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SUMMARY

Cancer can recur when a subset of tumor cells, termed persister cells, survive therapy and re-enter 

the cell cycle. Through single-nucleus multi-omic profiling (single-nucleus RNA sequencing 

[snRNA-seq] and single-nucleus assay for transposase-accessible chromatin by sequencing 

[snATAC-seq]) of (1) non-malignant fallopian tubes and (2) treatment-naive and (3) neoadjuvant-

chemotherapy-treated samples from patients with high-grade serous ovarian carcinoma (HGSOC), 

we identify a persister cell signature defining the chemotherapy-tolerant state. The chromatin 
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features of the signature are detectable in residual tumors after treatment and in treatment-

naive tumors from patients who later develop resistance. Further, the signature independently 

predicts chemotherapy response in metastatic HGSOC and patient-derived xenograft models. Cells 

enriched in the persister state display a subset of genes primed for expression before treatment, 

an altered cell cycle, and stress-response programs associated with poor clinical outcomes. These 

findings suggest that an intrinsic regulatory program primes tumor cells toward chemotherapy 

tolerance and reveal new vulnerabilities that can be targeted with chromatin-modifying agents to 

prevent cancer recurrence.

Graphical abstract

In brief

Dumbrava et al. identify a signature of drug-tolerant persister cells in high-grade serous ovarian 

carcinoma using chromatin accessibility and transcriptome single-nucleus profiling. Patient tumors 

with features of the persister cell signature are predisposed to drug tolerance and poor responses to 

chemotherapy treatment.

INTRODUCTION

High-grade serous ovarian carcinoma (HGSOC) is the most common and lethal subtype of 

ovarian cancer. At the time of detection, most patients with HGSOC present with advanced-

stage disease (III/IV) that has already metastasized to the pelvis and abdomen, resulting in 

Dumbrava et al. Page 2

Cell Rep. Author manuscript; available in PMC 2026 March 11.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



a 5-year survival rate below 30%.1 The treatment strategy for HGSOC typically consists of 

radical debulking surgery combined with an adjuvant or neoadjuvant platinum and taxane 

chemotherapy regimen.2 However, despite advances in surgical debulking and targeted 

therapy, patient outcomes remain poor due to the development of recurrent, chemoresistant 

disease.3 Since the standard of care is generally the same for most patients, HGSOC 

becomes a valuable model to study the chemotherapy response. Emerging evidence has 

highlighted the critical role of non-genetic mechanisms as drivers of cancer progression 

and therapeutic resistance, including the ability of a subset of cancer cells to adopt a 

drug-tolerant persister state.4–6 These epigenetic features modulate transcriptional programs 

and cellular functions without modifying the underlying DNA sequence. Although persisters 

are believed to arise from multiple cellular lineages, the precise mechanisms that confer 

this state and enable these cells to tolerate standard therapies remain poorly understood in 

HGSOC.

Persister states in cancer may be mediated by the rewiring of transcriptional programs rather 

than stable genetic changes. The interplay between lineage-specific master transcription 

factors (TFs) and chromatin remodelers has been implicated in maintaining these states 

across various malignancies. Recently, the TFs MECOM, PAX8, SOX17, and WT1 were 

identified to have cooperative DNA-binding patterns that are rewired to promote pro-

oncogenic signaling in HGSOC.7 Tumor-specific modifications to the chromatin landscape 

have also been established across female malignancies with implications for cellular 

reprogramming and activation of oncogenic programs.8

Non-coding regions are an integral part of the regulatory information and contribute 

profoundly to tumor biology.9,10 It has become increasingly evident that regulatory elements 

(i.e., cis-acting enhancers) are rewired in cancer cells to promote growth, survival, and other 

aggressive phenotypes associated with poor clinical outcomes.11–13 Previous studies have 

used transcriptomic and epigenomic approaches to characterize the molecular heterogeneity 

of HGSOC, revealing extensive variation in regulatory mechanisms.7,11,14 However, most 

have relied on bulk genomic sequencing of material collected from heterogeneous mixtures 

of different cell types and from cell lines, obscuring cancer cell-specific activity of 

oncogenic enhancers. Single-cell genomics has revolutionized our ability to explore cellular 

heterogeneity of ovarian tumors, yet the characterizations have been predominantly based on 

transcriptomes via single-nucleus RNA sequencing (snRNA-seq).15–19 The single-nucleus 

assay for transposase-accessible chromatin by sequencing (snATAC-seq)20,21 performs high-

throughput profiling of chromatin accessibility, revealing complex facets of gene regulation. 

Recently, scATAC-seq has allowed for analysis of the chromatin accessibility of ovarian 

cancer omental metastases, identifying profound tumor heterogeneity post-chemotherapy 

and an association between stress responses and chemoresistance.22 Together, gene 

expression (GEX) and ATAC enable the linking of regulatory elements to putative target 

genes at single-cell resolution, offering key mechanistic insights into the molecular basis 

of the drug response and potentially predicting persister states. Here, we present a cohort 

of patients with ovarian cancer profiled by simultaneous transcriptomic and chromatin 

accessibility sequencing from the same nuclei, revealing novel insights into the regulation of 

key oncogenic pathways.
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In this study, we sought to characterize the chromatin landscape and transcriptional features 

of persister cells in HGSOC. We performed single-nucleus multi-omic profiling (snRNA+ 

snATAC seq) of isolated nuclei from (1) non-malignant fallopian tubes (FTs) as well as 

(2) treatment-naive and (3) neoadjuvant-chemotherapy (NACT)-treated tissues from patients 

with HGSOC and (4) patient-derived xenograft (PDX) models from patients with HGSOC. 

This approach enabled us to identify a distinct epigenetic signature of persister cells that 

distinguished the chemotherapy response in treatment-naive tumors, indicating that the 

persister potential is encoded in a chromatin landscape. Importantly, this persister cell 

signature (PCS) also successfully predicted the chemotherapy response in an experimental 

PDX model and metastatic ovarian cancer. Together, these findings reveal an intrinsic 

epigenetic program underlying chemotherapy tolerance and identify new vulnerabilities that 

could be exploited to delay or even prevent ovarian cancer recurrence.

RESULTS

Transcriptomic and epigenomic landscape of FTs and HGSOC

To characterize the transcriptomic and epigenomic landscape of HGSOC, we performed 

single-nucleus multi-omic profiling of GEX and open chromatin from ATAC-seq using the 

10× Genomics platform. Our cohort consisted of tumor samples collected after debulking 

surgery from 9 patients with HGSOC (6 at the time of primary debulking surgery, who 

are designated as treatment naive, and 3 at the time of interval debulking after NACT, 

who are designated as “NACT patients”) (Figure 1A). All tumors were histologically 

classified as high grade, and the patients who received NACT prior to acquisition of 

the debulking surgery specimen were classified as minimally or partially responsive to 

therapy based on their chemotherapy response scores (CRSs; range: 1–2) (Figures 1B and 

S1A). Of the 6 treatment-naive patients, 3 patients were found to be sensitive to adjuvant 

chemotherapy, and the other 3 patients were resistant based on recurrence within 6 months 

of the last cycle of chemotherapy. Since debulking status could be a confounding factor 

for recurrence, we selected only naive tumors with optimal debulking. Furthermore, we 

sequenced histologically normal FT tissues with ostensibly normal cells from a cohort 

of 5 patients who underwent salpingectomy as a control group (hereafter referred to as 

non-malignant FTs).7,23 The oncoprint shows the mutational status of each patient for a 

panel of selected genes associated with homologous recombination (HR) repair machinery 

and the clinical characteristics of the cohort (Figure 1B; Table S1).

After rigorous quality control (Figures S1B and S1C), we obtained high-quality multi-omic 

data for 52,864 cells (Figure 1C). Mitochondrial DNA variant analysis24 confirmed the 

single clonal origin of these tumors in each patient (Figure S2A). Cell types were identified 

using an unsupervised clustering and reference-mapping approach, followed by marker 

validation from GEX, chromatin accessibility, and integration of GEX and ATAC data 

(Figures 1C, 1D, and S2B). As expected, the immune cells, stromal cells, and non-malignant 

epithelial cells from the FT samples clustered together by cell type, while the malignant cells 

(epithelial cells from the tumor samples) clustered by individual patient, as these cells are 

likely to be genetically more similar to each other than any other cell type. Tumor samples 

primarily comprised malignant epithelial cells and had decreased infiltration of immune and 
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stromal cells compared to FTs (Figure 1E). Global changes in open chromatin (cut sites) 

could be characterized by two main observations: (1) a decreasing trend in the chromatin 

accessibility of immune cells from FT to naive tumors and then to NACT tumors and 

(2) a general increasing trend in open chromatin sites in endothelial cells, fibroblasts, and 

epithelial cells from naive tumors to NACT tumors (Figure S2C).

