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SUMMARY

Epithelial serous borderline tumors (SBT) are non-invasive neoplastic ovarian lesions that may recur as 
chemo-resistant low-grade serous cancer (LGSC). While genetic alterations suggest a common origin, the 
transition from SBT to LGSC remains poorly understood. Here, we integrate cell-type resolved spatial prote- 
omics and transcriptomics to elucidate the evolution from SBT to LGSC and its corresponding metastases in 
both stroma and tumor. The transition occurs within the epithelial compartment through an intermediary 
stage with micropapillary features, during which LGSC overexpresses c-Met and several brain-specific 
proteins. Within the tumor microenvironment, interconnectivity between cancer and stromal cells, along 
with enzymes degrading a packed extracellular matrix, suggests functional collaboration among various 
cell types. We functionally validated 16 drug targets identified through integrated spatial transcriptomics 
and proteomics. Combined treatment targeting CDK4/6 (milciclib) and FOLR1 (mirvetuximab) achieved sig- 
nificant tumor reduction in vivo, representing a promising therapeutic strategy for LGSC.

INTRODUCTION

Serous ovarian tumors are the most common ovarian cancers. 

They are characterized either as high-grade (HGSC) or as a 

low-grade form (LGSC), the latter displaying only mild atypia 

and few mitotic features. Patients with LGSC tend to be younger 

(median age 45 years) than patients with HGSC (median age 62 

years), and have slower growing, widely invasive tumors sur- 

rounded by dense fibrotic stroma and deep infiltration, making 

complete surgical removal challenging. 1,2 If the tumor cannot 

be entirely removed at the time of the initial surgery, metastatic 

LGSC has an indolent clinical course with late recurrences and 

a low chance of cure. Although LGSC is a different disease entity, 

it is treated with the same standard platinum/taxane chemo- 

therapy as HGSC. In LGSC, however, this treatment generally 

results  in  low  clinical  response  rates  and  continued  slow 

progression. 3

LGSC has been understudied due to its low incidence (5–10% 

of all epithelial ovarian carcinomas 4 ) and its unusual biology. 

Mutational profiling suggests  that serous borderline  tumors 

(SBTs) are precursor lesions of LGSC. 5 Patients with SBT usually 

have an excellent prognosis after operative tumor removal, but 

10–15% will recur with an LGSC. 6 In contrast to HGSC, SBT 

and LGSC typically have wild-type p53, few DNA copy number 

changes, and a low rate of somatic mutations. Both SBT and 

LGSC have mutually exclusive mutations in BRAF, KRAS, or 

ERBB2, 7–9 all upstream regulators of the mitogen-activated pro- 

tein kinase (MAPK), known to drive cell proliferation. A role for the 

MAPK pathway and estrogen receptor signaling has been iden- 

tified in SBT and LGSC; otherwise, little is known about their mo- 

lecular landscapes. Histologically, the hypothetical transition 

from SBT to LGSC is characterized by irregularly contoured 

papillae with a hierarchical branching pattern that may progress 

in SBT  to  a micropapillary  tissue  architecture 10  with mild
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cytologic atypia. This phenotype, which remains non-invasive, 

signifies a higher risk of progression to LGSC. 11 Once cells 

evolve to LGSC, they diffusely invade the stroma and frequently 

metastasize to the omentum. 12 

Here, we set out to study the malignant transformation of SBT 

through putative intermediary steps to invasive and metastatic 

LGSC using spatial omics technologies and representative his- 

tologic  cases  from  patients with SBT, micropapillary SBT 

(SBT-MP), and primary LGSC (LGSC-PT) and its corresponding 

metastases (LGSC-Met). We hypothesized that spatial omics 

technologies would be well suited to elucidating the underlying 

biology without bias. We recently developed Deep Visual Prote- 

omics (DVP), which integrates high-content imaging, artificial in- 

telligence (AI)-based cell recognition, laser microdissection, and 

mass spectrometry (MS) to preserve spatial information while 

quantifying the proteome  in an unbiased manner. 13 Hence, 

DVP is a powerful method for detecting compartment-resolved 

cell types using feature extraction from high-content images. 

We combined DVP with probe-based spatial transcriptomics 

to discover novel pathway alterations  in LGSC and to find 

more effective treatments based on changes in protein and tran- 

script expression during the transition from SBT to LGSC. The 

biological relevance of candidates identified by spatial omics 

was validated by IHC and targeted functional in vitro and in vivo 

screens,  leading  to  new  therapeutic  strategies  for  LGSC 

treatment.

RESULTS

Spatial multi-omics of the transition from borderline 

tumor to low-grade serous cancer 

Mutational profiling suggests a progression from SBT to SBT- 

MP and ultimately to LGSC, which may metastasize  if not 

diagnosed and treated early 14 (Figure 1A). We employed spatial 

proteomics (DVP) 13 and transcriptomics (GeoMX) to analyze a 

discovery cohort consisting of four patients with SBT, four pa- 

tients with SBT-MP, three cases of primary LGSC-PT, and pa- 

tient-matched omental metastasis (LGSC-Met) (Table S1A) for 

compartment-resolved  characterization  of  this  progression 

(Figure 1B). For each patient, we studied the epithelial tumor 

and stromal compartment in a cell-type resolved manner in at 

least three different regions of interest (ROIs) per tissue section 

(Table S1B). 

Deep Visual Proteomics (DVP) is the first method that enables 

compartment-resolved proteomic profiling of distinct cell types 

while preserving their spatial coordinates, allowing comparison 

with spatial transcriptomics. For DVP, we used markers for 

epithelial (EPCAM) and stromal cells (decorin) for immunofluo- 

rescent staining (Figure 1C). High-content images were imported 

into the Biology Image Analysis Software (BIAS), cell populations 

were segmented using the software integrated nucleAIzer AI al- 

gorithm. 15  Using  a  laser  microdissection  microscope,  we 

collected approximately 200 cells (700 cell contours) at single- 

cell resolution into a 384-well plate for ultra-high sensitivity MS 

data acquisition. 13 DVP detected and quantified a median of 

5,456 different proteins in the epithelium and 3,919 in the stroma 

(Table S2A–C), with little inter- and intra-specimen variability and 

a high level of data completeness across all anatomic regions 

(Figures S1A–S1F). This  represents substantial progress  in

reducing the amount of sample needed to obtain reproducible, 

high-quality proteomics data at an unprecedented depth of 

thousands of proteins. 13,16,17 A unique advantage of DVP is its 

ability to record and preserve the morphological characteristics 

of each cell within the tissue architecture. Borderline tumors ex- 

hibited larger epithelial cell size (Figure S1G) than LGSC, and 

the  distance  between  epithelial  cells  increased  in  LGSC 

(Figure S1H).

Deep Visual Proteomics reveals the progression of 

borderline tumors to metastatic low-grade serous 

carcinoma 

Principal Component Analysis (PCA) using data from spatial pro- 

teomics in the epithelial compartment stratified all four histol- 

ogies (SBT, SBT-MP, LGSC-PT, and LGSC-Met). Micropapillary 

growth was an intermediary stage between noninvasive serous 

borderline and invasive LGSC (Figure 2A). Linear regression re- 

vealed 195 proteins with significant alterations in the invasive 

phenotypes (adj. p-value f 0.05, logFC >1.5, Figures S2A and 

S2B; Table S2D). These gradual abundance changes included 

the adipogenesis regulatory factor ADIRF, which is associated 

with cisplatin resistance. 18 These 195 proteins mark the transi- 

tion from SBT to LGSC and its corresponding metastases. 

SBTs with micropapillary features in the background of an 

SBT or uniform SBT-MP have a higher risk of recurrence as 

LGSC than conventional SBT. 11 However, whether SBT-MP 

(Figure 1A) is a precursor to LGSC remains controversial. The 

most significant changes between SBT and SBT-MP involved 

metabolic changes, particularly abundance changes in arginino- 

succinate synthase (ASS1), a key enzyme in the arginine biosyn- 

thetic pathway, along with ALDH6A1 and ALDH2 (Figure S3A). 

Several proteins changed markedly between SBT and SBT- 

MP, the first step in the hypothesized transition, but maintained 

their abundance in LGSC and its corresponding metastasis 

(Figures S2A and S2B; Figures S4A–S4D). Transcription factors 

AHDC1 and ERF, along with stemness-associated proteins 

AQP5 and ASB6, were upregulated in SBT-MP, but remained 

stable in LGSC and its metastases (Figures S4A and S4B). The 

tumor suppressor CDKN2A 19 was downregulated in SBT-MP 

and remained low in LGSC and LGSC-Met (Figure S4C). While 

SBT-MP proteomic profiles were more similar to SBT than to 

LGSC, they visually displayed hallmarks of malignant transfor- 

mation, such as micropapillary tissue architecture, consistent 

with co-localization of SBT/SBT-MP in the PCA (Figure 2A). 

One patient with both SBT-MP and LGSC on a single slide 

confirmed TRIM25 downregulation in LGSC (Figure S5). 

A comparison of SBT and LGSC-PT in the epithelial compart- 

ment identified 963 differentially expressed proteins (Table S2E). 

Upregulated proteins included SHMT1 and TAGLN, which were 

previously linked to HGSOC (Figure 2B). LGSC and its metasta- 

ses showed progressive loss of ZMYND10 and OSCP1/NOR1, 

two tumor suppressors involved in epigenetic regulation, 20,21 

along with Anterior Gradient Protein 2/3 (AGR2/3), which was 

previously implicated  in the progression of SBT to LGSC 22 

(Figure S2B). 

The MAPK signaling pathway is altered in over 50% of LGSC 

and 60% of SBTs. 23 LGSC showed enrichment of several mem- 

bers of the oncogenic MAPK pathway compared to borderline 

tumors  (Figures 2C, S3B, and S3C; Table S2F). 2,23  KRAS,
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SRC, MAPK3 (ERK1), MAP2K2 (MEK2), and the transcriptional 

repressor  ERF  gradually  increased  from  SBT  to  LGSC 

(Figures 2C and S3C). While KRAS and BRAF mutations were 

present in some cases, they were not universal (Table S1C). 

TGF-β pathway components, including oncogenic ADAM17, 

were upregulated in SBT-MP and LGSC, promoting EMT 24 and 

T cell suppression 25 (Figure S3D). Most SBT and LGSC tumors 

expressed estrogen and progesterone receptors (Table S1D), 

with PGRMC2 increasing from SBT to SBT-MP, suggesting a 

role for progesterone in early LGSC transition (Figure 2D). 26

SBT expressed PAX8, a marker of fallopian tube secretory 

cells, 19  along with ciliated cell proteins (CAPS, TPPP3, and 

NUDC), which were lost upon progression to LGSC (Figure 

S3B, S3E; Table S2F). In LGSC, immunofluorescence confirmed 

that ciliated cells were sparse (Figure S3F) and associated with 

reduced expression of apoptotic proteins,  including FADD, 

CASP-3/8, and TRADD (Figure 2E). 

