pathway impact and gene ontology enrichment analyses using AdvaitaBio’s iPathwayGuide software. At a significance level of 5% using FDR-adjusted p-values, we found 7 KEGG pathways to be significantly impacted post-C/T in the Late Recurrence patient sub-cohort (Figure 7A). This comprised of FoxO Signaling Pathway, Complement and Coagulation Cascades, Cell Cycle, Coronavirus Disease – COVID-19, Osteoclast Differentiation, Transcriptional Misregulation in Cancer, and Apoptosis (Figure 7A). Most of the genes within the Cell Cycle pathway were downregulated while genes within the Apoptotic pathway were upregulated (Figure 7A), as one would expect. Genes within the Complement and Coagulation Cascade were also significantly upregulated (Figures 7A, B). Interestingly, there was significant upregulation of complement components C7 and C6 which form parts of the Membrane Attack Complex (Figure 7B, Supplementary Figure 4) that inserts into the membranes of cells (e.g., cancer cells) during complement-mediated cell death. Furthermore, complement components C1R and C1S which are the catalytic subunits of the C1 complex that activates Complement Cascade via the Classical Pathway (43) were also upregulated (Figure 7B, Supplementary Figure 4). The tissue damage marker, Tissue Factor F3, an activator of the extrinsic arm of the Coagulation Cascade was also found to be upregulated post-C/T in the group of patients with delayed recurrence (Figure 7B, Supplementary Figure 4). Taken together, these results demonstrate that a critical finding in patients in the Late Recurrence group is that chemotherapy significantly promoted tumor tissue damage associated with an activation of immune responses such as antigen-antibody complex-mediated complement activation.




Figure 7 | C/T induced immunological modifications in late recurrence ovarian cancer patients. (A) Circos plot of significantly impacted KEGG pathways in Late Recurrence patients identified using the iPathwayGuide software. Significantly impacted pathways were those with FDR-adjusted global p-values (i.e., combined pORA and pPerturbation) < 0.05. Pathways are color-coded and shown in the right half of the plot (legend shown beneath the plot). All differentially expressed genes within the impacted pathways are shown in the left half of the plot along with their corresponding log2-foldchanges shown in adjacent boxes, color-coded according to the logFC color scale beneath the plot. Negative logFC (blue) indicates downregulation and positive logFC (red) indicates upregulation. (B) Differentially expressed genes in the Complement and Coagulation Cascade Pathway. Red color indicates gene upregulation.



To further characterize the molecular mechanisms underlying the different recurrence patterns observed in HGSOC patients, we performed Gene Ontology analysis to identify significantly enriched biological processes associated with Late Recurrence. Using a Benjamini-Hochberg FDR-adjusted p-value < 0.05 as significance criterion, we identified 340 biological processes that were significantly enriched, most of which were immunological (Supplementary Data 8). Once more, the smallest common denominator pruning of these GO terms yielded 3 key biological processes that were significantly enriched post-C/T. These were Response to Lipid, Response to Hydrogen Peroxide, and Positive Regulation of T Cell Differentiation (Figure 8A). Of these 3 enriched biological processes, the process with the highest enrichment factor was Positive Regulation of T Cell Differentiation. It was interesting to find that the most DEGs within the Positive Regulation of T Cell Differentiation process included upregulation of ZBTB16 and EGR3, among several others (Figure 8B). ZBTB16 encodes the transcription factor PLZF which drives the expansion and differentiation of populations of unconventional T cells such as invariant Natural Killer T cells (44), MR1-specific MAIT cells (45) and Gamma-Delta (γδ) T cells (46, 47). These immune cells have been shown to play important roles in suppressing tumor progression by demonstrating both direct tumor cell killing and suppression of pro-tumor immune cells (48). In addition, the expression of ZBTB16 has been shown in other cancers like Breast Cancer to directly induce G2/M phase cell cycle arrest, apoptosis, and inhibition of migration and invasion in these cancer cells (49). The second most upregulated gene within the Positive Regulation of T Cell Differentiation term was EGR3 (Figure 8B). EGR3, in addition to its role in regulation of immune cell activation, was recently determined to be a critical metastasis suppressor in other cancers like prostate cancer (50). These results suggest that C/T in HGSOC patients with delayed recurrence does not only induce cancer cell death but also modulates the tumor immune microenvironment and maintains an anti-tumor phenotype.