Sub-classification of epithelial cells from normal and malignant patient samples

To identify epithelial subpopulations that were distinct in their GEX profiles, we 

subclustered the epithelial cells (Figure S2A) after applying batch-correction methods to 

remove the influence of patient covariate (Figure 2A). Estimation of copy-number variation 

(Figure 2B)25 to infer changes in genomic structure confirmed high genetic variation in 

the malignant epithelial cells from HGSOC tumor samples. By overlapping the list of 

markers identified in distinct clusters with markers from Ulrich et al.26 and Vasquez-Garcia 

et al.,15 we were able to identify cycling, ciliated, and secretory cell subpopulations (Figures 

2C and 2D). Three other clusters (1–3) were mainly tumor specific. The top markers for 

each epithelial cluster (Figure 2E) and the Human Primary Cell Atlas (HPCA) reference-

mapping scores (Figure S3B) suggest the most likely cell types for each cluster. FT samples 

mostly comprised ciliated and secretory epithelial cells, as expected, while the naive tumors 

had the most cycling cells (Figure 2F). Comparison with canonical cell cycle markers 

supported the epithelial subcluster identification, such that cycling cells had the highest 

G2/mitosis phase (G2M) score (Figure 2G). We observed reduced numbers of cycling 

cells in NACT tumor samples, reflecting the fact that chemotherapy targets cycling cells. 

Co-accessibility analysis using snATAC data showed that the markers for ciliated (FOXJ1) 

and secretory (MSLN)26 cells demonstrate increased co-accessibility in their respective cell 

types, corresponding directly to their increased GEX in FTs (Figure 2H), confirming that 

cis-regulatory interactions can be inferred from the snATAC data. Interestingly, most of 

these interactions are also maintained in tumors, indicating that the regulatory networks for 

genes involved in cell identity are similar to FTs (Figure S3C).

Characterizing the transcriptomic and epigenomic programs of HGSOC

Most cases of HGSOC are thought to arise from the FTs.7,23 To identify molecular 

changes driving malignant transformation, we compared transcriptomic and epigenomic 

profiles of FT and treatment-naive tumor samples (Figure 3A). Cell-type-specific differential 

expression analysis comparing HGSOC naive and FT samples (Figure 3B; Table S2) 

revealed that, globally, there were more genes upregulated in epithelial cells and fibroblasts 

and fewer genes upregulated in macrophages compared to downregulated genes. Several 

established ovarian cancer master TFs (MTFs), including MECOM, ESR1, WT1, and PAX8, 

were upregulated in naive (malignant) epithelial cells, corroborating their role in HGSOC 

(Figure 3B).7 We also identified a significant increase in the macrophage-to-monocyte 

ratio between FTs and naive tumors, suggesting myeloid lineage changes during cancer 

progression, as previously shown (Figure S4A).16 Pathway analysis revealed that cancer-

related processes were upregulated in naive tumors, including changes in cell cycle genes. 

In contrast, FTs displayed an enrichment of inflammatory signaling pathways and tumor-

suppressor responses (Figure 3C).
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We next examined chromatin accessibility changes associated with malignant 

transformation. Enrichment of binding sites of known DNA-binding factors (DBFs), 

including TFs and chromatin regulators in each cell, was estimated from the snATAC 

data.27 Analyzing the top DBFs enriched in each cell type revealed that there was an altered 

open chromatin landscape between FTs and naive tumors that was most pronounced in 

the epithelial cells (Figure S4B). A pairwise correlation analysis between the top epithelial 

DBFs revealed a cooperative DNA-binding pattern in both FTs and tumors (Figures S4C 

and S4D), suggesting that these factors may be working together to orchestrate the changes 

that occur during oncogenesis. The known regulators of ovarian cancer, SOX17, PAX8, 

WT1, and MECOM, are highly correlated in both FTs and cancer, but SOX17 shifts 

its cooperativity to oncogenic programs driven by other SOX family members in the 

malignant state. The AP-1 TF FOSB gains stronger correlations with MECOM, PAX8, and 

WT1 in tumor cells, suggesting that stress-adaptive mechanisms might reinforce oncogenic 

transcriptional programs.

To understand the regulatory relationships between TFs and their target genes in malignant 

and non-malignant states, we used functional inference of gene regulation (FigR)28 analysis 

to predict gene regulatory networks (Figure 3D) in FT and naive tumor samples. The KLF 

family, AP-1 TFs, established drivers of ovarian cancer progression (PAX8, WT1, and 

FOXM1), and hormonal signaling TFs (ESR1 and PGR) orchestrate many of the changes in 

GEX between FT and naive tumors. Globally, naive tumors exhibited an increased number 

of repressive TF-target interactions compared to FTs (Figure 3E). Among the TFs with 

shared activity in both contexts, we observed that some TFs shift from an activating to a 

repressive role between FTs and naive tumors, and vice versa (Figure 3F; Tables S3 and S4). 

These include ATF3, PGR, FOXM1, NR2F1, and ZEB2, which had repressive roles in FT 

and became activators in tumors. In contrast, BACH2, IRF1, RUNX3, STAT4, WT1, and 

ESR1 shifted from being activators in FTs to repressors in naive HGSOC. Together, these 

changes in TF activity and cooperation may orchestrate changes in GEX that are involved in 

the development of HGSOC.

Comparison of NACT patients and adjuvant-chemotherapy-resistant patients revealed a 
PCS

To identify transcriptomic and epigenomic markers of chemotherapy resistance, we devised 

two comparisons: (1) a comparison between treatment-naive patients vs. NACT-treated 

patients and (2) within the treatment-naive patients, a comparison between patients that 

developed sensitivity vs. resistance to adjuvant chemotherapy (Figure 4A). We reasoned 

that a molecular signature leading to chemotherapy resistance could have features similar to 

residual tumors that survived NACT.

We first analyzed the differentially expressed genes in NACT epithelial cells compared to 

treatment-naive epithelial cells (Figures 4B and 4C). These were overlapped with known 

gene signatures established for predicting patient prognosis,29,30 poor chemoresponses,19,31 

MTFs known to be drivers of ovarian cancer,4 markers of molecular subtypes of ovarian 

cancer,29 and markers of evolutionary states in HGSOC32 (Table S5). We found that 

poor chemoresponse and stress-associated gene signatures were significantly enriched in 
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NACT-upregulated genes, while proliferative signatures were significantly enriched in 

naive-upregulated genes. Hallmark pathway analysis revealed that pathways related to 

the cell cycle were downregulated in residual NACT tumors, as expected. Conversely, 

there was an upregulation of hormonal (estrogen response), Notch, cell-cell adhesion, 

epithelial-mesenchymal transition (EMT), and inflammatory signaling pathways in NACT 

tumors (Figure S5A). When performing differential binding-enrichment analysis between 

treatment-naive and NACT tumors on the open chromatin, we found that 9 of 14 (64%) 

ovarian-specific MTFs4 were differentially enriched in NACT tumor open chromatin regions 

(Figure 4D).

Next, we performed a similar analysis on the sensitive and the resistant groups within the 

treatment-naive tumor samples, where we observed that stress-associated genes were also 

significantly upregulated in resistance (Figures 4E and 4F). Epigenomic analysis revealed 

that 10 of 14 ovarian-specific MTFs (71%) were differentially enriched in patients who 

developed chemotherapy resistance (Figure 4G). Looking for molecular similarities between 

NACT (residual) samples and resistant tumors, we found that 89 genes (4%) were common 

in GEX, while 649 DBFs (62%) were overlapping in epigenomic enrichment (Figure 4H). 

Following this observation, we defined the top 100 DBFs that were most significantly 

enriched in open chromatin regions common to NACT and resistant tumors as the PCS 

(Figures 4I and S5B–S5D; Table S6).

The distribution of the PCS score, quantified as the aggregate enrichment score of all 

100 DBFs in each cell (Figure S5E), showed a significant increase between sensitive and 

resistant cells and between resistant and NACT cells (Figure 4J), validating our approach 

to identifying the molecular signature that likely confers persistence potential to certain 

cells. Upon assigning cell states based on PCS scores, i.e., PCS-high state and PCS-low 

state defined as the upper and lower quartiles of PCS scores, respectively, we found that 

the proportion of cells in these PCS states followed similar trends despite patient variability 

(Figure 4K).