Among proteins identified by MS in LGSC and metastasis but 

absent in SBT and SBT-MP, we found exclusive expression of 

the splicing regulator NOVA2, which is generally expressed in

Figure 1. Characterization of serous borderline and low-grade ovarian cancer

(A) Representative H&E images of the putative transformation sequence from (i) serous borderline tumor (SBT, non-invasive) via (ii) micropapillary lesions (SBT- 

MP) to (iii) low-grade serous cancer-primary tumor (LGSC-PT), and (iv) metastasis (LGSC-Met). The papillary architecture with a hierarchical branching pattern is 

characteristic of SBT. Scale bars low magnification: 500 μm; high magnification: 100 μm.

(B) Experimental workflow combining bioinformatics and multi-omics integration (MOFA+) to identify potential therapeutic targets and validate them functionally. 

Results from a discovery cohort were confirmed in an independent cohort using IHC.

(C) AI-based cell recognition and laser-based dissection in DVP. (i) H&E of an SBT. (ii, iii) Immunofluorescence outlining cell contours. Staining for malignant 

epithelial cells (EpCAM, purple) and stromal (decorin, green) as well as artificial intelligence (AI)-based recognition of tumor cells (yellow – below diagonal line) 

using the BIAS software. (iii) Morphology of single epithelial cells as recognized by artificial intelligence. (iv) Brightfield image of the same sample in i and ii showing 

the tissue after single-cell extraction. Gaps indicate microdissected epithelial (arrows, EP) and stromal cells (arrowheads, ST) while the surrounding tissue is 

intact. Scale bar: 100 μm. 

Also see Table S1.
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the brain but not in the healthy ovary 27  (Figures 2F and 2G; 

Table S2G). NOVA2 was detected in the medium abundance 

range  of MS  intensities  in  the  LGSC-PT  group  but was 

completely  absent  in  borderline  tumors  (Figure  S3G). We 

confirmed NOVA2 expression by IHC (Figures 2H; Table S3A; 

Figure S6A,E), noting that its differential expression was only 

evident at the proteome level and not the transcriptome level. 

When comparing SBT and LGSC-PT, 14.5% of all proteins 

showed significantly different abundances, in contrast to only 

0.3% between LGSC-PT and LGST-Met  (Figure S3A). This 

included metastatic upregulation of neudesin (NENF), a protein 

that regulates the proliferation of neural progenitor cells. 28 Anal- 

ysis of individual patients revealed significant proteomic hetero- 

geneity between metastases and LGSC, with 6.2% (414 pro- 

teins, LS4-m), 3.7% (247 proteins, LS1-m), and no differential 

expression in LS5-m across patients (Table S2H). Each patient 

displayed a specific set of proteins contributing to the stratifica- 

tion  between  LGSC-PT  and metastasis  (Figure  2I).  These 

changes included the disulfide-isomerase P4HB, which is asso- 

ciated with glioma progression in the brain 29 (Figure 2J).

Analysis of the tumor microenvironment using spatial 

proteomics 

Deep Visual Proteomics enables protein detection in different 

tissue compartments through AI-based recognition of individual 

cell types. Analysis of decorin+ stromal cells (Figure 3A), re- 

vealed 178 proteins with significant changes during the transition 

from SBT to LGSC (Figure S7; Table S2D). Principal component 

analysis showed distinct protein expression patterns in SBT and 

SBT-MP compared to LGSC and its metastasis (Figure 3B), 

highlighting major  stromal  changes  during  tumor  invasion 

(Figure S8A; Table S2I). Unlike  the epithelial compartment 

(Figure 2A), where SBT-MP exhibited intermediate traits, stromal 

profiles of SBT and SBT-MP remained similar, suggesting that 

early SBT-MP changes originate in epithelial cells. The most 

pronounced stromal protein expression occurred during the 

transition from SBT to LGSC (629 differentially expressed pro- 

teins), including the upregulation of ANXA2 and its regulator

S100A10, which play central roles in cancer cell proliferation 

and invasion 31 (Figure 3C). The dominant biological processes 

upregulated in LGSC-PT involved cytoskeletal dynamics; we 

found an upregulation of actin (ACTG1) and its central regulator 

ROCK2, 32 alongside other components of cytoskeletal organiza- 

tion (ARPC2-4, CFL1, ITSN1, and PAK1/2), all linked to ephrin 

signaling (Figure S8B; Table S2F). 

We found an increased abundance of cell-cell adhesion pro- 

teins in invasive LGSC, including the suppressors of apoptosis 

COMP and GAS6, consistent with decreased apoptosis in the 

epithelium (Figures 2E and S8C). Further analysis of interaction 

partners revealed more ligands and receptors upregulated in 

LGSC-PT than SBT (Figures 3D, S8D, and S8E) 30 such as the 

interaction between epithelial MMP14 and its stromal receptor 

SDC1, a known driver of invasion. 33 The α5β1-integrin (ITGA5, 

ITGB1) receptors on stromal cells and their ligand fibronectin 

(FN1), which was abundant in both cell types, increased during 

progression to LGSC-PT (Figure 3E), and the metastatic epithe- 

lial cells (Figure S4E). Using IHC, we validated the expression of 

β1-integrin and fibronectin in both discovery and validation co- 

horts (Figures 3F, S6C, S6D, S8F, and S8G; Table S3A). 

Analysis of cell-type specific interactions showed that stro- 

mal-stromal interactions were primarily mediated by integrins 

(ITGA5, ITGAV, and ITGA11) and thombospondins (THBS3 and 

THBS2) (Figure S8D). In epithelial-epithelial  interactions, we 

identified the metalloproteinase ADAM17 interacting with APP 

and ICAM1, and the neuronal protein PRNP (CD230) interacting 

with laminins (LAMC1, LAMA3, and LAMB3) (Figure S8E). Both 

MMP2 and its regulator TIMP3 showed upregulation in the tumor 

microenvironment during progression (Figure 3G). 34 Supporting 

this finding, we identified CD147 (BSG), which promotes MMP 

vesicle secretion from tumor cells and showed upregulation in 

the epithelial compartment as early as SBT-MP 35 (Figure 3H). 

The stromal transition from non-invasive to invasive tumor 

stages was characterized by increased glucose metabolism, 

including the upregulation of the rate-limiting gluconeogenic en- 

zymes FBP1 and PCK2/PEPCK 36 (Figure 3I). NNMT, a metabolic 

regulator of fibroblasts that we previously showed to control the

Figure 2. Deep Visual Proteomics on the epithelial tumor compartment confirms known and identifies novel pathways in the transition of SBT 

to LGSC

(A) Principal Component Analysis (PCA) of the epithelium separates serous borderline tumors, serous borderline tumors with a micropapillary pattern, invasive 

low-grade serous cancer, and corresponding metastasis. This transition is evident in the diagonal of PC1 and PC2 from the lower right to upper left. AI-based 

recognition of epithelial cells using immunofluorescence (EpCAM-purple, decorin-green) below the white diagonal line, followed by AI segmentation (yellow). 

Scale bar: 10 μm.

(B) Volcano plot of the differential epithelial protein expression between SBT and LGSC-PT. Proteins matching the significance for differential regulation criteria 

are highlighted in black, markers of secretory cells in orange and ciliated cells in red. NNMT, an important target in the stromal analysis, is highlighted in blue.

(C) Proteins of the mitogen-activated protein kinase (MAPK) signaling pathway show a gradual increase toward LGSC and corresponding metastasis (heatmap). 

Commonly altered Ras and Ras-regulating proteins (boxplots). Paired samples are highlighted by the patient identifier (e.g., LS1-m and LS-ed, see also Table S1).

(D) Boxplots of significantly changed membrane-associated progesterone receptor component 2 (PGRMC2) between the four groups.

(E) Apoptosis-related proteins show reduced abundance from SBT to LGSC-Met.

(F) Upset plot comparing group-specific protein detection patterns. The plot shows proteins detected exclusively in certain histological groups by mass 

spectrometry (not shown in 2B,S3A). The set size represents total proteins per group; the intersection size indicates proteins shared between specific groups.

(G) Protein subset from (F), LGSC only. Bars present the percentage of samples in which mass spectrometry identified the four most frequent proteins per group.

(H) Immunohistochemistry for NOVA2. Scale bars: 100 μm.

(I) PCA of individual patients with invasive tumors stratifying LGSC and corresponding metastases. Major protein contributors are highlighted by arrows (indi- 

cating the direction of contribution).

(J) P4HB protein expression showing significant alteration in two out of three patients. 

Boxplots show the 25- and 75-percentile and the median value as center line. Whiskers span the 1.5-fold interquartile range, and each data point represents a 

patient-derived sample. The significance between comparisons was determined using a two-sided Student’s t test. 

Also see Figures S1–S6 and Tables S1 and S2.
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transition from normal fibroblasts to cancer-associated fibro- 

blasts (CAFs), 37 was among the most highly upregulated proteins 

in invasive LGSC stroma and epithelium (Figures 3J and 2B).

Spatio-transcriptomics analysis of the progression of 

serous borderline tumor to invasive low-grade serous 

carcinoma 

We performed spatial transcriptomics using the GeoMx technol- 

ogy on serial sections  from  the  four histologies previously 

analyzed by spatial proteomics (Figures 1A and 1B). This ‘‘Nano- 

string’’ method involved hybridization with over 18,000 RNA 

probes, followed by focused UV light exposure to selectively 

release probe barcodes from cell types of interest for NGS anal- 

ysis (Tables S4A and S4B). The sequencing data generally indi- 

cated  high  saturation  (9,872  targets  detected  after  QC, 

Figure S9). To align the spatial transcriptome with the proteome, 

we employed immunofluorescence staining using compartment- 

specific antibodies to match corresponding ROIs (Figure 4A). 

A total of 1,386 transcripts in the epithelium were differentially 

expressed  between SBT  and  LGSC-PT  (Table S4C). SBT 

showed upregulation of mucin-regulating AGR2 and the gel- 

forming mucin MUC5B (Figure 4B). At the same time, LGSC- 

PT had higher levels of the CA-125 binding partner mesothelin 

(MSLN) and the serine protease KLK6, an MAPK-regulated pro- 

tein linked to ovarian tumor recurrence. 38 Several nervous sys- 

tem-associated transcripts, such as SPOCK2 and γ-synuclein 

(SNCG) were also upregulated in LGSC-PT (Figure 4B). 

During SBT-to-LGSC progression, SBT-MP exhibited early 

upregulation of MAPK-regulated transcription factor MAZ and 

oocyte development-associated DUX4 39  (Figure S10A). Addi- 

tional early changes included increased expression of JUNB, 

FOS, and FOSL2, which rose from SBT to SBT-MP, remained 

high in invasive tumors, and has been linked to chemoresistance 

in HGSOC 40 (Figures 4C and S11A), consistent with their up- 

stream regulators EGFR and SHC1 (Figures S10B and S10C). 