Figure 8 | Ovarian cancer patients with delayed recurrence showed enrichment of positive regulation of T cell differentiation post-C/T. (A) A dot-plot showing the significantly enriched (adjusted p-value < 0.05) gene ontology (GO) biological processes identified with the iPathwayGuide software. pv_weight = adjusted p-values obtained using the Smallest Common Denominator pruning method for correcting for multiple comparisons. Enrichment Factor (%) = 100*(number of genes differentially expressed in a GO term)/(number of all genes on the GO term). Highest % enrichment is colored red with lowest % enrichment colored green according to the color scale shown. DE_GeneNumber = number of differentially expressed genes in the GO term. (B) Differentially expressed genes in the Positive Regulation of T cell Differentiation GO term. Red color indicates gene upregulation and blue color indicates gene downregulation. (C) STRING network diagram of IL1B as an upstream regulator predicted as activated due to the shown IL1B targets being upregulated (red fill). Red arrows indicate activation, blue lines with perpendicular blocked ends indicate expression, and grey lines with perpendicular blocked ends indicate inhibition. (D) STRING network diagram of STAT3 as an upstream regulator predicted as activated due to the shown STAT3 targets being upregulated (red fill). Red arrows indicate activation, blue lines with perpendicular blocked ends indicate expression, and grey lines with perpendicular blocked ends indicate inhibition.



Based on the pattern of DEGs, iPathwayGuide also has the functionality to predict genes that may be activated (or inhibited) upstream of the observed differential gene expression signature (26). In patients with Late Recurrence, the upstream regulators predicted as activated post-C/T compared to pre-C/T include IL1β (Figure 8C) and STAT3 (Figure 8D). The target genes of these upstream regulators were all upregulated post-C/T in our cohort of patients with Late Recurrence and included genes important for DNA damage repair and apoptosis as expected, but also those involved in the immune response to cancer (Figures 8C, D).





Delayed recurrence, but not early recurrence of ovarian cancer, is associated with significant reversal of immune tolerance to cancer post-C/T

Our results so far have shown that chemotherapy in HGSOC patients who would experience delayed recurrence of ovarian cancer, induces significant changes in the expression of genes associated with immunological processes and pathways. These immunological processes and pathways include positive regulation of T cell differentiation and antigen-antibody complex-mediated activation of the complement system. We next performed immune deconvolution of the bulk RNA-seq data using CIBERSORTx to determine if any changes in fractions of pro-tumor and anti-tumor immune cells infiltrating ovarian tumors occurred following C/T. CIBERSORTx estimates immune cell fractions for 22 different immune cell types (51), the combined results of which are shown in Figure 9, and then shown separately for relevant cell types subsequently. For pre-C/T comparisons of Late Recurrence versus Early Recurrence patient immune cell fractions, we performed the Wilcoxon Rank Sum Test to determine statistically significant differences. For paired pre-C/T versus post-C/T samples of either the Late Recurrence cohort or the Early Recurrence cohort, we performed the Wilcoxon Signed Rank Test to detect statistically significant changes occurring in immune cell fractions post-C/T. Calculated p-values were corrected for multiple comparison using the Benjamini-Hochberg FDR method.




Figure 9 | Global results obtained from immune deconvolution of RNA-seq data from HGSOC patients. Stacked bar-plots showing estimated fractions of 22 immune cell types determined using CIBERSORTx’s in-built LM22 signature matrix. Early Recurrence patients are labelled in red while Late Recurrence patients are labelled in black.