Functional characterization and validation of the PCS

We then characterized the factors that comprise the PCS based on their function and known 

associations with ovarian cancer. Overall, the signature consisted of 63 TFs with known 

motifs, including many members of the basic leucine zipper (bZIP), basic-helix-loop-helix 

(bHLH), and zinc-finger (ZF) families (Figure 5A). The TFs in the signature included 22 

TFs with established roles in ovarian cancer, including MECOM, PAX8, WT1, SOX17, and 

ESR1, and TFs linked to cancer stemness, such as SOX2 and KLF4. Several of the factors 

in the signature are responsive to hormonal signaling (AR and ESR1), including PGR, which 

has been linked to HGSOC progression and metastasis.33 Additionally, 37 members of the 

PCS were chromatin regulators. These included families of chromatin remodelers; histone 

readers, such as BRD2, BRD4, and BRD9; histone writers, such as EP300 and CREBBP; 

and erasers, including HDAC1, HDAC2, and KDM1A. The activity of these factors together 

may be dysregulated to promote a persister-like state in malignant epithelial cells that may 

drive resistance to chemotherapy. The full persister signature DBFs and their features are 

listed in Table S7.
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Comparison of the pairwise correlation of DBF enrichment between naive tumors and 

residual disease highlights the cooperativity of the factors that comprise the PCS (Figure 

5B). In contrast to naive disease, the PCS was more tightly correlated with NACT and 

mostly inversely correlated with all other DBFs. Together, the cooperative patterns of these 

DBFs in the epigenetic signature and their targets may be responsible for the change in 

cell state toward a persister fate. Interestingly, cells with high PCS scores came from 

multiple lineages of epithelial cells (Figures S6A and S6B), indicating that the potential for 

persistence is not apparent in the GEX profile. Of note, the cycling cell cluster showed the 

lowest average PCS score.

To test whether the PCS scores have the potential to predict the chemoresponse in an 

independent external cohort of patients with ovarian cancer, we calculated the PCS scores 

in the snATAC-seq data from metastatic omental patient samples before NACT treatment22 

(Figures 5C and 5D). Notably, we observed that patients with higher average PCS scores 

before treatment showed worse overall survival, whereas the patient with the lowest PCS 

score had no recurrence.

Another validation of the PCS came from the enrichment of its factors in ATAC-seq 

profiles of established ovarian cancer cell lines.34–37 Cell lines with higher carboplatin 

IC50 values38 had higher relative PCS enrichment (Figure 5E). Using OVCAR8, which 

exhibited the highest PCS enrichment, as a model for chemoresistance, we tested epigenetic 

drugs that targeted the top chromatin factors in our signature (Figure 5F). These included 

inobrodib and A-485, which inhibit the histone acetyltransferases CREBBP and EP30039; 

the selective bromodomain and extra terminal (BET) inhibitor I-BET-762, which targets 

BRD2/440; and the HDAC1/2 inhibitor CUDC-101.41 We also targeted the Notch pathway 

transcriptional core factors MAML1 and RPBJ using the gamma secretase inhibitor 

MK-0752.42 Additionally, because our signature contained multiple components of the 

SWI/SNF chromatin remodeling complex (ARID1A, SMARCB1, and SMARCA4), we 

included the EZH2 inhibitor tazemetostat43 due to the synthetic lethal relationship between 

SWI/SNF deficiency and PRC2/EZH2 deficiency.44 After calculating the drug response 

for each compound individually (Figure S6C; Table S8), we combined the treatment with 

carboplatin (Figures 5G and S6D) to identify epigenetic dependencies of chemoresistant 

ovarian cancer (Table S8). In OVCAR8 cells, combining carboplatin with either inobrodib 

or I-BET-762 significantly reduced the average carboplatin IC50 compared to carboplatin 

alone. This suggests that, by inhibiting CREBBP/EP300 and BRD2/4, respectively, both 

inobrodib and I-BET-762 may preferentially target chemoresistant cells enriched in the PCS.

Multi-omic inference of downstream pathways regulated by the PCS

Building on these results, we next sought to define the downstream pathways from predicted 

targets of the PCS. Using FigR to combine both GEX and ATAC data, we built regulatory 

networks identifying genes that are predicted to be activated or repressed by TFs within the 

PCS (Figures 6A and 6B). From this analysis, we found that the PCS was largely driving 

the changes in GEX between the groups we compared. Since each of these target genes 

was regulated by more than one factor, we looked at the ratio between their activating and 

repressing relationships to determine if each gene was predicted to be more activated or 
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more repressed (Figures S7A). A large set of genes upregulated in NACT samples (n = 

435) was mostly PCS activated, while a subset of downregulated genes in NACT samples 

(n = 385) was PCS repressed. Pathway analysis on these PCS-target genes revealed that 

cell-cycle-associated pathways were repressed, and pathways associated with transcriptional 

misregulation in cancer and the response to stress and stimuli were activated (Figures S7B 

and S7C). To understand if the predicted targets of the PCS could help us identify the 

pathways that have been implicated in response to chemotherapy, we compared the targets of 

our persister TFs to known gene signatures identified in residual HGSOC or associated with 

quiescence in other tumors19,25 and our own NACT/resistant overlapping genes. The top 

gene signatures that were most activated were cytokine, NACT/resistant genes, interferon 

signaling processes, and stress-associated genes (Figure 6C). The signature also showed 

considerable activation of pathways related to Notch signaling, EMT, PI3K/AKT, and 

quiescence, which have been linked to chemoresistant states.19,32 Of note, the overlap of the 

PCS targets with the majority of the NACT/resistant genes (61/89) observed in our cohort 

supports the idea that the epigenome is also driving these changes upstream. Importantly, 

progression-free survival (PFS) analyses on the PCS-target genes overlapping stress, EMT, 

and quiescence-associated genes showed significantly worse survival of patients with high 

expression (Figure 6D; Table S9).

Pre- and post-chemotherapy analysis of the PCS in PDX models of HGSOC

One of the limitations of the analysis of our patient cohort is the absence of paired 

samples before and after chemotherapy. In order to modulate treatment and test the 

significance of our persister signature before and after the carboplatin/paclitaxel regimen, 

we used PDXs.45,46 HGSOC tumors from three different patients were grafted in 

immunocompromised mice and treated with 3–4 cycles of chemotherapy. Tumor tissue 

from each PDX was collected before treatment (untreated) and after the therapeutic regimen 

(treated) and sequenced via single-nucleus multi-omic profiling (Figure 7A). The models 

were from patients who presented with high-stage and high-grade disease (Figure S8A). 

Based on the changes in tumor size following treatment over time, the PDXs were classified 

as sensitive (PDX 27), stable disease (PDX 235), and resistant (PDX 626) (Figure 7B). 

After filtering out host mouse cells based on GEX (Figures S8B–S8D) and quality control 

(Figures S8E and S8F), we obtained high-quality data for 10,591 human cancer cells. 

Unsupervised clustering, batch-correction, marker analysis, and HPCA reference-mapping 

approaches helped us identify subpopulations, such as cycling and ciliated cells (Figures 

S9A–S9F).

Cells with high PCS scores were distributed across multiple lineages of epithelial cells 

(Figures S10A and S10B). Mitochondrial DNA variants also show that the clonality of the 

samples does not change considerably with chemotherapy treatment, suggesting non-genetic 

mechanisms underlying the tumor response to chemotherapy (Figure S10C). There was a 

significant increase in the average PCS scores across the three untreated PDX models, with 

scores increasing from sensitive to stable to resistant (Figure S10D). Overall, there was also 

an increase in the PCS score in treated tumors compared to untreated PDX tumors (Figure 

S10E). Cell-state assignments based on PCS scores revealed that, following treatment, the 

proportion of cells in the PCS-high state increased in the sensitive PDX (PDX 27), whereas 
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the resistant tumor (PDX 626) contained a high proportion of cells in the PCS-high state 

both before and after treatment (Figure 7C). The increased proportion of cells in a PCS-high 

state following treatment in PDX 27 was also followed by changes in cooperativity of the 

DBFs between untreated and residual PDX 27 tumors (Figure S11A). Conversely, the PCS 

factors were strongly correlated with each other in the resistant PDX 626, which contained 

the highest proportion of malignant epithelial cells in a PCS-high state, both before and after 

chemotherapy treatment.

Differential GEX and pathway analysis comparing untreated and treated PDX tumors 

revealed that cell-cycle-related pathways were downregulated, while angiogenesis and 

immune signaling responses were upregulated in the residual tumors (Figures S11B and 

S11C). Differential enrichment of DBFs between untreated and treated PDX tumors 

revealed that most PCS factors were enriched in the residual PDX tumors (Figure S11D). 

The same trend was apparent when comparing the untreated sensitive (PDX 27) and resistant 

(PDX 626) PDX tumors (Figure S11E), corroborating what we observed in the patient 

cohort. The predicted targets of the PCS largely corresponded with the upregulation of 

signaling pathways related to angiogenesis, hormonal response, stress response, and changes 

to cell-cell adhesion (Figures S11F and S11G). Together, these data support the potential of 

the PCS in predicting the chemotherapy response and suggest that persister-associated genes 

can change the phenotype of cancer cells to promote mechanisms of cancer resistance.