In contrast, invasive cancer showed downregulation of proges- 

tagen-associated endometrial protein  (PAEP) and  the p53- 

stabilizing  transcriptional  repressor HIC1 compared  to SBT 

(Figure S11B; Tables S4C and S4D).

GSEA pathway analysis revealed changes in mucins such as 

MUC3A, MUC5B, and MUC16 (CA-125) along with alterations 

in tissue migration, semaphorin signaling, and c-MET associated 

signaling (Figures 4D, S10D, and S10E; Table S4E). The c-Met 

receptor  tyrosine kinase showed significant upregulation  in 

LGSC  and  metastases  at  the  transcript  level,  which  we 

confirmed by IHC (Figures 4E, 4F, and S6G). Related upregu- 

lated transcripts involved in c-MET signaling included pathway 

regulators (HGS, ARF6, and RAB4A) and signaling elements 

(SHC1, PTPN11, and and PTK2). Supporting the spatial prote- 

omics data, we also found changes in regulatory components 

of CDK signaling, including upregulation of the G1/S-specific cy- 

clin-D1 (CCND1) in LGSC-PT and downregulation of the G1/S 

transition regulator and tumor suppressor, RB1 (Figure S10F). 

A PCA revealed differences between SBT and SBT-MP in the 

epithelium, while stromal gene expression distinguished SBT/ 

SBT-MP from LGSC-PT/LGSC-Met  (Figures 4G, S12A, and 

S12B). Several stromal transcripts showing upregulation be- 

tween SBT and LGSC, such as S100A10, C3, and NNMT 

(Figure 4H; Table S4F), matched those identified by spatial pro- 

teomics, providing cross-confirmation between the two modal- 

ities (Figure 3C). We also identified changes in genes detected 

only as transcripts, such as the metalloproteinase, ADAM15, 

and factors involved in oxygen-homeostasis (e.g., VEGFA and 

HIF1α), which increased during the transition from SBT to SBT- 

MP (Figure 4I). Interestingly, the stem cell markers LGR5 and 

FOXL2 showed high abundance in SBT but steadily decreased 

as tumors transformed and metastasized (Figures S11C, S11D, 

and S12A). Additionally, the neural axon guidance factor SLIT2 

was highly expressed in LGSC-Met, while the cell-adhesion pro- 

tein CDHR1 was downregulated (Figure S12A). Genes upregu- 

lated solely on the RNA level in CAFs 41 included those involved 

in angiogenesis and hypoxia (Figures 4J and S12C).

Integration of multi-modal spatial data reveals complex 

molecular patterns 

We integrated single cell type proteomics, transcriptomics, and 

H&E staining to understand the tumor organ (Figure 5A) compre- 

hensively. We found 67.7% of proteins and 32.7% of transcripts

Figure 3. Deep Visual Proteomics of the stromal compartment uncovers a bimodality in the transition of SBT to LGST

(A) Immunofluorescence outlining the extraction of cell equivalents from the stroma (EpCAM-purple, decorin-green, AI-segmentation - yellow). Scale bar: 25 μm.

(B) PCA comparing stromal protein expression shows the separation of serous borderline and micropapillary tumors from invasive low-grade serous cancer and 

corresponding metastases. The stratification was most evident in dimension 2 (12.5%).

(C) Volcano plot of differential stromal protein expression between SBT and LGSC-PT in the stromal compartment. A fold change cutoff of 1.5 and a q-value cutoff 

of 0.05 are indicated by vertical and horizontal lines, respectively. Proteins matching the significance for differential regulation criteria (black), markers of secretory 

cells (orange), and ciliated cells (red), MMP2 and NNMT (blue). For the protein POSTN, the main protein (UniProt ID Q15063) and its isoform Q15063-3 are 

annotated.

(D) Chord diagram (left) representing the potential interactions between cell-cell adhesion ligands and receptors that are significantly upregulated in LGSC 

compared to SBT; interactions between epithelial and stromal cells (Omnipath database 30 ). Plots depict binary interaction partners by extrapolating quantitative 

information on protein interactions. Quantitative information (right): total count of potentially interacting proteins between cell types.

(E) Protein abundances for α5-integrin (ITGA5), β1-integrin (ITGB1), and fibronectin (FN1).

(F) Immunohistochemistry of ITGB1 and FN1 in SBT and LGSC-PT, respectively.

(G) Stromal cell protein abundance for MMP2 and its regulator TIMP3.

(H) Epithelial cell protein abundance for the inducer of MMP release, CD147 (BSG).

(I) Proteins involved in gluconeogenesis increase toward LGSC and corresponding metastasis.

(J) NNMT protein abundance and immunohistochemistry. 

Boxplots show the 25- and 75-percentile and the median value as the center line. Whiskers span the 1.5-fold interquartile range, and each data point represents a 

patient-derived sample. The significance between comparisons was determined using a two-sided Student’s t test. Paired samples are labeled with the patient 

identifier (e.g., LS1-m and LS1-ed). Scale bars: 100 μm. 

Also see Figures S6–S8 and Tables S2 and S3.
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Figure 4. Spatial transcriptomics of SBT and LGSC

(A) Immunofluorescence for pan-cytokeratin (purple), decorin (green), and nuclei (blue) for exemplary regions. Tumor and stroma compartments are shown above 

the white diagonal line in yellow and magenta, respectively. Regions of interest are outlined with fine white lines. Scale bars: 250 μm.

(legend continued on next page)
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overlapping  between  DVP  and  Nanostring  in  the  stroma, 

compared to 67.9% of proteins and 44.5% of transcripts in the 

epithelium (Figure S13A). The overlap was lower for differentially 

expressed proteins and transcripts, with 30.9% of proteins and 

18.9% of transcripts overlapping in the stroma and 20.7% of 

proteins and 14.2% of transcripts in the epithelium. Many genes 

were  only detected  as  transcripts  in  the Nanostring  data 

and many only as proteins  in the DVP data (Figure S13B; 

Tables S2E, S2I, S4C, and S4F). Both technologies showed 

adequate cell type stratification, with better separation by DVP 

compared to GeoMx (PCA variance: DVP - 28.2%; GeoMx - 

8.3%, Figure S13C), and clear enrichment of cell-type-specific 

markers (Figure S13D). 

Analysis of the proteome and transcriptome datasets across 

the four histologies revealed a positive correlation for 1,142 out 

of 4,992 genes in the epithelium across the transition from SBT 

to LGSC-Met (Figure 5B). In the stroma, only 84 of 3,746 genes 

significantly  correlated  between  transcripts  and  proteins 

(Figure 5C). Only 32 genes were anti-correlated between the 

two  technologies  in  the  epithelial  compartment,  including 

ABT1, ZMIZ1, and CIR1, and only CHST14  in the stroma. 

Folate-receptor α (FOLR1) showed concordant epithelial expres- 

sion levels across both datasets and in IHC (Figures S6B and 

S6F; Table S3B). FOLR1 is a target for mirvetuximab soravtan- 

sine, an FDA-approved treatment for platinum-resistant high- 

grade serous cancers, 42 but is not currently used for LGSC 

(Figure 5D). Additionally, we observed increased FOLR1 expres- 

sion in LGSC-Met compared to epithelial LGSC-PT (Figure S4E). 

The cyclin-dependent kinase CDK4 showed upregulation in both 

datasets, while the CDK-inhibitor CDKN2A was consistently 

downregulated (Figures 5E and 5F). CDK6 was upregulated at 

the proteomic but not the transcriptomic level (Figure 5G). 

To identify markers of tumorigenesis, we used the Multi-Omics 

Factor Analysis (MOFA+) 43 framework to integrate our datasets. 

MOFA+ identifies latent factors and underlying axes of variation 

in the data that summarize the main sources of variation across 

datasets. The integration supported SBT-MP as a transitional 

stage and revealed the heterogeneous stroma of LGSC-PT 

(Figures 5H and 5I). Based on the MOFA+ analysis scores, we 

generated a target panel of markers associated with tumorigen- 

esis. We selected the ten highest-scored proteins and tran- 

scripts with significant up- or downregulation, separately for 

epithelial or  stromal cells  (Figure S13E; Table S3C). Both

technologies identified most of these as potential biological 

drivers (e.g., SNCG in the epithelium and NNMT, POSTN, and 

ADAM15 in the stroma). 

Importantly, we used CIBERSORTx, based on our recently 

published single-cell RNA sequencing atlas of the postmeno- 

pausal ovary, 44,45  to deconvolute the decorin+ stroma and 

found minimal  immune and endothelial cell contamination 

(Figure S13F).

Testing drug targets in low-grade serous cancer in vitro 

and in vivo 

Having characterized the proteomic and transcriptomic land- 

scape of progression to metastatic LGSC, we investigated the 

functional significance of the potential drivers in the transition 

between SBT and LGSC. LGSC cell lines were characterized 

by MS-based proteomics, revealing a positive correlation with 

the proteomic profiles of both SBT and LGSC-PT epithelium. 

The highest correlations were observed between VOA6406 and 

SBT, and VOA4627 and LGSC-PT (Figure 6A). Proteomics and 

transcriptomics data integration led to target selection for a 

siRNA  screen.  Knock-down  of  ADAM15,  CLIC3,  POSTN, 

SNCG, and NOVA2 significantly inhibited VOA4627 migration 

(Figure 6B). The individual knock-down of these genes inhibited 

the proliferation of VOA4627 and invasion of VOA4627 and 

VOA6406 cells. The knock-down of NOVA2 and SNCG signifi- 

cantly inhibited proliferation in VOA6406, which is phenotypically 

closer to SBT than VOA4627 (Figures 6C, 6D, S14A–S14D). 

NOVA2 was absent in SBT and SBT-MP but present in inva- 

sive tumors (Figures 2F–2H). The knockdown of NOVA2 followed 

by MS-based proteomics revealed decreased expression of 25 

proteins, including the methyltransferase DNMT1, the epigenetic 

regulator UHRF1,  and  the Cyclin-dependent  kinase CDK1 

(Figure 6E). Importantly, we identified a correlation between 

c-MET and NOVA2 levels, suggesting potential regulation linked 

to the exclusive expression of NOVA2 in invasive tumors. NNMT 

was among the most upregulated stromal drivers  in LGSC 

(Figures 3C and 3J). Knock-down of NNMT in immortalized hu- 

man CAFs 37 inhibited both the CAF-conditioned media-driven 

proliferation and  invasion of VOA4627 and VOA6406 cells 

(Figures 6F, 6G, S14E, S14F). 

We next investigated the effect of inhibiting the prominent 

pathways and targets identified through our molecular analyses 

(Figures 2, 3, and 4) and our  integrative omics approach

(B) Differential transcript analysis of the epithelial compartment comparing borderline and low-grade serous cancer (Volcano plot). Markers for ciliated (red) and 

secretory cells (orange) are highlighted.

