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Abstract 22 

Uterine carcinosarcoma (UCS) is a rare but highly lethal endometrial malignancy characterized by 23 

early dissemination, marked lineage plasticity, and limited therapeutic options. Although genomic 24 

studies have established UCS as a copy-number-high, carcinoma-like tumor with strong epithelial-25 

mesenchymal transition (EMT) features, mechanistic and translational progress has been hindered 26 

by the lack of physiologically relevant patient-derived models, particularly models representing 27 

patients from African ancestry who are disproportionately affected by UCS. Here, we establish an 28 

ancestrally diverse cohort of UCS patient-derived organoids (PDOs) with matched normal 29 

endometrial PDOs that preserve the histological, genomic and transcriptional features of the 30 

tumors from which they were derived. Across the cohort, UCS PDOs retain somatic mutations, 31 

copy number alterations and recapitulate biphasic epithelial and mesenchymal cell states at single-32 

cell resolution, and model dynamic transitions along an epithelial-to-mesenchymal continuum. 33 

Integrated bulk and single-cell analyses identify mesenchymal, proliferative, and metabolic 34 

transcriptional programs in UCS, with prominent enrichment of CREB-family motifs. 35 

Functionally, UCS PDOs reproduce heterogeneous responses to carboplatin and paclitaxel, reveal 36 

sensitivity to CREB inhibition, and suggest a potential cooperative vulnerability to combined 37 

FGFR and YAP pathway inhibition. Together, these data establish a genomically faithful and 38 

ancestrally inclusive UCS PDOs platform for studying tumor plasticity, lineage-state regulation, 39 

and therapy response in an understudied and clinically aggressive gynecologic cancer.  40 
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MAIN 41 

Introduction 42 

Uterine carcinosarcoma (UCS) is an aggressive subtype of endometrial cancer defined by its 43 

biphasic architecture, comprising malignant epithelial and sarcoma-like components1–3. Although 44 

UCS represents a minority of endometrial cancers, it accounts for a disproportionate number of 45 

disease-related deaths due to rapid progression, early dissemination, and high recurrence rate. 46 

Standard-of-care treatment consists of surgery followed by platinum- and taxane-based 47 

chemotherapy1,4–6; however, therapeutic responses are frequently transient and relapse is common. 48 

Clinical management is largely extrapolated from other high-grade endometrial or ovarian cancers, 49 

yet survival outcomes remain poor and there is no consensus on effective UCS-specific regimens, 50 

highlighting a significant unmet medical need7–9.  51 

 52 

Despite its clinical aggressiveness, progress in understanding UCS biology has been limited by the 53 

lack of physiologically relevant models that capture its biphasic lineage composition and dynamic 54 

cell-state transitions. This gap is further compounded by the underrepresentation of diverse patient 55 

populations in current preclinical and translational studies10,11, despite known disparities in UCS 56 

incidence, severity, and outcomes across ancestry, age, and metabolic context12,13,14. As a result, 57 

current models fail to reflect the full biological and clinical heterogeneity of UCS, restricting 58 

mechanistic insight and the identification of actionable therapeutic vulnerabilities. To address 59 

these challenges, there is a need for model systems that not only preserve the genomic and 60 

transcriptional architecture of primary tumors but also recapitulate their cellular heterogeneity, 61 

lineage plasticity, and treatment responses. In particular, models that demonstrate concordance 62 

with primary tumors at the level of mutational landscape, copy-number alterations, and cell-state-63 

specific transcriptional programs are essential to enable functional interrogation and therapeutic 64 

testing. 65 

 66 

Conventional two-dimensional cell lines fail to recapitulate the biphasic organization, intercellular 67 

signaling networks, and lineage heterogeneity that define primary tumors, while prolonged in vitro 68 

cultivation often selects for dominant clones, erasing patient-specific plastic states15,16. In vivo 69 

models, while informative, are constrained by interspecies anatomical and reproductive cyclic 70 

differences between rodents and humans, which limit full physiological translatability and fail to 71 
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adequately capture the complexity and diversity of human endometrial tumors17,18. Patient-derived 72 

organoids (PDOs) provide a powerful framework to overcome these barriers by preserving three-73 

dimensional architecture, tumor-intrinsic heterogeneity, and patient-specific molecular features 74 

while enabling functional interrogation of therapeutic responses in a controlled yet physiologically 75 

relevant context19. However, robust and inclusive organoid models of UCS that integrate genomic 76 

fidelity, lineage-resolved transcriptomics, and systematic chemotherapy modeling have not been 77 

comprehensively established20–22. 78 

 79 

Here, we establish an ancestrally diverse cohort of UCS PDOs and matched normal tissues that 80 

faithfully recapitulate the genetic, transcriptional, and cellular features of primary tumors. Through 81 

integrated whole-genome sequencing, bulk and single-cell transcriptomics, and functional 82 

perturbation assays, we demonstrate high concordance between UCS PDOs and their tumors of 83 

origin, including preservation of biphasic epithelial and mesenchymal lineage states and inter-84 

patient heterogeneity. We further show that these models capture key signaling dependencies and 85 

chemotherapeutic responses, enabling the identification of state-dependent vulnerabilities and 86 

providing a scalable platform for mechanistic studies. Together, this work closes a critical gap in 87 

UCS research by establishing a genomically and transcriptionally faithful, ancestrally inclusive 88 