Finally, by combining expression and chromatin patterns before and after treatment, 

we identified genes that were epigenetically primed for expression by the PCS before 

chemotherapy but were only upregulated after chemotherapy (Figures 7D–7F; Table S10). 

Among the predicted 177 target genes downstream of the PCS, we identified 44 genes that 

were only upregulated in PCS-high cells when treated with chemotherapy. 33 of these 44 

genes were also validated in the human samples by expression patterns (Figure 7E). PFS 

analysis using these 33 genes showed a significantly worse outcome in patients with high 

expression of these PCS-primed genes (Figure 7F). Coverage plots around the locus of 

an example primed gene (GIPC1) show the sites with increased accessibility in PCS-high 

cells compared to PCS-low cells (Figure 7G). The GEX patterns show that GIPC1 is only 

upregulated after treatment, even though the epigenetic priming (increase in chromatin 

accessibility) precedes treatment. Overlaying high-throughput chromosome conformation 

capture (HiC) data from an HGSOC cell line12 shows that there is evidence of chromatin 

looping around these sites in ovarian cancer.

Using these experiments, we show that the PCS separates sensitive and resistant PDX 

models based on the proportion of cells with a high PCS score before treatment. Moreover, 

we demonstrate that specific genes in the PCS-high cells can be epigenetically primed 

by the PCS. These genes stay dormant or lowly expressed before chemotherapy but are 

significantly upregulated after treatment, which could explain the mechanism by which 

PCS-high cells gain resistance to chemotherapy.
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DISCUSSION

The survival and latent growth activity of chemoresistant cancer cells remains a significant 

barrier to improving patient outcomes in cancer therapy. Here, we define a PCS that captures 

the chromatin and transcriptional features of residual HGSOC following chemotherapy. 

Using single-nucleus epigenomic profiling in a cohort of patient tumors and PDX 

models, we show that the PCS is enriched in residual disease and predicts the patient 

response to chemotherapy in treatment-naive tumors. Functionally, the PCS promotes 

downstream stress-adaptive and survival pathways associated with poor clinical outcomes. 

Importantly, we show that key PCS components can be therapeutically targeted with 

epigenetic modulators, representing opportunities to overcome chemoresistance. Together, 

these findings support a model in which intrinsic epigenetic states underlie the persistence of 

ovarian cancer cells in the face of chemotherapy treatment.

To date, the investigation of chemoresistance in cancer has primarily focused on genetic 

mutations, DNA repair deficiencies, and changes at the GEX level.29,31,32,47,48 However, 

emerging evidence suggests that epigenetic mechanisms, including changes to chromatin 

remodeling, may play a pivotal role in cancer development49 and the persistence of 

tumor cells following treatment.5 The ability to perform simultaneous RNA and chromatin 

accessibility profiling from the same nuclei enabled the direct linkage of regulatory elements 

to GEX programs. Consistent with recent studies, we have identified changes in chromatin 

accessibility in tumor cells post-chemotherapy.22 Further, we show that residual cancer cells 

following NACT display an enrichment of open chromatin that corresponds with the activity 

of DBFs implicated in changes to the cell cycle, stress responses, and oncogenic signaling 

processes. Notably, epigenetic features predictive of persistence were already detectable in 

treatment-naive tumors, indicating a pre-existing tolerance. These features were associated 

with genes already upregulated in persister cells prior to treatment but also revealed genes 

that are epigenetically primed for expression only to be activated upon chemotherapy. In 

a sensitive PDX model, chemotherapy also induced a shift toward the persister epigenetic 

state, supporting a tumor adaptive process akin to epigenetic reprogramming and cellular 

plasticity.

The identification of an enriched signature associated with TFs and chromatin remodelers 

in residual and chemoresistant HGSOC highlights the need for studying tumor resistance 

mechanisms at the epigenetic level. Based on our signature, we expect that cancer cells 

have several mechanisms that allow them to persist in the face of chemotherapy. Specific 

epigenetic landscapes could enable each cell to choose its appropriate mechanism(s) 

of survival. The signature consists of TFs involved in the transition of FTs toward 

oncogenic programs,7 several members of the AP-1 family linked to stress-adaptive 

transcriptional responses,19 antioxidative responses,5,50 and hormone signaling pathways. 

Chromatin regulators, including CREBBP, EP300, BRD2/4, and HDAC1/2, were also highly 

represented, reinforcing that the features of persistence to chemotherapy are orchestrated 

by changes in the epigenetic landscape.12 Importantly, the accessibility of several stemness 

factors, including SOX2, FOXM1, and KLF4, may be influenced by chromatin remodelers 

in the signature, such as the SWI/SNF chromatin remodeling complex members.51 Of these, 

SOX2, in cooperation with JUNB, FOS, and TSC22D1, has already been implicated in 
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the reactivation of the cell cycle after a reversible cell-cycle arrest observed in quiescent 

cancer cells.52,53 Following this model, cells can shift from the quiescent state and then 

subsequently re-enter the cell cycle to lead to cancer recurrence.52 In our study, we found 

cells with high PCS scores from all lineages but a consistently lower average score in 

cycling populations, supporting a model of transient quiescence.

To directly test the functional importance of the PCS, we identified the CREBBP/EP300 

inhibitor inobrodib and the BRD2/4 inhibitor I-BET-762 as pharmacological options to 

overcome carboplatin resistance. These findings align with previous studies showing that 

BET inhibitors synergize with carboplatin54 and poly(ADP-ribose) polymerase inhibitors in 

chemoresistant states55 and also suggest that the histone acetyltransferases CREBBP/EP300 

represent promising therapeutic targets in ovarian tumors, as has been described in multiple 

cancers.39 Together, these results support that chemoresistant states can be therapeutically 

targeted through specific epigenetic vulnerabilities. Given the high recurrence rates observed 

in HGSOC, early identification of patients harboring tumors with a high PCS score could 

facilitate personalized treatment strategies aimed at pre-emptively targeting residual disease.

In conclusion, we have identified potential markers of persister cells in HGSOC at the 

epigenetic level. Understanding and targeting the mechanisms underlying persister cell 

survival may reveal new vulnerabilities that could be exploited to delay or prevent cancer 

recurrence.

Limitations of the study

This study provides important insights into the mechanisms of cancer cell persistence 

following chemotherapy, but there are several limitations that should be acknowledged. 

While the findings from the patient cohort were validated in PDX models, additional 

validation in larger patient cohorts is needed to include different molecular subtypes from 

HGSOC.29 Although our cohort includes tumors with and without pathogenic variants in 

genes related to homologous recombination, it is possible that different genotypes will 

promote distinct pathways for persistence. The potential of the PCS for early identification 

of chemotherapy response needs to be evaluated in a larger cohort of patients, but the 

availability of epigenetic data for such a cohort is a serious limitation at present. The 

precise mechanisms by which the identified TFs and chromatin regulators drive persister cell 

survival also remain to be fully elucidated. Future studies should focus on the functional 

evaluation of the synergistic role of these factors to determine their likelihood to promote the 

persister state. Additionally, our patient cohort did not include paired tumor samples from 

before and after chemotherapy, based on the lack of clinical availability of these tissues. 

The PDX cohort gave us this sequential information in tumors with different responses to 

chemotherapy, but PDX models do not fully replicate the biology of HGSOC, especially 

because PDX models lack critical components of the tumor microenvironment.
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RESOURCE AVAILABILITY

Lead contact

Requests for further information and resources should be directed to and will be fulfilled by 

the lead contact, Alexandre Gaspar-Maia (maia.alexandre@mayo.edu).

Materials availability

This study did not generate new unique reagents.

STAR★METHODS

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Patient samples: Fresh tissues from patients with high grade ovarian cancer were 

collected at the time of primary debulking surgery at Mayo Clinic, Rochester. Written 

informed consent was obtained from all patients and documented in the electronic medical 

record. The procedures involving human participants were conducted in accordance with the 

Declaration of Helsinki. All tumor tissues were coded with a patient heterotransplant (PH) 

number to protect patient identity in accordance with the Mayo Clinic IRB (09-008768) 

and in accordance with the Health Insurance Portability and Accountability Act through 

the Mayo Clinic Ovarian Tumor Repository. Normal human fallopian tube specimens were 

processed from flash frozen tissue and obtained from the Mayo Clinic Fallopian Tube 

Organoid Biobank, IRB 18-001967, with study approval under IRB 18-007521.