Pre-C/T, fractions of tumor infiltrating regulatory T cells (Tregs), CD8+ T cells, γδ T cells, and resting or activated natural killer (NK) cells were not significantly different between patients with Late Recurrence versus Early Recurrence (Figure 10A): Tregs (adjusted P = 0.75), CD8 T cells (adjusted P = 0.95), γδ T cells (adjusted P = 0.95), resting NK cells (adjusted P = 0.75), and activated NK cells (adjusted P = 0.95). In addition, fractions of macrophage subtypes were not significantly different between the two groups pre-C/T (Figure 10B): M0 Macrophages (adjusted P = 0.61), M1 Macrophages (adjusted P = 0.61) and M2 Macrophages (adjusted P = 0.61).




Figure 10 | There were no significant differences pre-C/T in immune infiltration of tumors from late recurrence versus early recurrence patients. (A) Boxplots comparing pre-C/T estimated cell fractions of T cell and NK cell subtypes between Late Recurrence patients (n=13) and Early Recurrence patients (n=11). P-values shown on plots were calculated from Wilcoxon Rank Sum Test and corrected for multiple comparison using the Benjamini-Hochberg method. (B) Boxplots comparing pre-C/T estimated cell fractions of Macrophage subtypes between Late Recurrence patients (n=13) and Early Recurrence patients (n=11). P-values shown on plots were calculated from Wilcoxon Rank Sum Test and corrected for multiple comparison using the Benjamini-Hochberg method. nsP > 0.05; ns, not significant.



Interestingly, there was significant decrease in the fraction of Regulatory T cells post-C/T in Late Recurrence patients (adjusted P = 0.02) (Figure 11A) while no statistically significant decrease was observed in Early Recurrence patients (adjusted P = 0.55) (Figure 11B). CD8+-T cell fractions, though not statistically significant, were more likely to increase post-C/T in Late Recurrence patients (adjusted P = 0.08) (Figure 11A), compared to Early Recurrence patients (adjusted P = 0.21) (Figure 11B). Both gamma-delta T cells and natural killer cells did not show significant changes post-C/T in either group (Figures 11A, B).




Figure 11 | Delayed recurrence of ovarian cancer was associated with significant decrease in T regulatory cells in the tumor microenvironment post-C/T. (A) Boxplots comparing estimated cell fractions of T cell and NK cell subtypes between pre-C/T (n=13) versus post-C/T (n=13) samples from Late Recurrence patients. P-values shown on plots are calculated from Wilcoxon Signed Rank Test and corrected for multiple comparison using the Benjamini-Hochberg method. (B) Boxplots comparing estimated cell fractions of T cell and NK cell subtypes between pre-C/T (n=11) versus post-C/T (n=11) samples from Early Recurrence patients. P-values shown on plots are calculated from Wilcoxon Signed Rank Test and corrected for multiple comparison using the Benjamini-Hochberg method. *P < 0.05, nsP > 0.05; ns, not significant.



Macrophages play a critical role on tumor progression. Consequently, we evaluated whether there was differential response in macrophage infiltration between Late Recurrence versus Early Recurrence patients post-C/T. We observed a decreasing trend in the M2 macrophage fraction post-C/T for most Late Recurrence patients, though this was not statistically significant (adjusted P = 0.17) (Figure 12A). No such trend was observed for Early Recurrence patients (Figure 12B).




Figure 12 | C/T did not induce statistically significant shift in macrophage subtype in Late Recurrence or Early Recurrence patients. (A) Boxplots comparing estimated cell fractions of Macrophage subtypes between pre-C/T (n=13) versus post-C/T (n=13) samples from Late Recurrence patients. P-values shown on plots are calculated from Wilcoxon Signed Rank Test and corrected for multiple comparison using the Benjamini-Hochberg method. (B) Boxplots comparing estimated cell fractions of Macrophage subtypes between pre-C/T (n=11) versus post-C/T (n=11) samples from Early Recurrence patients. P-values shown on plots are calculated from Wilcoxon Signed Rank Test and corrected for multiple comparison using the Benjamini-Hochberg method. nsP > 0.05; ns, not significant.