(C) GeoMx counts for JUN and FOS across the progression series.

(D) GSEA biological pathway enrichment analysis based on the spatial transcript results comparing SBT and LGSC-PT in the epithelial compartment (Pathway 

REACTOME, Gene Ontology Biological Processes) on the comparison in (B).

(E) Profile plot of pathway-associated proteins determined in (D) for ‘Signaling by MET’. Proteins with critical roles in the pathway (MET, HGS) are annotated in red.

(F) IHC of c-MET in SBT and LGSC-PT. Scale bars: 100 μm.

(G) Nanostring PCA using transcripts in the epithelium for the indicated histologies.

(H) Stroma. Differential transcript abundance of SBT versus LGSC-PT. Protein markers for ciliated and secretory cells are highlighted in red and orange, 

respectively.

(I) GeoMx counts for VEGFA and HIF1α across the progression series.

(J) GSEA biological pathway enrichment analysis using the spatial transcript results in SBT and LGSC-PT in the stromal compartment (Pathway REACTOME, 

Gene Ontology Biological Processes) on the comparison in (H). 

Boxplots show the 25- and 75- percentile and the median value as center line. Whiskers span the 1.5-fold interquartile range, and each data point represents a 

patient-derived sample. The significance between comparisons was determined using a two-sided Student’s t test. 

Also see Figures S9–S12 and Tables S3 and S4.
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Figure 5. Integration of spatial transcriptomics and proteomics

(A) Multi-layer integration of Deep Visual Proteomics and spatial transcriptomics for the four histologic subtypes. (i) H&E, (ii) spatial transcriptomics regions of 

interest,  (iii) Deep Visual Proteomics  including AI-based cell  recognition/segmentation, and  (iv) brightfield  image after DVP  laser microdissection.

(legend continued on next page)
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(Figure 5) on cancer cell proliferation and invasion. Several FDA- 

approved inhibitors effectively blocked both proliferation and in- 

vasion in LGSC cell lines, including c-MET inhibitors (Savolitinib 

and Cabozantinib), EGFR inhibitors (Icotinib, Lapatinib, and Erlo- 

tinib), CDK inhibitors (Abemaciclib, Milciclib, and Palbociclib), 

and the MEK inhibitor Trametinib (Figures 7A–7D). The BRAF in- 

hibitor Dabrafenib and the FOLR1-antibody drug conjugate mir- 

vetuximab soravtansine selectively inhibited LGSC cell line pro- 

liferation. The selective effect of mirvetuximab soravtansine on 

cell proliferation but not invasion was consistent with its known 

mechanism of action targeting tubulin-mediated cell prolifera- 

tion. The Jun/Fos inhibitor T-5224 reduced VOA6406 prolifera- 

tion, while the Jak/STAT inhibitor ruxolitinib showed no effect 

on cancer cell proliferation or invasion (Figures 7A and 7C, 

S14G, and S14H). In a co-culture experiment with fibroblasts 

and cancer cells, the MMP2/9 inhibitor, SB3CT, blocked prolifer- 

ation, while the TGFβR1 inhibitor galunisertib blocked both inva- 

sion and proliferation. An α5β1-integrin antibody, IIA1, inhibited 

invasion in co-culture and when cancer cells were cultured alone 

(Figures 7B and 7D, S14I, and S14J). 

We reasoned that CDK4/6 inhibitors like milciclib, which target 

dysregulated cell-cycle progression, could synergize with ther- 

apy in LGSC directed against FOLR1, which we found promi- 

nently expressed in LGSC and its metastasis (Figures 5D, S6B, 

and S6F). Through in vivo passaging of VOA6406 cells in mice 

we developed a robust murine LGSC model. Administration of 

mirvetuximab soravtansine and milciclib, as single agents or 

combined, significantly reduced tumor weight, malignant ascites 

and the number of metastatic nodules (Figure 7E). Altogether, 

the pathways identified by combined proteomics and transcrip- 

tomics proved therapeutically targetable, demonstrating the 

translational potential of this multi-omics approach.

DISCUSSION

We performed a detailed analysis of the molecular transition 

from SBTs through micropapillary SBTs to low-grade serous 

carcinoma and its corresponding metastasis using cell-type 

resolved spatial proteomics and transcriptomics. This compre- 

hensive analysis was enabled by the wider availability of spatial 

transcriptomics and improvements to our recently described 

DVP  technology, 13,17  including  enhanced  throughput  and 

refined sample preparation. 46 This approach identified up to 

6,000 proteins in approximately 200 cells across 100 samples.

The tissue-based nature of both DVP and spatial transcriptomics 

enables the use of serial tissue sections to generate complemen- 

tary results across two layers of gene expression while maintain- 

ing correlation with H&E staining. Our transcriptomics and prote- 

omics analyses captured previously known biological changes in 

cancer progression. While transcriptomics currently provides 

greater depth, proteomics offers higher accuracy due to higher 

resolution between cell types and enables the accurate quantifi- 

cation of protein level changes during progression. Furthermore, 

proteomics depth and resolution are expected to increase as the 

technology moves toward single-cell capabilities. 47 

Unlike conventional SBTs, serous borderline tumors with mi- 

cropapillary features (SBT-MP) frequently affect both ovaries 

and have a higher risk of recurrence than SBT. 48 Our proteomic 

data identified SBT-MP as an intermediate stage between SBT 

and LGSC, with a proteome that shares features with SBT while 

exhibiting distinct alterations. Prior studies investigating SBT 

and LGSC consistently highlighted changes  in RAS genes, 

BRAF, ERBB2, and NF1, all regulators of the MAPK pathway, 

which is altered in more than 50% of all LGSC and borderline tu- 

mors. 23,49 Our results revealed changes in additional targetable 

components of the MAPK pathways that demonstrated a gradual 

activation of the entire MAPK network 50 during tumor transforma- 

tion. Treatment with FDA-approved EGFR, MEK, and BRAF in- 

hibitors confirmed the functional importance of these pathways 

in LGSC biology. Our transcriptomics analyses complemented 

these findings, revealing high expression of JUNB and c-FOS, 

family members of the MAPK-regulated transcription factor, 

AP-1. The functional significance of this pathway was demon- 

strated when treatment with a c-FOS/AP1 inhibitor blocked pro- 

liferation in LGSC cell lines. During metastasis, LGSC tumors 

developed highly patient-specific proteomic changes,  likely 

driven by the tumor microenvironment of the secondary sites. 

Nevertheless, specific transcriptional changes in cell dynamics, 

including the upregulation of the neural axon guidance factor, 

SLIT2, remained consistent across LGSC metastases. 

A key strength of this study is the use of epithelial and stromal 

cells excised from the tumor microenvironment, enabling cell- 

type-specific resolution. During tumor progression, the stromal 

compartment undergoes major changes, including the activation 

of ephrin signaling, which  regulates  tumor growth  through 

changes in tissue architecture, 51 gluconeogenesis, and angio- 

genesis driven by VEGFA and HIF1α. These findings align with 

the clinical efficacy of Bevacizumab in LGSC treatment. 52 We

Immunofluorescence showing malignant epithelial cells (EpCAM, purple) and stroma (decorin, green) in both spatial proteomics and transcriptomics (ii, iii). AI- 

based recognition in the DVP or Nanostring technology is shown in yellow (tumor compartment) and magenta (stromal compartment in spatial transcriptomics), 

respectively. Microdissected epithelial cells (black arrows) and stroma (arrowheads) (iv). ROIs of spatial transcriptomics matched to the previously selected 

regions. The top layer of the visual integration (left panel) shows the laser microdissected cells in different regions for the epithelium (blue/yellow/red) and in the 

stroma (purple/orange/green) used in DVP. Scale bars: 200 μm (i); 250 μm (ii). 

(B and C) Correlation of protein and transcript expression comparing spatial proteomics and transcriptomics. Significantly correlated genes are highlighted in 

black (adj. p value f 0.05). The top 10 significant correlating and anti-correlating hits are annotated. FOLR1 and CDKN2A are highlighted in red. 

(D–F) Z score normalized protein and transcript abundance of FOLR1 (D), CDKN2A (E), and CDK4 (F). 

(G) Boxplot (protein abundance) of CDK6. 

(H and I) Integration of transcriptomic and proteomic data using the Multi-Omics Factor Analysis (MOFA+) bioinformatic platform, resulting in a distinct separation 

of cohort groups in cancer epithelium (H) and stroma (I). The MOFA+ platform is a factor analysis that identifies shared or specific patterns (latent factors) 

supported by feature weight matrices in model training. 

Boxplots show the 25- and 75- percentile and the median value as center line. Whiskers span the 1.5-fold interquartile range, and each data point represents a 

patient-derived sample. The significance between comparisons was determined using a two-sided Student’s t test. 

Also see Figures S13 and Table S3.
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Figure 6. In vitro studies on ‘omics’-derived potential drivers in the transitions of SBT to LGSC

(A) LGSC cell lines. Pearson coefficients of the correlation analysis of protein expression (DVP) from SBT (left) and LGSC (right) human epithelial tissue compared 

to epithelial LGSC cell lines. Cell lines with the highest similarity to human tissue are highlighted in black.

(B) siRNA screening of 23 significantly altered genes using the LGSC cell line VOA4627 measuring cell migration. 

(C and D) Validation of the most promising siRNA hits in the LGSC cell line VOA4627 measuring proliferation (C) and invasion (D). 

(E) MS-based proteomics. Differential expression between the siRNA NOVA2 knock-down versus control in the VOA6406 cell lines. A fold change cutoff of 1.5 

and a q-value cutoff of 0.05 are indicated by vertical and horizontal lines, respectively. Proteins matching the significance for differential regulation criteria are 

highlighted in black. The correlation of c-MET proteome abundance with NOVA2 expression is red. 

(F and G) Inhibition of NNMT in cancer-associated fibroblasts (CAFs) reduces epithelial cell proliferation and invasion. VOA6406 LGSC epithelial cells were treated 

with either conditioned media from immortalized human CAFs where NNMT knock-down was accomplished using shRNA (shNNMT CAF CM), shRNA control 

transfected CAF condition media (shCtrl CAF CM), or control media (Ctrl M). A proliferation (F) and invasion (G) assay show a negative impact on cell proliferation 

and invasion without NNMT. 

Boxplots show the 25- to 75-percentile and the median value as center line. Whiskers span the 1.5-fold interquartile range, and each data point represents a 

replicate of the growth of the respective cell line. All growth curves and bar graphs show mean ± SEM. The data presented in (C, D, and F) was repeated in three 

independent experiments. Significance levels were determined by one-way ANOVA analysis. p-value: * <0.05, ** <0.01, *** <0.001, **** <0.0001. 