Patient-derived xenograft models: PDXs were developed by intraperitoneal injection 

of the donor tumor into female SCID beige mice (C.B.-17/IcrHsd-Prkdcscid Lystbg; 

Inotiv). Briefly, 0.1 to 0.3 cc of grossly malignant tissue was minced and mixed 1:1 

with McCoy’s media, supplemented with a one-time dose of Rituximab at the time of 

initial tumor implantation to reduce the occurrence of spontaneous lymphomas, and injected 

intraperitoneally. No enzymatic or mechanical tumor dissociation was performed. Mice 

were monitored by routine palpation for engraftment and tumors were harvested when 

moribund. PDX models are reported here in accordance to the international minimal 

information standards. Treatments were started when palpated tumors reached 0.5–1 

cm2. Chemotherapy consisted of carboplatin (51 mg.kg−1) and paclitaxel (15 mg.kg−1) 

administered intraperitoneally (IP) once a week. All therapies were administered for 3 or 4 

weeks for PH27, PH235, and PH626. The tumor size was assessed weekly by ultrasound; 

three measurements per session for each animal were made and averaged. All animal 

procedures were approved by the Mayo Clinic Institutional Animal Care and Use Committee 

(IACUC), consistent with all policies of the American Veterinary Medical Association.

Cell culture: OVCAR8 ovarian cancer cells were obtained as a generous gift from 

the Kaufmann lab at Mayo Clinic and were cultured in recommended media (RPMI 

supplemented with 10% FBS and 1% Penicillin/Streptomycin). Cells were grown in a 

humidified 37°C incubator with 5% CO2 and used for dose response experiments within 

10 passages. Cells were authenticated (IDEXX bioanalytics) and tested for mycoplasma 

frequently using the Applied Biological Materials Mycoplasma PCR Detection Kit. For 
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growth curves, 750 cells were plated in each well of a 96-well plate and their growth 

was followed for 4 days in Incucyte (Sartorius), with acquisition every 24 h. 24 h after 

plating, cells were treated with carboplatin alone, carboplatin + DMSO (vehicle controls), or 

carboplatin + epigenetic therapies targeting the PCS. Each experiment was performed in a 

technical triplicate (3 wells per dose) with at least 3 independent replicates. Confluency 

was quantified in each well and the relative confluency to the control was calculated 

for each experiment on day 4 of culture. IC50s of each individual agent or combination 

were obtained with non-linear regression analysis using GraphPad Prism (version 10.4.1). 

Clinical grade carboplatin (Novaplus 61703-360-18) was obtained at the Mayo Clinic 

Pharmacy. Drugs targeting members of the PCS including A-485 (S8740), I-BET-762 

(S7189), inobrodib (S9667), CUDC-101 (S1194) and tazemetostat (S7128) were purchased 

from Selleckchem.

METHOD DETAILS

Nuclei isolation: Nuclei isolation procedure for Multiome experiments were performed 

as previously established.79 Fresh tumor tissue obtained from patients with ovarian cancer 

after debulking surgery was transferred in a sterile 10 cm culture dish and finely minced 

using scissors in KRB buffer. The sample was centrifuged at 500 g for 5 min at 4°C, and 

the supernatant was gently removed without disrupting the pellet. Washes were repeated 

until the supernatant appeared clear. After the last centrifugation, tissue was aliquoted in 

cryovials and frozen in liquid nitrogen. On the day of the experiment, frozen tissue was 

cut into small pieces without thawing and used for the nuclei isolations. For fresh fallopian 

tube specimens from patients undergoing salpingectomy were collected, single cells were 

isolated, red blood cells were lysed, and the remaining cells were processed. The nuclei 

isolation was performed based on the 10x genomics suggested protocol for Complex Tissues 

for snATAC + snRNA. After mincing, a small piece of tissue the size of rice grain was 

transferred to a 2 mL microcentrifuge tube containing 300 μL of NP-40 Lysis Buffer and 

homogenized on ice using a pellet pestle. After adding 1 mL of NP-40 Lysis Buffer, the 

samples were incubated on ice for either 5 or 30 min. After incubation, the samples were 

strained using a 70 μm cell strainer, and the flow through was then centrifuged 500g for 5 

min at 4°C. After centrifugation, the nuclei were permeabilized by resuspending in 100 μL 

of 0.1X Lysis Buffer and incubating on ice for 2 min. After adding 1 mL of Wash Buffer, the 

nuclei were centrifuged at 500 g for 5 min at 4°C, and the pellet was resuspended in Diluted 

nuclei buffer. The nuclei concentration was assessed by PI staining using a Cellometer K2 

cell counter. As described below, five thousand nuclei were targeted for capture and used for 

single nuclei snATAC + snRNA.

Single nuclei snATAC + snRNA-seq: Between 1000 and 8000 nuclei per sample 

were subjected to transposase assays (exposing buffered nuclei to Tn5 transposase) before 

proceeding to single-nucleus partitioning into gel beads in emulsion, barcoding, and pre-

amplification. ATAC library construction and cDNA, followed by GEX library construction, 

were done following established 10x Genomics protocols. The libraries concentration was 

measured using Qubit High Sensitivity assays (Thermo Fisher Scientific), and library 

profiles were assessed in a fragment analyzer (Advance Analytical) before sequencing. 

The snATAC and snRNA libraries were sequenced for 50bp paired end sequencing, PE50 
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and 100PE, respectively on a HiSeq 4000, NextSeq 2000 or NovaSeq X 1.5B instrument 

(Illumina) before demultiplexing and alignment to the reference genome (GRCh38/hg38).

DNA extraction from patient tumors: Genomic DNA was isolated from snap-frozen 

tissues samples according to the MasterPure Complete DNA and RNA Purification Kit 

(Biosearch Technologies MC85200). Briefly ~10 mg of tissue was homogenized in lysis 

solution containing Proteinase K and incubated with agitation at 65C for 30 min. Samples 

were subsequently treated with RNase, followed by protein precipitation and then purified 

DNA was resuspended in TE buffer. NanoDrop spectrophotometry quantified DNA yield 

and quality.

Data analysis

Multiome data processing: The single nuclei snATAC + snRNA-seq data was processed 

using data analysis pipeline previously published.79 Sequenced reads from the gene 

expression (GEX) and DNA accessibility (ATAC) droplet libraries were aligned and 

quantified using 10x Genomics Cell Ranger ARC v2.0.0. The reads were aligned to the 

pre-built human reference genome GRCh38 - v2020-A-2.0.0 (May 3, 2021) provided by 

10X Genomics. After quality control, data from each sample was processed using Seurat56 

and Signac functions.57 GEX and ATAC count matrices from each sample were merged 

independently using Seurat. GEX count matrix was log-normalized, scaled to mean 0 

and variance 1, and dimensionality reduction was performed using PCA on the top 2000 

highly variable genes. Uniform manifold approximation and projection (UMAP) for GEX 

was calculated using the top 50 principal components. Open chromatin peaks called per 

sample were merged using reduce function from GenomicRanges R package, then the ATAC 

fragment count matrix was recalculated using Signac. Merged peaks that were smaller than 

20 base pairs or larger than 10000 base pairs were removed from analysis. The ATAC count 

matrix was normalized using Term Frequency - Inverse Document Frequency (TF-IDF) 

and dimensionality reduction performed using singular value decomposition (SVD) using 

only peaks with non-zero counts in at least 20 cells - together known as latent semantic 

indexing (LSI) that generates LSI components. The UMAP for ATAC was calculated using 

LSI components 2 to 50. Seurat’s weighted nearest neighbor (WNN) algorithm was used on 

principal components 1 to 50 (GEX) and LSI components 2 to 50 (ATAC) together to obtain 

a combined UMAP projection of both modalities. The integrated data included 70,675 cells 

from 14 patient samples. Cells with more than 20% of reads mapped to mitochondrial 

genes, those with less than 200 unique genes detected (GEX), those with less than 200 

unique peaks detected (ATAC) and those with transcription start site (TSS) enrichment score 

(as calculated by Signac) less than 1 were removed for quality control. After QC filtering 

52,864 cells were used for all downstream analysis.

Cell type identification: Cell type identification was performed using SingleR60 in 

combination with unsupervised clustering using a shared nearest neighbor (SNN) 

modularity optimization-based clustering algorithm performed by Seurat’s FindNeighbors 

and FindClusters functions. A subset of relevant cell types curated from the Human Primary 

Cell Atlas80 reference dataset from celldex was used as the transcriptome reference for 

SingleR. Clusters that distinctly grouped by patients and contained majority epithelial cells 
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(as identified by SingleR) were all relabeled as epithelial cells. Markers for each cell 

type was identified using Seurat’s FindAllMarkers function for validating the cell types 

identified.

Epithelial sub-clustering: To identify sub-populations within epithelial cells, we applied 

Harmony61 batch-correction on the GEX matrix containing only the epithelial subset, 

then performed unsupervised clustering followed by marker identification using Seurat’s 

FindAllMarkers function. The markers were overlapped with known markers to identify 

known cell sub-populations like cycling, ciliated and secretory cells.