Together, our data suggests that, in patients who would show Late Recurrence post-C/T, there is significant reversal of tumor infiltrating immune cell profile from a tolerogenic phenotype towards an anti-tumor profile post-C/T. No such immune profile shift is consistently observed in Early Recurrence patients. The 14 other immune cell types (including neutrophils) compared for Late Recurrence patients (Supplementary Figure 6) and Early Recurrence patients (Supplementary Figure 7) did not reveal any significant impact of chemotherapy on these populations. Neutrophil-to-Lymphocyte Ratios (NLR) were also calculated by dividing Neutrophil fraction by the sum of all T and B lymphocyte fractions for each patient, and the resulting pre- versus post-chemotherapy NLRs compared. No significant impact of chemotherapy was observed on Neutrophil fraction or Neutrophil-to-Lymphocyte Ratio in either Late Recurrence (Supplementary Figure 6) or Early Recurrence patients (Supplementary Figure 7).

To validate our findings in an independent cohort of patients, we downloaded paired pre- and post-C/T RNA-seq data for 20 HGSOC patients published by Javellana and colleagues at the University of Chicago (19). One patient whose pre-C/T sample was from pleural effusion (instead of solid tumor) and another patient who showed intermediate response were excluded. Immune cell fractions of the remaining 18 patients – 8 Early Recurrence and 10 Late Recurrence – were estimated using CIBERSORTx. Once more, were observed no statistically significant differences pre-C/T between tumors from Early and Late Recurrence patients (Figure 13A). However, Late Recurrence patients showed significant reduction in Tregs post-C/T (adjusted P = 0.04) (Figure 13B) while no such significant decrease was observed in Early Recurrence patients (Figure 13C).




Figure 13 | Validation of immune deconvolution results in an independent patient cohort confirms post-C/T decrease of Treg fraction in Late Recurrence patients. (A) Boxplots comparing pre-C/T estimated cell fractions of T cell and Macrophage subtypes between Late Recurrence patients (n=10) and Early Recurrence patients (n=8). P-values shown on plots are calculated from Wilcoxon Rank Sum Test and corrected for multiple comparison using the Benjamini-Hochberg method. (B) Boxplots comparing estimated cell fractions of T cell and Macrophage subtypes between pre-C/T (n=10) versus post-C/T (n=10) samples from Late Recurrence patients. P-values shown on plots are calculated from Wilcoxon Signed Rank Test and corrected for multiple comparison using the Benjamini-Hochberg method. (C) Boxplots comparing estimated cell fractions of T cell and Macrophage subtypes between pre-C/T (n=8) versus post-C/T (n=8) samples from Early Recurrence patients. P-values shown on plots are calculated from Wilcoxon Signed Rank Test and corrected for multiple comparison using the Benjamini-Hochberg method. *P < 0.05, nsP > 0.05.








Discussion

A major unanswered question in ovarian cancer research is why some late-stage HGSOC patients present early recurrence disease after successful initial treatment compared to others who show late recurrence. Finding the answer(s) to this question will have implications for clinical management of HGSOC patients and as such, it is essential to better understand the biology behind the differential response. In the present study we describe a unique immunological signature associated with a positive response to chemotherapy.

Several mechanisms have been proposed to explain differences in patient outcomes. For instance, tumors from poor responders have been proposed to, even before the start of treatment, possess inherent genomic and transcriptomic profiles distinct from tumors from good responders (52). Another hypothesized mechanism is differential ability of cancer cells to suppress uptake (or increase efflux) of chemotherapy drugs, resulting in chemotherapy resistance and potentially facilitating refractoriness to treatment or early cancer recurrence (5).

New evidence suggests that intra-tumoral changes occurring in response to chemotherapy may have a major impact on treatment outcome (19, 53, 54). For instance, using single cell RNA sequencing, a European group found chemotherapy-induced enrichment of stress-related genes in ovarian tumors which was associated with poor prognosis in HGSOC (54). Another group, using bulk RNA sequencing, found chemotherapy-induced upregulation of AP-1 genes particularly in chemo-resistant tumor samples from HGSOC patients (19). These suggest that chemotherapy can induce gene expression changes that impact treatment outcomes.