Also see Figures S14 and Table S3.
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Figure 7. Evaluation of new therapeutic strategies in low-grade serous ovarian cancer

(A–D) In vitro evaluation of either FDA-approved or clinical-stage compounds in VOA4627 cells. Cell proliferation (A) and invasion (C) are shown for compound 

treatment of epithelial cancer cells alone as well as co-cultures with immortalized primary human ovarian CAFs for ECM-associated inhibitors (B and D). 

(E) In vivo evaluation of the CDK inhibitor milciclib and the FOLR1-targeting mirvetuximab soravtansine alone or in combination treatment. Nude mice were 

injected with VOA6406ip1 cells intraperitoneal (i.p.) on day 1. Treatment was initiated on day 14 with a one-time intravenous treatment of mirvetuximab sor- 

avtansine or PBS control, followed by i.p. treatment of milciclib or DMSO control on days 15–20 and 22–27. Tumor weight (left), ascites volume (middle), and total 

number of tumors (right) were recorded. Each point in the graph corresponds to one mouse. Line, mean. 

All growth curves and bar graphs show mean ± SEM. The data presented in a-d was repeated in 3 independent experiments. Significance levels were determined 

by one-way ANOVA analysis. p-value: ** <0.01, *** <0.001, **** <0.0001. 

Also see Figures S14 and Table S3.
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found closer interactions between epithelial tumor and stromal 

cells in LGSC than in SBT. Increased levels of cell adhesion pro- 

teins, including α5-integrin and β1-integrin receptors and their 

ligand fibronectin (FN1), help stabilize epithelial tumor cells in 

the extracellular matrix of LGSC following dissociation from 

SBT epithelial cell clusters. 53 Additionally, tumor cell dissociation 

and  invasion  through  the ECM are  likely  facilitated by  the 

increased release of metalloproteinases, which are established 

modulators of the tumor environment. 54 In vitro co-culture exper- 

iments demonstrated that MMP2/9 inhibition directly decreased 

cell proliferation, while α5β1-integrin blockage inhibits cell inva- 

sion. The most prominent single protein and transcript change 

in the stroma during tumor progression was the abundance of 

the methyltransferase, NNMT, which reprograms normal fibro- 

blasts into CAFs by affecting methylation. 37 NNMT knockdown 

in primary human fibroblasts blocked both invasion and prolifer- 

ation of epithelial tumor cells, suggesting that stromal-directed 

treatment approaches could be of therapeutic value. 

To integrate spatial proteomics and transcriptomics, we em- 

ployed the recent statistical framework MOFA+, a scalable plat- 

form for state-of-the-art analysis of complex multi-omics data. 43 

We used an integrated panel of the most significantly changed 

proteins/transcripts and complementary literature-validated tar- 

gets from our data to guide the downstream functional experi- 

ments investigating the molecular drivers of invasive ovarian 

cancer progression. Through these post-hoc validation and func- 

tional studies, we identified five previously unknown molecular 

players  in  LGSC:  CLIC3,  POSTN,  ADAM15,  SNCG,  and 

NOVA2. Among those, a knock-down of the typically stromal pro- 

teins POSTN and ADAM15 altered the tumor cell invasiveness, 

suggesting a dual role for these proteins in the stromal and 

epithelial compartments. The brain-specific splicing regulator, 

NOVA2, showed high expression in the proteome of LGSC and 

its corresponding metastasis but was completely absent in SBT 

and SBT-MP. Proteomic analysis  following knock-down of 

NOVA-2 identified c-Met as one of the most altered proteins. 55 

Subsequent inhibition of c-Met with several FDA-approved inhib- 

itors produced a strong reduction in cell migration and invasion, 

revealing another potential therapeutic strategy. Additionally, 

NOVA2 regulates fibronectin (FN1) splicing, which embeds tumor 

cells in the stromal environment. 56 NOVA2 was detected at the 

protein level but not in the transcriptome, underscoring the 

importance of complementary omics approaches. The discovery 

of NOVA2 alongside other neuronal proteins and transcripts, 

such as SNCG and the neural axon guidance factor SLIT2, sug- 

gests a correlation between neuronal (dynamic) processes in 

LGSC and invasion into the microenvironment. 

Our integrated omics analysis revealed upregulation of CDK 

signaling, including CDK4/6, along with high expression levels 

of FOLR1. Using a new mouse model that recapitulates the 

biology of LGSC, we found that an antibody-drug conjugate 

approved  for  advanced  HGSC  treatment,  mirvetuximab 

soravtansine, and the CDK4/6 inhibitor, milciclib, each signifi- 

cantly reduced tumor growth and expansion and showed addi- 

tive effects when combined. 57,58 While mirvetuximab soravtan- 

sine and milciclib are both FDA-approved and in clinical trials 

for several cancer indications, they have not yet been used in 

low-grade serous cancer (LGSC). Our data strongly supports 

the clinical development of both compounds in advanced LGSC.

This work presents the first multi-omic spatial atlas of low- 

grade serous ovarian cancer progression. It molecularly charac- 

terizes a previously hypothetical transition pathway, reveals 

numerous functionally important proteins and pathways, and 

identifies novel treatment targets. Our comprehensive charac- 

terization of the molecular landscape of SBTs and LGSC through 

two omics approaches and genomic analysis not only provides 

an in-depth resource for further disease analyses but also pre- 

sents findings with translational relevance. Furthermore, the 

methodological approach developed for studying LGSC offers 

a blueprint for investigating other cancers or diseases where 

the multi-modal, cellular, and spatially  resolved analysis of 

benign to malignant transitions would prove beneficial.

Limitations of the study 

Genomic sequencing data on each patient of this study adds an 

additional layer of omics information. Every patient had a different 

mutational pattern, which contributed to the heterogeneity of the 

cohort. While using individual matching data allows the direct cor- 

relation of genetic alterations and transcript/protein expression, 

the heterogeneous genetic profile of different patients and disease 

stages affected the overall data integration. Despite patient het- 

erogeneity, the results show significant changes in transcriptomic 

and proteomic patterns that enable novel insights into LGSC 

biology which may inform future clinical trial concepts. Larger pa- 

tient cohorts may allow the identification of transcriptomic/prote- 

omic alterations for each genetic subgroup in SBT and LGSC (e. 

g., high versus low MAPK tumor expression).

RESOURCE AVAILABILITY

Lead contact 

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

be fulfilled by the lead contact, Ernst Lengyel (elengyel@uchicago.edu).

Materials availability 

This study did not generate new unique reagents.

Data and code availability 

Pseudonymized MS-based proteomics data of this study have been deposited to 

the ProteomeXchange Consortium via the PRIDE 59 partner repository (PRIDE: 

PXD046354). Pseudonymized GeoMx spatial transcriptomics files have been 

submitted to the GEO archive (GEO accession GSE289044). These data will be 

publicly available upon the publication of this work.
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STAR★METHODS

KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

Rabbit monoclonal anti-EPCAM Abcam Cat# ab275122; RRID: AB_3678774

Rabbit monoclonal anti-Decorin Abcam Cat# ab281326; RRID: AB_3678775

Rabbit polyclonal anti-NOVA2 Novus Biologicals Cat# NBP1-92196; RRID: AB_11034679

Mouse monoclonal anti-c-MET Invitrogen Cat# 18–7366; RRID: AB_2533047

Mouse monoclonal anti-NNMT Santa Cruz Biotechnology Cat# sc-376048; RRID: AB_10988227

Mouse monoclonal anti-FOLR1 Cell Signaling Cat# 37283S, clone: BN3.2; RRID: AB_3678776

Rabbit polyclonal anti-ITGB1 Sigma Aldrich Cat# HPA069003; RRID: AB_2732125

Rabbit polyclonal anti-FN1 Abcam Cat# ab2413; RRID: AB_2262874

Mouse monoclonal anti-PAX8 Cell Signaling Technology Cat# 28556; RRID: AB_3678777

Rabbit polyclonal anti-CAPS Thermo Fisher Scientific Cat# PA5-60401; RRID: AB_2639273

Goat anti-Mouse IgG1 AF647 Thermo Fisher Scientific Cat# A-21240; RRID: AB_2535809

Goat anti-rabbit IgG AF750 Abcam Cat# ab175735; RRID: AB_3678778

Biological samples

FFPE tissue specimen of SBT, 

SBT-MP, LGSC, and LGSC-Met

University of Chicago Ovarian cancer database

Chemicals, peptides, and recombinant proteins

ConcavalinA conjugated to 

tetramethylrhodamine

Thermo Fisher Scientific Cat# C860

SYTOX green Thermo Fisher Scientific Cat# S7020

LysC Wako Cat# 129-02541

Trypsin Sigma-Aldrich Cat# T6567

Proteinase K Agilent S3004

Inhibitors for in vitro validation, see 

Table S3E (Tab ‘Inhibitor Testing’)

Diverse N/A

Critical commercial assays

96-Well Cell Invasion Assay, Collagen I Cell BioLabs Inc. CBA-112-COL

Deposited data

Mass spectrometry-based proteomics data This paper PRIDE: PXD046354

GeoMx spatial transcriptomics data This paper GEO: GSE289044

Experimental models: Cell lines

VOA3448 M. Carey, University 

of British Columbia

CVCL_VQ40

VOA4627 M. Carey, University of 

British Columbia

CVCL_VQ38

VOA6406 M. Carey, University of 

British Columbia

CVCL_VQ52

MPSC-1 I-M. Shih, Johns Hopkins University CVCL_9822

CAISMOV24 F. Guimarã es, University 

of Campinas, Brazil

CVCL_A5TC

CAF 316 N/A Patient-derived cell clone

Experimental models: Organisms/strains

Mouse: Female HSD:Athymic Nude-Foxn1nu 

(athymic nude; #069(nu)/070(nu/+))

Charles River N/A

(Continued on next page)

ll

Article

e1  Cancer Cell 43, 1–17.e1–e7, August 11, 2025

Please cite this article in press as: Schweizer et al., Spatial proteo-transcriptomic profiling reveals the molecular landscape of borderline ovarian tumors 
and their invasive progression, Cancer Cell (2025), https://doi.org/10.1016/j.ccell.2025.06.004



EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Patient cohort, ethics and inclusion statement 

Patients who underwent primary surgery for a newly diagnosed borderline ovarian cancer or low-grade serous ovarian cancer at the 

University of Chicago were retrieved from the University of Chicago ovarian cancer database. 55 All patients gave written informed 

consent in compliance with the University of Chicago Institutional Review Board-approved protocol and in accordance with the 

Declaration of Helsinki. All surgeries were performed by board-certified gynecologic oncologists (S.D.Y, E.L). Factors for the selec- 

tion of samples included the representative character of the disease, fixation and pre-analytics, and review by three board-certified 

pathologists who agreed that these samples were the most representative of the disease state (R.M., A.J.B., R.R.L.). The time be- 

tween surgery and fixation followed the guidelines of the American Pathology Association (standardized fixation—24 h of formalin). In 

addition, all samples in the discovery cohort came from the same pathology and pool of surgeons, thereby minimizing sample 

heterogeneity. 