Differential gene expression analysis: Differential gene expression testing in GEX data 

was performed on the log-normalized counts using Seurat’s FindMarkers function with 

default parameters unless specified otherwise. Wilcoxon rank-sum test with p values 

adjusted using Bonferroni correction based on the total number of genes in the dataset. 

Statistically significant differentially expressed genes were selected by keeping only genes 

that fall below the adjusted p value threshold of 0.05. Differential gene expression testing 

comparing any two conditions was always done for each cell type independently (although 

shown together in the volcano plots for efficient visualization), unless specified otherwise. 

To make sure that the results were not driven by a single patient sample we applied a 

leave-one-out approach on all tests where we removed cells from one sample at a time 

redoing the tests and keeping only the genes that passed the adjusted p value threshold 

in all tests. Pathway analysis was performed using singleseqgset R package. Gene set over-

representation analysis on custom gene sets from literature was performed using enricher 

function from clusterProfiler81 and over-representation analysis on gene set databases was 

performed using gprofiler.65

Enrichment of DNA binding factors in ATAC data: DNA binding factor enrichment 

in open chromatin (ATAC) data was estimated using ChromVAR27 enrichment scores 

calculated using binding-site data obtained from ReMap2022.62 Non redundant peaks 

from the ReMap database was used. Recent data for MECOM, SOX17, PAX8 and WT1 

obtained from Nameki et al.,7 FOXK2 from Zhang et al.,82 and SOX2 from de Wet et al.83 

were obtained from GEO accession numbers GSE227779, GSE173777 and GSE166183 

respectively and appended to the ReMap database before analysis. Differential enrichment 

between groups of cells was calculated using Seurat’s FindMarkers function (Wilcoxon 

rank-sum test with p values adjusted using Bonferroni correction) on the ChromVAR 

deviation scores (Z scores).

Persister cell signature: The persister cell signature was defined by performing DNA 

binding enrichment analysis on open-chromatin regions (peaks) that were differentially 

accessible in both NACT (vs. naive) and resistant (vs. sensitive) malignant epithelial 

cells. Differential accessibility testing was performed using Seurat’s FindMarkers function 

(Wilcoxon rank-sum test with Bonferroni correction). ReMapEnrich was then used to 

calculate the enrichment of all DNA binding factors on the common differentially accessible 

peaks (n = 1762), and the results were ranked by Q significance. The top 120 DNA binding 

factors were selected and further filtered by removing factors with very low gene expression. 

Dumbrava et al. Page 16

Cell Rep. Author manuscript; available in PMC 2026 March 11.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



This is done by selecting only the top 100 factors ranked by percentage of cells expressing 

each factor in the NACT group. We defined these 100 DNA binding factors as the persister 

cell signature (PCS). The combined enrichment of all 100 DNA binding factors PCS score 

per cell was calculated using Seurat’s AddModuleScore function. PCS High and PCS Low 
cells were defined as cells within the upper and lower quartile of the PCS score distribution, 

respectively. Curated datasets were used to classify persister signature factors as TFs28,84 

and as chromatin regulators.85,86

PCS primed genes: To identify genes that were epigenetically primed for expression by 

the PCS but are only upregulated after chemotherapy, we started with genes that were 

predicted by FigR to be targets of transcription factors in the PCS. We then filtered these 

genes for direct targets of the PCS i.e., only those genes with detectable differentially 

accessible peaks (more accessible in PCS high cells compared to PCS low cells) within 

150 Kb genomic distance from the gene. 177 direct targets of the PCS were differentially 

expressed in Treated PDX samples compared to the Untreated samples exclusively in the 

PCS high cells. Among these genes, 44 genes didn’t show any difference in expression 

between PCS High and PCS Low cells before treatment indicating that these are likely 

candidate genes that are epigenetically primed in PCS high cells before treatment and are 

upregulated after chemotherapy treatment. As a sanity check, we removed genes that were 

inconsistent with the patient data, i.e., those genes that were downregulated in NACT patient 

samples compared to the naive samples. Finally, we found 33 genes that we analyzed as 

PCS primed genes that likely confer chemotherapy resistance to cells in the residual tumor. 

Heatmap for the differentially accessible peaks was plotted with deepTools87 computeMatrix 

and plotHeatmap functions using pseudobulk bigwig files exported from the Seurat object 

and the differentially accessible peaks BED files.

Identification and removal of mouse cells in PDX data: The sequenced reads from the 

Multiome assay performed on the PDX samples were aligned to both the mouse (mm10) 

and human (hg38) reference genomes using 10x Genomics Cell Ranger ARC v2.0.0. All 

downstream processing was performed as described above, on both genomes independently. 

The fraction of reads that map to mouse genes and the fraction of reads mapping to human 

genes were calculated per cell. Unsupervised clustering and this fraction were used to 

determine the cluster of mouse cells.

Prediction of TF regulatory relationships with target genes: The relationship between 

transcription factors and their target genes were inferred from both GEX and ATAC data 

by using FigR.28 FigR combines gene-peak correlation calculated from both modalities to 

identify domains of regulatory chromatin (DORC) which are gene neighborhoods that likely 

have high regulatory activity. The algorithm then combined relative enrichment of TF motifs 

in DORCs and the correlation of TF RNA expression and DORC accessibility to identify 

TFs that activate or repress different target genes.

Mitochondrial DNA variant analysis: Single-cell mitochondrial DNA genotyping was 

performed using mgatk63 on the snATAC data from each sample. Default parameters were 
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used while running mgatk. Only variants that were confidently detected in more than 5 cells 

and those with a strand correlation >0.65 were considered after QC.

Copy number variants identification: Numbat64 was used on the snRNA data from each 

sample for identifying copy number variants, using default parameters. Cells with posterior 

probability score >0.55 were considered CNV high, and those with probability <0.45 were 

considered CNV low, and those in between 0.45 and 0.55 were considered ambiguous.

Co-accessibility plots: Co-accessibility scores between open-chromatin regions in each cell 

type were calculated using Cicero.58 The co-accessibility plots around genes were plotted 

using Seurat’s CoveragePlot function.

Enrichment of PCS in ovarian cancer cell lines: Bulk ATAC-seq data for ovarian 

cancer cell lines were obtained from Gene Expression Obmibus (GEO) - A2780 

(GSM4490937, GSM4490938, GSM4490939), Caov3 (GSM3161712, GSM3161713), 

Kuramochi (GSM7898878, GSM7898879), OVCAR3 (GSM5815615, GSM5815616, 

GSM5815617), OVCAR8 (GSM3161724, GSM3161725), PEO1 (GSM4490943, 

GSM4490944, GSM4490945) and PEO4 (GSM4490946, GSM4490947, GSM4490948).34–

37 Reads were trimmed using TrimGalore (with parameter--nextseq 20) then aligned to the 

hg38 reference genome using bowtie272 (with default parameters). High quality alignments 

(q30) were obtained and sorted using Samtools.73 Duplicate read mappings were removed 

using Picard (default parameters). Peaks were called using MACS274 (default parameters). 

Peaks unique to each cell line were then computed using Bedtools.75 The enrichment of 

DNA binding factors in each cell line was then calculated using ReMapEnrich. The relative 

PCS enrichment was estimated by calculating the difference in average enrichment (effect 

size) between the PCS factors (n = 100) and all other factors (background). Carboplatin 

IC50s for all cell lines were obtained from publicly available studies.38,88

Kaplan-Meier survival analysis: Kaplan-Meier plots displaying the association between 

gene expression and patient progression-free survival were obtained using KM plotter.67,89 

All serous ovarian subtypes were probed with a survival threshold of 120 months and the 

best-cutoff was autoselected.

Hi-C data analysis: Hi-C data for OVCAR3 from Kelly et al.12 was downloaded from 

GEO accession number GSE174259. Loops were called using Mustache68 with 5 Kb 

resolution and p value threshold of 0.05. The hic files were imported and plotted using 

HiCExperiment69 and Plotgardener70 R packages. The coverage plot was generated using 

Seurat’s CoveragePlot and CombineTracks functions. Since the downloaded hic files were in 

reference to hg19 genome the plots were later aligned using peaks and gene tracks from the 

coverage plot lifted over to the corresponding genome versions.

Homologous recombination deficiency mutation panel: A customized QIAseq Targeted 

DNA Pro (Qiagen), covering over 100 genes, was used for ultrasensitive targeted next-

generation sequencing (NGS) and DNA library preparation compatible with Illumina 

platforms. Briefly, 50ng of high-quality genomic DNA - or at least 100ng of DNA extracted 

from FFPE samples - was fragmented, end repaired, and A-tailed, followed by ligation 
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with sequencing platform-specific adapters containing unique molecular indices (UMIs). 