By studying the transcriptome of HGSOC patients who show late recurrence versus early recurrence patients; and comparing samples before treatment with Carboplatin and Taxol (i.e., pre-C/T) versus post-C/T samples, we generated unique and critical outcomes. In this study, we adopted a stepwise approach to identify the true differences between patients who show Late Recurrence and Early Recurrence. In addition, to determine truly differentially expressed genes, we controlled error rates more strictly by performing quasi-likelihood F-tests with the edgeR package (55) instead of the usual likelihood ratio tests and utilized only FDR-adjusted p-values. Furthermore, we used the more stringent smallest common denominator pruning in iPathwayGuide (26) to identify the most meaningful enriched GO biological processes. We also relied on the more biologically relevant topology-based pathway impact analysis (56) instead of regular overrepresentation analysis or functional class scoring to detect significantly impacted pathways post-C/T.

We found that pre-C/T, there was no statistically significant differences in the transcriptome of ovarian tumors from late recurrence patients versus early recurrence patients. However, in comparing the pre-C/T versus post-C/T transcriptome profiles for each recurrence class, we found that chemotherapy induced significant gene expression changes in tumors from late recurrence patients. On the contrary, the transcriptome of tumors from early recurrence patients did not change significantly following C/T. In patients belonging to the late recurrence cohort, C/T induced downregulation of genes involved in cell proliferation and upregulation of genes involved with apoptosis. This was not surprising since it suggests that chemotherapy effectively induces cancer cell death in patients who would show good response, i.e., delayed (instead of early) recurrence.

Interestingly, we found that C/T also induced significant immunological response in late recurrence patients. Specifically, we demonstrated that when chemotherapy is effective, there is reversal of the immune profile in the tumor microenvironment from a pro-tumor phenotype towards an anti-tumor immune response. To the best of our knowledge, this is the first time that a transcriptomic study in HGSOC patients showed that effective C/T therapy induces an anti-tumor immune response alongside cancer cell death in good responders but not in poor responders.

HGSOC has primarily been considered an immunologically “cold tumor”, with Immune Checkpoint Blockage not yet showing significant success (57). “Cold tumors” are cancers with low infiltration of anti-tumor CD8+ T cells and Natural Killer cells, but high presence of immunosuppressive cell types such as regulatory T cells (Tregs), myeloid-derived suppressor cells (MDSCs) and M2 macrophages (58). This is in contrast with immunologically “hot tumors” which have high infiltration of CD8+ T cells and NK cells with low Tregs, MDSCs and M2 macrophages (58). Tregs, in particular, constitute a major cell type which mediate immune tolerance to cancer (i.e., making tumors immunologically cold) and support tumor progression (59). It is known that immunotherapy is effective in immunologically “hot tumors” where it successfully re-invigorates exhausted anti-tumor immune cell infiltrates. This suggests that converting cold tumors into hot tumors could make them more responsive to immunotherapy (58). Therefore, our finding that C/T converts ovarian tumors from being “cold” towards a “hot” phenotype in patients with late recurrence (Figure 14) suggests that these patients are more likely to benefit from immunotherapy.




Figure 14 | Proposed model of the differential response to Carboplatin plus Taxol in HGSOC patients and its association with different recurrence profiles. In Late Recurrence patients, treatment with Carboplatin and Taxol induces significant gene expression changes and immunological modifications, turning the cold ovarian tumor hot. In Early Recurrence patients, treatment with Carboplatin and Taxol does not induce significant gene expression changes or immunological modifications; hence the tumor remains immunologically cold.



In summary, we report the identification of a unique signature in tumor samples following chemotherapy associated with a long-term response. The intriguing aspect of our findings is the association of immune activation and a better prognosis. Furthermore, our findings also suggest that identifying alternative mechanisms to activate an immune response against cancer in potential “poor responders” at the time of chemotherapy could delay recurrence significantly. Ultimately, this underscores the need for practicing personalized medicine to improve survival for ovarian cancer patients.
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