The tumor pathology was reviewed and confirmed by three gynecologic pathologists (R.R.L., R.M., A.B.) before inclusion in the 

study. The discovery cohort was divided into SBT (n = 4), SBT-MP (n = 4), primary LGSC-PT (n = 3), and corresponding omental 

metastasis (LGSC-Met, n = 3) of which the most representative regions of interest (ROIs) were selected for spatial proteomics 

and transcriptomics (Table S1). From each ROI, epithelial tumor and stromal cells were extracted where possible to yield one 

(MS/sequencing) sample for molecular analysis. The validation cohort of 22 patients included 31 tumor samples divided into inde- 

pendent SBT (n = 9), SBT components associated with LGSC (n = 6), LGSC-PT (n = 7) and LGSC-Met (n = 9). The study followed 

the Global Code of Conduct for international research.

Mouse models 

Animal studies were reviewed and approved by the Institutional Animal Care and Use Committee of the University of Chicago. Female 

HSD:Athymic Nude-Foxn1 nu (athymic nude; #069(nu)/070(nu/+)) mice at age 5–6 weeks and approximately 20 grams were pur- 

chased from Charles River. Mice were irradiated and injected intra-peritoneally (i.p.) with 5 million VOA6406 cells. The mice were 

sacrificed 12 weeks post cancer cell injection. The omental tumors were collected, minced into 1mm 3 pieces, and digested with 

2.5U/ml dispase II (17105041, Gibco) at 37 ç C and 5% CO2 for 30 min. Single cells were collected by 70 μm filtration, washed twice 

in PBS, and plated in growth media. After a 30-min incubation, the unadhered cells were collected and plated in a new flask. These 

mouse tumor derived cells, VOA6406ip1, were passaged 10 times and validated using short tandem repeat DNA fingerprinting with 

the AmpFℓSTR Identifier kit and compared with known fingerprints by IDEXX BioAnalytics Laboratories (Columbia, MO).

Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

Oligonucleotides

siRNA for in vitro knock-downs, see 

Table S3D (Tab ‘siRNA testing’)

Horizon Discovery N/A

NNMT conditioned media: shCtrl, 

5 2 -GCAGTTATCTGGAAGATCAGG-3 2
In-house N/A

NNMT conditioned media: shNNMT 

5 2 -GCTACACAATCGAATGGTT-3 2
In-house N/A

Software and algorithms

Biology Image Analysis Software (BIAS) Mund and Coscia et al. 13 https://single-cell-technologies.com

DIA-NN, version 1.8.0 Demichev et al. 60,61 https://github.com/vdemichev/DiaNN

R statistical environment, version 4.2.2 R Development Core Team https://www.r-project.org/

CIBERSORTx Newman et al. 44 https://cibersortx.stanford.edu/

MOFA+ (Multi-Omics Factor Analysis) Argelaguet et al. 43 https://biofam.github.io/MOFA2/

GraphPad Prism Licensed software https://www.graphpad.com/features

Integrated Genomics Viewer Broad Institute, MIT Harvard, 

Cambridge, MA

https://igv.org/

Incucyte® Live Cell Analysis System Sartorius https://www.sartorius.com/en/products/ 

live-cell-imaging-analysis/live-cell-analysis- 

instruments/s3-live-cell-analysis- 

instrument#id-797316; RRID:SCR_023147

StepOnePlus Real-Time PCR System Applied Biosystems https://www.thermofisher.com/order/ 

catalog/product/4376600; RRID:SCR_015805
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Cell lines 

VOA3448, VOA4627, and VOA6406 (M. Carey, University of British Columbia) cells were cultured in a 1:1 mixture of MCDB 105 (Cell 

Application Inc.) and Medium 199 (Gibco), supplemented with sodium bicarbonate (Corning), L-glutamine (Corning), and 10% fetal 

bovine serum (FBS). MPSC-1 (I-M. Shih, Johns Hopkins University) and CAISMOV24 (F. Guimarã es, University of Campinas, Brazil) 

cells were cultured in RPMI-1640 (Cell Application Inc.) supplemented with L-glutamine (2mM) and 10% FBS. The cells were main- 

tained at 37 ç C in a humidified incubator at 5% CO2. The cell lines were banked in liquid nitrogen and one vial of each passage was 

confirmed Mycoplasma negative using the STAT-Myco kit. The cell lines were validated using short tandem repeat DNA fingerprinting 

with the AmpFℓSTR Identifier kit and compared with known fingerprints by IDEXX BioAnalytics Laboratories (Columbia, MO). Cells 

were passaged 2–10 times after thawing before commencing with experiments.

METHOD DETAILS

Deep Visual Proteomics 

Immunofluorescence 

Formalin-fixed paraffin-embedded (FFPE) tissue was sectioned (2.5 μm) from paraffin blocks and mounted on 1.0 PEN membrane 

slides (MicroDissect, MDG3P40AK). To enhance tissue adhesion, membrane slides were incubated for 1 h under UV light and treated 

with VECTABOND reagent (Biozol, VEC-SP-1800) according to the manufacturer’s instructions. Mounted slides were incubated at 

55 ç C for 30 min and deparaffinized through xylene (2 min) and 100% ethanol, 95% ethanol, 75% ethanol, 30% ethanol, and distilled 

water (1 min) twice. Antigen retrieval occurred in 1x DAKO pH9 HIER buffer (Agilent Dako)/10% glycerol (v/v) (Sigma) in a preheated 

water bath at 90 ç C for 60 min, followed by the blocking of nonspecific binding sites using 5% BSA in PBS for 60 min at room 

temperature. 

Directly conjugated antibodies targeting EPCAM (Abcam, recombinant Alexa Fluor 555, ab275122, 1:100) and decorin (Abcam, 

recombinant Alexa Fluor 647, ab281326, 1:100) were diluted in antibody diluent solution (Agilent Dako, S080983-2) and incubated 

at 4 ç C overnight in a wet staining chamber. Nuclei were stained with SYTOX green (1:400, Thermo Fisher Scientific) for 10 min at 

room temperature and mounted with aqueous mounting medium (SlowFade Diamond Antifade Mountant, Thermo Fisher Scientific). 

Image acquisition and analysis 

High-resolution fluorescence images were acquired on an Axio Scan.Z1 (Zeiss) microscope, coupled to a 20x/0.8 M27 dry objective, 

and the scanned slides were saved as ’czi’ files. Images were recorded implementing a 10% tile overlap, five z-stacks (offset -5μm) 

and a bin mode of 1x.1, using optimized exposure times for each fluorescent channel (AF647: 40ms, AF555: 300ms, AF488: 10ms). 

For image post-processing, z-planes were collapsed into a single plane based on the variance of pixel values (‘Extended Depth of 

Focus - EDF’) and stitched to achieve precise matching of tiles. Then, images were imported into the Biology Image Analysis Soft- 

ware (‘BIAS’) and analyzed. 13 Briefly, segmentation was performed for epithelial cells (Algorithm: ‘Generic cytoplasm segmentation 

v1.0’, Settings: input spatial scaling: 1.0, detection confidence: 50%, contour confidence: 50%, region properties: 10–500 μm 2 ) and 

stromal cell equivalents (Algorithm: Generic nucleus segmentation v1.0. Settings: input spatial scaling: 2.4, detection confidence: 

50%, contour confidence: 50%, region properties: max. 100 μm 2 , dilated by 9 μm 2 ). Of note, stromal cells were acquired using an 

algorithm dilating the shape of stromal nuclei as approximation. 

Once regions of interest were selected using matching regions in spatial transcriptomics, shapes of single cells were exported 

while defining three reference points for coordinate system transfer. To improve the efficiency of laser-guided shape extraction, poly- 

gon reduction was accomplished by implementing the Ramer-Douglas-Peucker algorithm. To facilitate this, an interactive web inter- 

face was developed using Python (version 3.8.5) in conjunction with the Streamlit library (version 1.19.0). Internally, data manipulation 

tasks were carried out using the numpy (version 1.22.2) and pandas (version 1.4.0) libraries. Visualization of both original and reduced 

shapes was performed using the plotly library (version 5.5.0). Epsilon values were chosen interactively to find an optimum to preserve 

shapes and reduce points. Upon image acquisition, cover glasses were removed, and the tissue was dried thoroughly at room tem- 

perature to enable precise laser cutting. 

Laser microdissection 

Cells were cut from the tissue using the laser microscope (Leica Microsystems) and collected into a dry 384-well plate (Eppendorf) 

while maintaining a stable temperature of 31.9 ç C. AI-defined shapes of cells were imported using the reference points defined in the 

BIAS software and minimal correction of shape alignment was performed. Laser extraction was performed directing a diode-pumped 

solid-state laser (349 nm) via an HC PL FLUOTAR L 63x/0.70 objective (power: 59, aperture: 1, speed: 20–25, head current: 42–49%, 

pulse frequency: 2450–2600, offset: 214–219) conducting a final middle pulse to collect the shapes vertically into the well. Consid- 

ering the surface area of the cell as an indicator of final protein amounts injected into the mass spectrometer, a total of 700 epithelial 

cell shapes and 150 stroma equivalents were collected to compensate for differences in area sizes. 

Sample preparation 

All laser-dissected samples in the 384-well plate were processed in parallel by implementing an automated liquid handling platform 

(Agilent Bravo). Extracted cells were concentrated at the bottom of each well by the addition of 28 μL of 100% acetonitrile, centri- 

fugation at 2,000 g for 10 min and vacuum evaporation for 15 min (60 ç C). Cells were lysed in 4 μL of 60 mM triethylammonium bicar- 

bonate (TEAB) in H 2 O at 95 ç C for 60 min. After adding 1μL of 60% acetonitrile (final concentration of 12% (v/v)), the samples were 

incubated at 75 ç C for 60 min. Proteins were digested sequentially, adding 1 μL of 4ng/μL LysC (Wako, 129–02541; in 60 mM TEAB, 

12% I) for 3 h and 1.5 μL of 4 ng/μL trypsin (Sigma-Aldrich, T6567; in 60 mM TEAB, 12% I) overnight at 37 ç C. The enzymatic digest
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was quenched using a final concentration of 1% (v/v) trifluoroacetic acid (TFA), centrifuged for 5 min at 1,000g and vacuum dried at 

60 ç C. Samples were resuspended in 2% acetonitrile (v/v), 0.1% trifluoroacetic acid (v/v), and the entire volume was injected for MS 

data acquisition. 