Target enrichment and final library construction were then performed. Unique dual index 

(UDI) primers were used for sample indexing. The sequencing was carried out on the 

Illumina NovaSeq X platform. Bioinformatic processing included sample de-multiplexing, 

FASTQ file trimming, execution of the Sarek DNA pipeline76 on Google Cloud Platform 

(GCP), joint genotyping, variant annotation, and formatting. Genetic variants were identified 

using the Genome Analysis Toolkit (GATK)77 HaplotypeCaller. Variants with a frequency 

threshold ≥ 0.01 or read depth <10 were excluded. Variant classification was based on 

ClinVar78 when available, otherwise, frameshift and nonsense variants occurring before 

the nonsense-mediated decay (NMD) cutoff were classified as pathogenic, while all other 

variants were designated as variants of uncertain significance (VUS).

QUANTIFICATION AND STATISTICAL ANALYSIS

All data acquired in this study are presented as the mean ± SEM from the indicated sample 

size. We performed statistical analyses and graphs processing using Prism (version 10.4.1) 

or in R-studio (version 4.3.2). We performed either a two-tailed unpaired Welch’s t test or 

the non-parametric Wilcoxon rank-sum test for comparison of two groups depending on the 

distribution of the data. p values less than 0.05 were considered statistically significant. All 

sample sizes (N) are noted in the figures or corresponding figure legends.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Data and code availability

• The Multiome (GEX + ATAC) datasets generated and analyzed in this study 

have been deposited into the NCBI Gene Expression Omnibus (GEO) database 

(https://www.ncbi.nlm.nih.gov/geo/) with accession number GEO: GSE293459, 

as listed in the key resources table.

• The code used for analysis can be accessed on GitHub (https://github.com/

LabFunEpi/PCS) and on Zenodo (https://doi.org/10.5281/zenodo.17517805), as 

listed in the key resources table.
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• Any additional information required to reanalyze the data reported in this work is 

available from the lead contact upon request.
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Highlights

• Multi-omic snRNA-seq and snATAC-seq profiling of fallopian tubes and 

ovarian cancer

• Identification of persister signature predictive of patient chemotherapy 

responses

• Signature drives stress-adaptive and quiescence pathways linked to poor 

outcomes

• Persister cells are primed for chemotherapy tolerance via chromatin 

accessibility
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Figure 1. Single-nucleus multi-omic profiling of HGSOC and non-malignant fallopian tubes
(A) Overview of patient cohort consisting of non-malignant fallopian tube (FT) (n = 5), 

naive (n = 6), and neoadjuvant chemotherapy (NACT)-treated (n = 3) HGSOC tissues and 

the experimental methodology used for multi-omic snRNA-seq and snATAC-seq profiling.

(B) Oncoprint showing gene mutation status and clinical characteristics for each patient. 

VUS, variant of unknown significance; CRS, chemotherapy response score; NA, not 

available.
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(C) Uniform manifold approximation and projections (UMAPs) of gene expression (GEX), 

ATAC data, and GEX and ATAC data integrated using weighted nearest neighbor (WNN) 

approach, colored by cell type.

(D) UMAPs (WNN) colored by group and patient sample. The number of cells (n) is shown 

in brackets.

(E) Bar plots showing the proportion of cells per cell type in each sample.
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Figure 2. Characterization of epithelial cell subpopulations
(A) UMAP of GEX data from epithelial cells after batch correction using Harmony, colored 

by sample and by group. The number of cells (n) is shown in brackets.

(B) Copy-number variation identified in epithelial cells from each patient sample using 

Numbat.

(C and D) Epithelial cell subpopulations identified using unsupervised clustering and 

compared against known markers from literature. The number of cells (n) is shown in 

brackets.
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(E) Dotplot showing the top 10 markers of each epithelial subpopulation and their average 

expression across clusters.

(F) Bar plots showing the proportion of cells per epithelial cell type per sample.

(G) Ridgeplot showing G2M cell cycle phase scores for each cluster based on canonical 

markers.

(H) Cicero co-accessible sites around marker genes for each epithelial cell type in 

FTs (FOXJ1 for ciliated and MSLN for secretory cells). The violin plots show the log-

normalized GEX.
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Figure 3. Comparison of transcriptomic and epigenomic programs between non-malignant FTs 
and HGSOC
(A) Schematic overview of FT (n = 5) and naive (n = 6) patient cohorts.

(B) Volcano plot showing differentially expressed genes per cell type between FTs and naive 

tumors. TFs known to play a role in ovarian cancer malignant programs7 are highlighted. 

Bar plots on the right show the proportion of genes per cell type upregulated in the FT and 

naive groups, respectively.

(C) Predicted ontology of Hallmark gene sets enriched in FTs and naive tumors.
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(D) Gene regulatory networks (GRNs) highlighting the top TFs that underlie each state and 

their activating or repressive relationships to their target genes. TF-target gene relationships 

were inferred using FigR.

(E) Bar plots summarizing the proportion of activating (green), repressive (red), and 

inconsistent (gray) relationships predicted for all shared TFs in FTs and naive tumors.

(F) Bar plots highlighting the proportion of activating, repressive, and inconsistent 

relationships for each TF with activity in both FTs and naive tumors based on FigR 

predictions. The total number of TF-target gene relationships for both FTs and naive tumors 

is shown as a heatmap on the bottom, and the top 25 TFs with changes in their activity are 

labeled on each end. TF nodes from FT and naive tumor GRNs are highlighted in bold.
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Figure 4. Comparison of NACT and resistant samples reveals a persister cell signature
(A) Schematic overview of naive (n = 6) and NACT (n = 3) patient cohorts, including naive 

sensitive and resistant.

(B–D) Comparisons between naive and NACT tumors: (B) volcano plot showing 

differentially expressed genes in epithelial cells. (C) Overlap of gene sets predictive of 

patient response/outcomes in ovarian cancer and the genes upregulated in naive (n = 

3,327) and NACT (n = 1,048) tumors. The number of genes in each gene set is shown 

in brackets. The statistical significance was calculated using a hypergeometric test with 
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Benjamini-Hochberg (BH) correction. Significantly enriched gene sets (p < 0.05) are shown 

in bold and with an * next to the bar. (D) Differential enrichment of DNA-binding factors 

(TFs and chromatin remodelers) in epithelial cells predicted by ChromVAR analysis on 

snATAC-seq data. Ovarian-specific master transcription factors are highlighted.

(E–G) Comparisons between sensitive and resistant tumors: (E) volcano plot showing 

differentially expressed genes in epithelial cells. (F) Overlap of ovarian cancer gene sets 

and the genes upregulated in sensitive (n = 3,925) and resistant (n = 1,100) groups. The 

number of genes in each gene set is shown in brackets. The statistical significance was 

calculated using a hypergeometric test with BH correction. Significantly enriched gene sets 

(p < 0.05) are shown in bold and with an * next to the bar.

(G) Differential enrichment of DNA-binding factors in epithelial cells predicted by 

ChromVAR analysis. Ovarian-specific master transcription factors are highlighted.

(H) Venn diagrams showing the overlap between NACT and resistant molecular signatures 

observed in gene expression (top) and DNA-binding enrichment (bottom).

(I) Top 100 DNA-binding factors enriched in open chromatin regions common to both 

NACT and resistant cells, filtered by highest expression, are defined as the persister cell 

signature (PCS). Enrichment statistics were calculated using ReMapEnrich.

(J) Violin plots showing the distribution of PCS score per cell between naive sensitive, naive 

resistant, and NACT tumors. The number of cells (n) in each group is the same as in (A). 

The dots represent the mean values for each group. Wilcox test ****p < 0.0001.

(K) Proportion of cells in PCS-high, -mid, and -low states in each patient. The number of 

cells (n) is shown in brackets.
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Figure 5. Functional characterization and validation of the PCS
(A) Classification of the persister cell signature into TFs or non-TFs, function, and known 

association with ovarian cancer.

(B) Differences in pairwise correlation of DNA-binding enrichment scores calculated using 

ChromVAR between naive tumors and NACT tumors. The members of the PCS are 

highlighted on top of the images.
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(C) Harmony batch-corrected UMAPs of gene activity scores from the snATAC-seq data 

obtained from Croft et al.22 colored by patient (inset) and PCS score heatmap. The number 

of cells (n) is shown in brackets.

(D) Violin plots showing the distribution of PCS score per cell between each patient (n = 4) 

from Croft et al. data arranged by overall survival. The dots represent the mean values. The 

number of cells (n) in each group is the same as in (C).

(E) Scatterplot showing the relationship between the relative PCS score and carboplatin 

IC50s for ovarian cancer cell lines (n = 7).

(F) Top 100 DNA-binding factors enriched in open chromatin regions common to both 

NACT and resistant cells with epigenetic therapies and their potential targets within the 

PCS. Both inobrodib and A-485 target CREBBP and EP300.

(G) Representative dose response to carboplatin alone and in combination with therapies that 

target the PCS in OVCAR8 cells after 4 days of treatment. Barplots summarize the data as 

the mean IC50 of the experiments for each drug ± SEM. Welch’s t test; p values are shown 

for each comparison. n≥3 biological replicates.
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Figure 6. Multi-omic inference of downstream pathways regulated by the PCS
(A and B) Volcano plots showing differentially expressed genes in epithelial cells between 

naive and NACT tumors (A) and between sensitive and resistant groups

(B), highlighting predicted targets of the PCS transcription factors and their activating or 

repressive relationships.

(C) Proportion of genes in HGSOC established pathways predicted to be regulated by the 

PCS using FigR analysis. The number of genes with more activating relationships (green 

bar) is highlighted in white.
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(D) Kaplan-Meier (KM) plots showing the progression-free survival (PFS) from all public 

datasets used by KM-plotter stratified by the expression of stress-associated, EMT, and 

quiescence-associated genes that are predicted targets of the PCS. The cohort consists of 

patients with serous ovarian cancer with optimal debulking. HR, hazard ratio.
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Figure 7. Paired patient-derived xenograft models display an enrichment of the persister cell 
signature and its downstream signaling pathways following chemotherapy
(A) HGSOC PDX cohort of naive and chemotherapy-treated residual disease analyzed by 

single-nucleus multi-omic profiling (n = 6).

(B) PDX tumors were classified as sensitive, neutral, or resistant based on changes in tumor 

area following chemotherapy treatment over time.

(C) Sankey plot showing the change in proportion of PCS-high, -mid, and -low cells in each 

PDX before and after chemotherapy treatment. The PCS-high and -low cells are defined as 

those cells within the upper and lower quartiles of the PCS score distribution across all cells, 
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respectively. UMAPs of GEX data from PDX epithelial cells after batch correction using 

Harmony, colored by PCS-high, -mid, and -low cells, are shown on the right. The number of 

cells (n) in each group is shown in brackets.

(D) Average signal profile and heatmaps showing pseudobulk ATAC signal in differentially 

accessible (DA) peaks between PCS-high and -low cells.

(E) Pie chart of differentially expressed PCS targets highlighting the primed genes that 

change only in PCS-high cells when comparing untreated and treated samples.

(F) PFS (KM-plotter) analysis of the 33 primed genes after filtering consistent patterns in the 

human dataset.

(G) Coverage plot around the GIPC1 locus showing the normalized ATAC signal per group 

of cells, the DA peaks, and all peaks from the multiome data. A HiC data heatmap of 

normalized contacts from OVCAR3 cells is shown (top). Loops called using these data 

are shown below the heatmap. The violin plots on the right show the log-normalized gene 

expression of GIPC1 in each cell group. The dots represent the mean values. Wilcoxon rank 

sum test; ns, not significant and ****p < 0.0001.
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KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Chemicals, peptides, and recombinant proteins

Nuclei Buffer* (20X) 10x Genomics PN-2000153

Digitonin Thermo Fisher Scientific BN2006

Trizma Hydrochloride Solution, pH 7.4 SigmaAldrich T2194

Sodium Chloride Solution, 5 M SigmaAldrich 59222C

Magnesium Chloride Solution, 1M SigmaAldrich M1028

Nonidet P40 Substitute SigmaAldrich 74385

Sigma Protector RNase inhibitor SigmaAldrich 3335402001

DTT SigmaAldrich 646563

7-AAD Ready Made Solution SigmaAldrich SML1633-1ML

MACS BSA Stock Solution Miltenyi Biotec 130-091-376

RNase-Free Disposable Pellet Pestles Fisher Scientific 12-141-368

Tween 20 Bio-Rad 1662404

1X Phosphate-Buffered Saline, pH 7.4 Corning 21-040-CV

RPMI 1640 Medium Gibco 11875093

Pinnacle Fetal Bovine Serum Phoenix Scientific PS-100

Penicillin-Streptomycin Gibco 15140122

0.05% Trypsin-EDTA Gibco 25300054

Mycoplasma PCR Detection Kit Applied Biological Materials G238

MasterPure Complete DNA & RNA 
Purification Kit

Biosearch Technologies MC85200

A-485 Selleckchem S8740

I-BET-762 Selleckchem S7189

Inobrodib Selleckchem S9667

CUDC-101 Selleckchem S1194

Tazemetostat Selleckchem S7128

Clinical grade carboplatin Novaplus NDC 61703-360-18

Critical commercial assays

Chromium Next GEM Single Cell Multiome 
ATAC + Gene Expression

10x Genomics PN-1000283

Chromium Next GEM Chip J 10x Genomics PN-2000264

Sample Index Plate N, Set A 10x Genomics PN-3000427

Dual Index Plate TT Set A 10x Genomics PN-3000431

Deposited data

Processed snRNA + snATAC-seq data This Paper GEO: GSE293459

Raw snRNA + snATAC-seq data This Paper GEO: GSE293459

Experimental models: Organisms/strains

PDX Mouse: C.B.-17/IcrHsd-Prkdcscid Lystbg 
Use approved by Mayo Clinic Institutional 
Animal Care and Use Committee (IACUC)

Inotiv https://www.inotiv.com/research-model/cb-17-icrhsd-
prkdcscidlystbg-j

Cell Rep. Author manuscript; available in PMC 2026 March 11.

https://www.inotiv.com/research-model/cb-17-icrhsd-prkdcscidlystbg-j
https://www.inotiv.com/research-model/cb-17-icrhsd-prkdcscidlystbg-j


A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

Dumbrava et al. Page 42

REAGENT or RESOURCE SOURCE IDENTIFIER

Experimental models: Cell lines

OVCAR8 Ovarian Cancer Cell line Kaufmann lab Mayo Clinic –

Software and algorithms

R v4.3.2 The R Project for Statistical 
Computing

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

CellRanger-ARC v2.0.0 10x Genomics https://www.10xgenomics.com/support/software/
cell-ranger-arc/latest

GRCh38 - v2020-A-2.0.0 10X Genomics https://cf.10xgenomics.com/supp/cell-arc/refdata-
cellranger-arc-GRCh38-2020-A.tar.gz

Seurat v4.0.4 Hao et al.56 https://satijalab.org/seurat/index.html

Signac v1.4.0 Stuart et al.57 https://stuartlab.org/signac/

Cicero v1.3.5 Pliner et al.58 https://github.com/cole-trapnell-lab/cicero-release?
tab=readme-ov-file

ggplot2 v3.3.6 Wickham59 https://cran.r-project.org/web/packages/ggplot2/
index.html

SingleR v3.2 Aran et al.60 https://github.com/dviraran/SingleR

Harmony v1.2.3 Korsunsky et al.61 https://github.com/immunogenomics/harmony

ChromVAR v1.28.0 Schep et al.27 https://github.com/GreenleafLab/chromVAR

ReMap2022 Hammal et al.62 https://github.com/remap-cisreg/ReMapEnrich

FigR v0.1.0 Kartha et al.28 https://buenrostrolab.github.io/FigR/index.html

Mgatk v0.6.1 Lareau et al.63 http://caleblareau.github.io/mgatk

Numbat v1.4.2 Gao et al.64 https://kharchenkolab.github.io/numbat/

gprofiler2 v0.2.0 Kolberg et al.65 https://biit.cs.ut.ee/gprofiler/gost

Singleseqgset v0.1.2.9000 Cillo et al.66 https://arc85.github.io/singleseqgset/

Kaplan-Meier plotter Győrffy67 https://kmplot.com/analysis/

Mustache v1.0.1 Roayaei Ardakany et al.68 https://github.com/ay-lab/mustache

HiCExperiment v1.4.0 Serizay et al.69 https://bioconductor.org/books/release/OHCA/

Plotgardener v1.15.1 Kramer et al.70 https://github.com/PhanstielLab/plotgardener

TrimGalore v0.6.5 Krueger et al.71 https://github.com/FelixKrueger/TrimGalore

Bowtie2 v2.3.3.1 Langmead and Salzberg72 https://github.com/BenLangmead/bowtie2

Samtools v1.20 Danecek et al.73 https://www.htslib.org/

Picard v2.26.10 Broad Institute https://github.com/broadinstitute/picard

MACS2 v2.2.9.1 Zhang et al.74 https://github.com/macs3-project/MACS

Bedtools v2.27.1 Quinlan and Hall75 https://bedtools.readthedocs.io/en/latest/index.html

Sarek DNA pipeline v 3.5.1 Hanssen et al.76 https://github.com/nf-core/sarek

GATK v4.3 van der Auwera and O’Connor77 https://github.com/broadinstitute/gatk

ClinVar Landrum et al.78 https://www.clinicalgenome.org/data-sharing/clinvar/

Analysis code This paper https://doi.org/10.5281/zenodo.17517805

Raw and analyzed data This paper GEO: GSE293459
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