Mass spectrometry measurements and data processing 

The LC system of choice was an EASY nanoLC 1200 (Thermo Fisher Scientific). Peptides were separated on a 50 cm in-house 

packed HPLC column 62 (75 μm inner diameter packed with 1.9 μm ReproSil-Pur C18-AQ silica beads (Dr. Maisch GmbH)) with a 

linear gradient of 120 min from 3 to 30% buffer B in 95 min, followed by an increase to 60% for 5 min, washed at 95% buffer B 

for 10 min and re-equilibration for 10 min at 5% buffer B (buffer A: 0.1% formic acid (FA) and 99.9% ddH2O; buffer B: 0.1% FA, 

80% ACN, and 19.9% ddH2O). The flow rate was kept constant at 300 nL/min, and the column was heated to 60 ç C by an in-house 

manufactured oven. The EASY LC system was coupled to a timsTOF SCP mass spectrometer (Bruker) via a nanoelectrospray ion 

source (Captive spray source, Bruker). The mass spectrometer was operated in dia-PASEF mode using the 16 diaPASEF scan acqui- 

sition scheme (standard scheme). 63 The method covered an m/z range from 400 to 1200 and ion mobility of 0.6–1.6 Vs. cm − 2 . All 

other settings were described previously. 60 For cell line experiments, the LC system was coupled to a timsTOF Pro2 mass spectrom- 

eter (Bruker) with settings as described above. 

Raw data was searched using the DIA-NN software 61,64 (version 1.8.0). Searches were performed separately for the epithelial and 

stromal compartments using the library-free search and the human Uniprot databases (UP000005640_9606 with isoforms, February 

28, 2022). In short, a deep-learning module, match-between-runs (MBR) and heuristic protein inference (‘–relaxed-prot-inf’) was 

enabled. N-terminal methionine excision and carbamidomethylation were set as fixed modifications, ‘IDs, RT & IM profiling’ was 

used for library generation, ‘robust LC (high accuracy)’ for quantification and ‘Global’ for cross-run normalization. The ‘pg_matrix. 

tsv’ output file was used for further data analysis. For quality control only, epithelial and stromal data were jointly quantified in 

DIA-NN as described above.

Bulk proteomics of cell lines 

Cells were harvested and washed in PBS. Pellets were lysed for 10 min at 90 ç C in 50 μL lysis buffer (12.5% acetonitrile, 300 mM Tris/ 

HCl pH 8.0, 5 mM TCEP, 25 mM CAA), sonicated in a Bioruptor Plus (Diagenode, sonication cycles of 30 s for 15 min) and heated at 

90 ç C for 30 min. Protein concentration was measured using a Nanodrop instrument (ThermoFisher Scientific), proteins were digested 

using LysC and trypsin in a ratio of 1:100 over night at 37 ç C. Digests were quenched by adding trifluoroacetic acid (TFA) to a final 

concentration of 1%, and peptides purified using two layers of SDB-RPS as active matrix in stage tips (Wash 1: isopropanol, 1% 

TFA; Wash 2: 0.2% TFA; elution buffer (80% I, 1% NH 4 +)). Purified peptides were vacuum dried for 40 min at 60 ç C and resuspended 

in 2% acetonitrile (v/v), 0.1% trifluoroacetic acid (v/v). A total of 200ng was injected into the mass spectrometer and measured as 

described above. For siRNA knock-down experiments for NOVA2, VOA6406 cells were treated with a 25 nM siRNA pool for 

NOVA2 (L-012590-00, see below). 500,000 cells were harvested, washed in PBS and prepared for MS as described above.

GeoMx spatial transcriptomics 

FFPE tissue sections (5 μm) sliced consecutively to Deep Viusal Proteomics samples were processed following the Nanostring GeoMx 

user manual (MAN-10132-04). In brief, tissue slides were deparaffinized and rehydrated, followed by protein target retrieval using an- 

tigen retrieval buffer (Tris-EDTA) for 20 min in a pressure cooker. RNA target retrieval was accomplished by a digest with proteinase K 

for 15 min at 37 ç C. Tissue was post-fixed in 10% NBF, followed by an overnight hybridization at 37 ç C with the RNA probes (Human 

Whole Transcriptome Atlas, 18,000 protein-coding genes coupled to UV-cleavable oligonucleotide barcodes). Excess probes were 

removed the next day by washing the samples twice in stringent washes at 37 ç C, followed by an incubation period in blocking buffer W 

(Nanostring LOT#:2–23020032). Thereafter, tissue was stained using conjugated primary antibodies targeting pan-cytokeratin (mouse 

monoclonal antibody, Novus NBP2-33200AF488, 1:100) and vimentin (mouse monoclonal IgG1κ, Santa Cruz sc-373717, 1:100) as 

well as the SYTO13 nuclear stain (ThermoFisher Scientific, S7575) for one hour at room temperature. 

For transcriptomics data acquisition, slides were placed on the GeoMx Digital Spatial Profiler (DSP) and scanned in 20× magni- 

fication. Based on immunofluorescence images, regions of interest (ROIs) were collected under supervision of an experienced 

pathologist (AB) and matched to the regions selected in DVP. Upon ROI selection, oligonucleotide barcodes were collected into a 

96-well plate by UV-ablation while precisely separating compartments in each region. Sequencing libraries were prepared using 

the Illumina TruSeq technology for the ligation of sequencing adaptors and amplification. Amplified libraries were purified using 

two rounds of Ampure XP magnetic bead cleanup (ratio 1.2:1 (beads: library)) (HighPrep PCR from MAGBIO (Cat#: AC-60500)). Pu- 

rified libraries were sequenced in an Illumina NovaSeq flowcell PE50 at a depth of 100x/μm2.

Advanced data integration 

Multimodal analysis was conducted using the MOFA+ (Multi-Omics Factor Analysis) 43 platform to integrate the Nanostring and DVP 

datasets. For this analysis, we only included transcripts and proteins previously identified as differentially expressed (1385 genes and 

962 proteins for epithelium; 1013 genes and 628 proteins for stroma). Samples with multiple measurements were mean-aggregated, 

leading to 140 Nanostring and 42 DVP samples (from 143 samples combined) for epithelium and 102 Nanostring and 37 DVP samples 

(from 111 samples combined) for stroma. We applied separately for each cell type (epithelium and stroma) using muon, a dedicated 

Python framework for multimodal omics analysis. 43,65 The analysis was performed on the union of Nanostring and DVP samples, and 

four latent factors were learned for each tissue type. For the integrated marker panel, transcripts and proteins were sorted by MOFA
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score and the top10 ranks for each modality and enrichment (drivers of SBT and LGSC, respectively) were selected for tumor and 

stromal cells.

Antibody-based validation staining 

Immunohistochemistry 

FFPE tissue was sectioned (5 μm) on SuperfrostTM Plus Microscope Slides (Fisher Scientific, 22-037-246). Then, the immunohisto- 

chemistry was performed on Leica Bond RX automated stainer. After the standard procedures for deparaffinization and rehydration, 

tissue sections were treated with Proteinase K (Agilent, S3004) for 5 min pre-treatment at room temperature. Anti-NOVA2 [Novus 

Biologicals, # NBP1-92196, 1:50], c-MET [Invitrogen, #18–7366, 1:150], NNMT [Santa Cruz Biotechnology, #sc-376048, 1:100], 

FOLR1 [Cell Signaling, 37283S, clone: BN3.2, 1:50], ITGB1 [Sigma Aldrich, HPA069003-100UL, 1:100], FN1 [Abcam, ab2413, 

1:200] was applied on tissue sections for 60 min incubation at room temperature. The antigen-antibody binding was detected by 

Bond Polymer Refine Detection (DS9800, Leica Microsystem). Tissue sections were briefly immersed in hematoxylin for counter- 

staining and were covered with cover glasses. These slides were imaged using Olympus VS200 Slideview. Images for publication 

were exported from QuPath version 0.3.2. 

Immunofluorescence 

FFPE tissue was sectioned (5 μm) on SuperfrostTM Plus Microscope Slides (Fisher Scientific, 22-037-246) and deparaffinized as 

described above (see section ‘Deep Visual Proteomics’). For antigen-retrieval, samples were heated in a water bath at 90 ç C for 

30 min in 1x DAKO pH9 HIER buffer (Agilent Dako) and blocked using 5% BSA in PBS for 45 min at room temperature. Primary 

antibodies for PAX8 (Mouse mAb 28556, Cell Signaling Technology, 1:400) and CAPS (Rabbit polyclonal PA5-60401, Thermo Fisher 

Scientific, 1:50) were diluted in antibody diluent solution (Agilent Dako, S080983-2) and incubated at 4 ç C overnight in a wet staining 

chamber. Secondary antibodies (anti-Mouse IgG1 AF647, A-21240, Thermo Fisher Scientific, 1:200; anti-rabbit IgG AF750, ab175735, 

Abcam, 1:200) and ConcavalinA conjugated to tetramethylrhodamine (C860, Thermo Fisher Scientific, 1:150) were incubated for 

60 min at room temperature. Nuclear staining was performed using SYTOX green (1:400, Thermo Fisher Scientific) for 10 min at 

room temperature and slides were mounted (Vectashield Vibrance Antifade Mounting Medium, Vector Laboratories, H-1700). The re- 

sulting staining was visualized on a Axio Scan.Z1 (Zeiss) microscope as described above (see section ‘Deep Visual Proteomics’).

siRNA transfection 

We used the integrated panel presented in Table S3C as a starting point for the selection of siRNA screen targets. We complemented 

these targets with proteins/transcripts from the differential expression (Tables S2E, S2I, S4C, and S4F) and regression (Tables S2D 

and S4D) analyses which we screened using current scientific literature for biological significance in cancer. For transient transfec- 

tions, LGSC were transfected with 25 nM small interfering siRNA pools using DharmaFECT 1 (Horizon Discovery) in M105:M199 me- 

dia without FBS. Each pool contained four siRNA sequences for 23 proteins (Table S3D) as well as controls, ON-TARGET plus Non- 

targeting siRNA #1 (D-001810-01), or siGLO RISC-Free Control regent (Horizon Discovery; Catalog number; D-001600-01-05).

Inhibitor testing 

The MET inhibitors, Savolitinib (HY-15959) and Cabozantinib (YT-13016), the EGFR inhibitors, Icotinib (HY-15164A), Lapatinib 

(HY-50898) and Erlotinib (HY-50896), MEK1/2 inhibitor Trametinib (HY-10999), BRAF inhibitor Dabrafenib (HY-14660), and the integ- 

rin alpha 5 antibody (IIA1) were purchased from MedChem Express. The FOLR1-targeted antibody drug conjugate, Mirvetuximab 

was purchased from ImmunoGen, Inc. The CDK inhibitors, Abemaciclib (LY2835219), Milciclib (PHA-848125), and Palbociclib 

(S4482), the MMP2/9 inhibitor SB-3CT (S7430), c-Fos AP-1 inhibitor T-5224 (S8966), JAK 1/2 inhibitor Rruxolitinib (S1378), and 

the TGFβR1 inhibitor galunisertib (LY2157299) were purchased from SelleckChem. The inhibitors were tested in vitro using the pro- 

liferation IC50 doses (Table S3E). IC50 values of set I compounds were determined using an MTT assay evaluation proliferation on the 

epithelial cancer cells only. For set II compounds, the IC50 was determined from the mean results derived from epithelial cancer cells 

alone and in co-culture with CAFs to accommodate cancer-cell and co-culture experimental conditions.

Quantitative PCR with reverse transcription 

RT-qPCR was conducted by StepOnePlus Real-Time PCR System (Applied Biosystems). Total RNA was extracted using TRIzol 

(Invitrogen) and transcribed into cDNA using TaqMan RNA Reverse Transcription Kit (Applied Biosystems). A TaqMan endogenous 

control was used to normalize mRNA expression. Each PCR assay was performed in triplicate, and relative levels of NOVA2 expres- 

sion were calculated using the 2 –ΔΔ C t method.

Genomic sequencing 

Next-generation sequencing (NGS) was performed using the University of Chicago Medicine OncoPlus (UCM-OncoPlus) panel, 

a hybrid-capture panel targeting 1005 cancer-associated genes with 168 clinically reported genes. DNA extraction, DNA quantifica- 

tion, library preparation, and NGS were performed as described previously. 66 Data analysis was performed on a high-performance 

computing system (Center for Research Informatics, University of Chicago) using an in-house developed bioinformatics pipeline. 

Variant review and classification included filters based on population variant frequencies (The 1000 Genomes Project, https:// 

www.internationalgenome.org/), variant frequencies in cancer databases (COSMIC: catalog of somatic mutations in cancer, 

https://cancer.sanger.ac.uk/cosmic and cBioPortal, https://www.cbioportal.org/), and coding effects. Somatic variant calls were
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inspected using Integrated Genomics Viewer (IGV; Broad Institute, MIT Harvard, Cambridge, MA). Copy number results were calcu- 

lated using a combination of CNVkit 67 software and additional in-house intra-run normalization to eliminate run-specific artifacts by 

comparison with a pooled cohort of clinical controls. Gene-level changes were called using the UCM-OncoPlus clinical interpretation 

criteria as previously described. 66

Functional assays 

Migration/siRNA screen 

Ovarian cancer cells were plated in 96-well plates (17,000 cells/well) and reverse transfected with target or control siRNA. The wells 

were washed thoroughly with phosphate buffered saline (PBS) to remove detached cells and growth media added to each well before 

scratching with a wound making machine. The cells were monitored on the IncuCyte Live Cell Analysis System (Sartorius), with the 

wells imaged every hour to evaluate migration. 

Proliferation 

Ovarian cancer cells were plated onto 96-well plates (2–4,000 cells/well) and incubated for 24 h to allow cells to adhere before media 

changed. For siRNA testing, the cells were pre-transfected with target or control siRNA 24 h prior to assay and treated with growth 

media. For inhibitor testing, the cells were treated with IC50 concentration of inhibitors in growth media (Table S3E). For conditioned 

media testing, 24 h conditioned media was collected from primary human CAFs that stably expressed non-targeting shCtrl 

(5 2 -GCAGTTATCTGGAAGATCAGG-3 2 ) or shNNMT (5 2 -GCTACACAATCGAATGGTT-3 2 ). The LGSC cells were treated, incubated 

at 37 ç C with 5% CO2, and monitored on the IncuCyte Live Cell Analysis System (Sartorius), with the wells imaged every 4-12 h to 

evaluate proliferation. 

Invasion 

Ovarian cancer cells were plated in the top well of the 24-well Boyden chamber coated with 6μg of rat tail collagen type I (200,000 

LGSC cells/well; Figures 6D and 7C left, S14D, S14H left) or ovarian cancer cells were plated in the top well of the QCMTM 96-Well 

Cell Invasion Assay plate (40,000 LGSC cells and 4,000 CAFs/well; Figures 6G and 7C right, 7D, S14F, S14H right, S14J). For siRNA 

testing, the cells were pre-transfected with target or control siRNA 24 h prior to assay in serum-free media. For inhibitor testing, the 

cells were treated with IC50 concentration of inhibitors in serum-free media (Table S3E). Growth media was placed in the bottom 

chamber for the siRNA and inhibitor testing. For CAF conditioned media testing, conditioned media was collected from primary hu- 

man CAFs that stably expressed shCtrl or shNNMT as described above. The LGSC cells were plated in serum-free media, and in the 

bottom chamber CAF control media, shCtrl-expressing CAF conditioned media, or shNNMT-expressing CAF conditioned media, 

was added. The cells were incubated for 48 h to allow the cells to invade through the chamber. For the 24-well Boyden chamber, 

the invaded cells were stained with crystal violet, imaged (Nikon Ti2 Eclipse fully automated inverted fluorescence microscope), 

and counted using ImageJ Cell Counter plugin. For the QCMTM 96-Well Cell Invasion Assay, the invaded cells were detached, lysed, 

and stained with CyQuant GR Dye according to manufacturer instructions. Total fluorescence (480/520 nm) was acquired on a fluo- 

rescent plate reader (SpectraMax iD5). 

In vivo compound intervention 

One million VOA6406ip1 cells were injected intraperitoneal (i.p.) in 7-week-old athymic nude mice (day 1). Treatment was initiated on 

day 14 with a one-time intravenous treatment of mirvetuximab soravtansine (2.5 mg/kg) or PBS control 10 μL, followed by i.p. treat- 

ment of Milciclib (40 mg/kg) or DMSO control in 200 μL PBS on days 15–20 and days 22–27. On day 28, total tumor number, total 

tumor weight and total ascites volume of each mouse was measured.

QUANTIFICATION AND STATISTICAL ANALYSIS

Bioinformatics analyses of Deep Visual Proteomics and spatial transcriptomics data were performed in the R statistical environment 

(version 4.2.2). Protein intensities and GeoMx counts were log2 transformed and evaluated as described below. For each dataset, 

samples belonging to the main cohort were selected, while addition samples (‘case studies’) were processed separately. For prote- 

omic quality control, data completeness was determined by calculating the number of regions (0–3) where a protein was consistently 

identified across a specimen. Coefficients of variations (CVs) were determined on non-logarithmic data and complete MS intensities 

(no ‘NA’ values) (i) within a specimen (intra-specimen) by calculating the variation between different regions and the mean CV values 

for each group and (ii) between specimen (inter-specimen) by calculating mean MS intensities of regions for each specimen and the 

CVs of mean region values within each cohort group. 

GeoMx raw count data was processed and normalized using the R GeoMxTools package. Segments with fewer than 1000 raw 

reads, below >75% for % Aligned, >80% for %Trimmed and Stitched sequencing reads, were removed. We also removed segments 

with sequencing saturation <50%, negative count <1, and No Template Control count >9000. A probe is removed globally if the geo- 

metric mean of that probe’s counts from all segments divided by the geometric mean of all probe counts representing the target from 

all segments is less than 0.1 or the probe is an outlier according to the Grubb’s test in at least 20% of the segments. Segments with 

less than 5% of the genes detected were removed, and genes detected in at least 5% of the segments were kept. Counts were then 

normalized by Q3 normalization. 

Differential protein/transcript abundances of both datasets were determined using the ‘Limma’ package (v3.54.2) using the false 

discovery rate (FDR) for multiple testing correction and fixed parameters (adjusted p-value f 0.05 and logarithmic foldchange >1.5) 

for the assessment of significance. Likewise, ‘Limma’ was used for regression analyses across groups using a linear model fit
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followed by empirical Bayes statistics, while the same significance cutoff was used as described above. An overlap of MS protein 

identification was determined counting ‘NA’ and valid values per group and a combination matrix for upset plots, as well as all heat- 

maps, were generated using the ComplexHeatmap package (v2.14.0). For all Principal Component Analyses (PCA) and omics data 

integration, data were filtered per protein for valid values in 2 out of 3 regions in all specimens of at least one group. Imputed sample- 

from normal distribution (width of 0.3, downshift of 1.8). PCA were performed using the FactoMineR package (v2.8). Biological 

pathway enrichments were accomplished by a gene set enrichment analysis (GSEA) on significantly differentially regulated pro- 

teins/transcripts using the WebGestalt gene set analysis toolkit (v0.4.5) in reference to the ‘Reactome Pathway’ and ‘non-redundant 

geneontology Biological Process’ databases and a Benjamini-Hochberg FDR correction (cutoff: 0.05). Ciliated and secretory cell 

markers were extracted from the top 100 abundant transcripts of the ciliated and secretory cells in the post-menopausal fallopian 

tube as presented in recently published work. 45 Remaining plots were generated using the ggplot2 package (v3.4.2) and mean com- 

parisons of p-values were added using two-sided Student’s t-tests and equal variances. 

For the integration of omics data, regions of interest were filtered for dataset counterparts and protein/transcript names were 

matched by first prioritizing non-isoform proteins and then prioritizing the percentage of valid (not ‘NA’) values when selecting be- 

tween isoforms. If two ROIs of the spatial transcriptomics matched one DVP region, mean GeoMx counts were calculated. Previously 

imputed data were used for the proteomic dataset. Correlation between datasets was tested by Pearson correlation using the ‘stats’ 

package (v4.2.2) and Benjamini-Hochberg (FDR) correction. Stacked image creation of our multi-omics approach was done with a 

custom Python script (version 3.10.11) and Adobe Illustrator (27.5) using the following libraries: pandas (1.5.3), untangle (1.2.1), 

numpy (1.24.3), PIL (9.4.0) and matplotlib (3.7.1). Initially, the shape data was superimposed on raw slide images, followed by manual 

adjustments as necessary. Subsequently, each color layer was exported separately as an overlay and integrated into Adobe Illus- 

trator. Schematics were created with BioRender.com (Figures 1, 6 and 7) and Adobe Illustrator (Graphical Abstract). 

The CIBERSORTx platform 44 was utilized for digital cell deconvolution of stroma cells from DVP or spatial transcriptomics. The 

reference file for deconvolution was derived from single-cell RNA sequencing data of the post-menopausal ovary and fallopian 

tube, with cell types identified from a published manuscript. 45 Transcripts pre-filtered in this study were processed into a signature 

matrix using the platform’s online interface with standard settings. DVP or spatial transcriptomics stroma files were imported as 

mixture files and deconvoluted based on the reference data. The resulting cell-type proportions were visualized using the 

ggplot2 R package (v3.4.2). Cell-adhesion analyses were performed based on the OmniPath database 30 (intercell network) filtering 

ligand-receptor proteins by the term ‘adhesion’ in the categories of intercell-source and target, followed by filtering for significant 

differential protein regulation comparing SBT vs. LGSC. Chord diagrams were generated using the ‘circlize’ R package (v.0.4.16). 

GraphPad Prism was used to evaluate experimental data, including statistical testing as indicated in each figure legend, and data 

visualization.
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