PDO model system that enables the study of tumor plasticity, cell-state interactions, and 89 

therapeutic response, thereby advancing both biological understanding and translational 90 

opportunities in this lethal disease. 91 

 92 

Results 93 

Genomically defined and ancestrally inclusive UCS cohort enables PDO modeling 94 

To establish a clinically relevant UCS model resource, we collected 25 UCS tumor specimens (23 95 

primary tumors and 2 metastases) together with matched normal tissue when available and 96 

processed them for PDO derivation and molecular profiling (Figure 1A). Since UCS 97 

disproportionately affects women of African American (AFR) ancestry23,24 and prior The Cancer 98 

Genome Atlas (TCGA)-UCS studies included only 16% (9/57) AFR patients25, our cohort was 99 

intentionally enriched for diversity, comprising 60% (15/25) AFR women to address this health 100 

disparity. Patients were stratified by BMI and age (Figure 1B), and self-reported ethnicity. WGS 101 

was performed on all 25 specimens to define somatic and germline alterations (Figure 1C). 102 
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Genetic ancestry was determined from germline single nucleotide variants by projecting samples 103 

onto reference populations using ADMIXTURE26 inference. The predominant (max) ancestry for 104 

each specimen was defined as the ancestry component with the highest proportional contribution. 105 

Consistent with TCGA-UCS data25, TP53 mutations were highly prevalent and detected in 21 of 106 

25 tumors, underscoring the serous-like, copy-number high molecular architecture characteristic 107 

of UCS27. Additional mutations, including ARID1A, PTEN, KEAP1, PAX8, and ASPSCR1, varied 108 

across patients, reflecting substantial inter-tumoral heterogeneity. MANTIS28 analysis further 109 

identified one case (CS-014T) as microsatellite instability-high (MSI-H) with elevated tumor 110 

mutational burden (TMB), highlighting the presence of distinct molecular subsets within the cohort 111 

(Figure 1C). 112 

 113 

Collectively, this ancestrally enriched and genomically characterized UCS cohort provides a 114 

valuable resource that captures both canonical TP53-driven biology and patient-specific 115 

heterogeneity, establishing a robust foundation for organoid-based studies of tumor plasticity, 116 

therapeutic vulnerability, and drug response. 117 

 118 

FGFR genomic alterations inform FGF-dependent establishment and long-term expansion 119 

of UCS PDOs 120 

We next asked whether recurrent growth factor signaling alterations in UCS could help guide 121 

culture conditions for robust PDO establishment. UCS PDOs were established and expanded 122 

according to previously published protocols29–31, followed by comprehensive genomic, 123 

transcriptomic, and histologic profiling to interrogate UCS pathophysiology and identify candidate 124 

molecular targets. Analysis of the TCGA-UCS cohort (n = 56) revealed recurrent alterations in 125 

growth factor receptor genes, with the most prominent events involving FGFR3, FGFR1, and 126 

FGFR2, along with less frequent alterations in PDGFRA, PDGFRB, and IGF1R (Figure 2A). 127 

Because these events include amplification, mutation, and deletion, our data suggest a pathway-128 

level dysregulation rather than a single recurrent hotspot event.  129 

 130 

To test whether genomic alteration translated into transcriptional output, we compared copy-131 

number and RNA expression measurements for FGFR1 and FGFR3 in our cohort (n = 25, red) 132 

and in TCGA-UCS25 (n = 56, blue). In both, increased copy number was associated with higher 133 
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transcript abundance, although the effect sizes were modest, which is expected for pathway 134 

components influenced by both dosage and cell-state context (Figure 2B). 135 

 136 

Based on these observations, we hypothesized that FGF signaling may provide critical growth 137 

support for UCS cells in vitro. We therefore systematically tested individual FGF ligands and 138 

combinations during PDO establishment. Among tested conditions, FGF1, FGF4 and FGF9, 139 

ligands known to signal predominantly through FGFR1 and FGFR332, robustly supported PDO 140 

formation either individually or in combination (Figure S2A-B). Incorporation of FGF1 and FGF4 141 

into an optimized culture system resulted in successful establishment of UCS PDOs with an overall 142 

efficiency of approximately 85% across donors (Figure S2C). 143 

 144 

Brightfield imaging demonstrated stable three-dimensional architecture of UCS PDOs, which 145 

were morphologically distinct from matched normal endometrial PDOs derived from the same 146 

patients (Figure 2C and Figure S2D). Importantly, we have established UCS PDO models with a 147 

long term expansion potential for up to 24 months. (Figure 2D and Figure S2E). Quantification 148 

further showed an increase in PDO yield between early and later culture time points, indicating 149 

that PDO-forming cells remain proliferative and undergo expansion over time in culture (Figure 150 

S2F). A subset of these UCS PDOs were expanded for the Human Cancer Models Initiative for 151 

distribution with the scientific community33. 152 

 153 

To evaluate whether tumor-intrinsic genomic features were preserved in vitro, we performed 154 

matched whole exome sequencing (WES) and bulk RNA-seq on three established UCS PDOs. We 155 

integrated UCS PDO transcriptomic profiles with their corresponding copy-number landscapes 156 

and conducted the same copy-number-expression correlation analysis as in primary tumors. 157 

Consistent with patient tissue and TCGA-UCS samples, FGFR1 and FGFR3 copy-number gains 158 

in UCS PDOs were associated with increased transcript abundance (Figure 2E). 159 

 160 

Collectively, these findings demonstrate that FGFR pathway is altered in UCS and incorporating 161 

FGFs support the robust establishment and long-term expansion of ancestrally diverse UCS PDO 162 

models. 163 

 164 
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UCS PDOs recapitulate histopathologic and phenotypic features of primary tumors 165 

To assess whether UCS PDOs preserve histopathological features of the parental tumors, we 166 

performed comparative hematoxylin and eosin (H&E) staining and immunohistochemical (IHC) 167 

analyses on matched primary tissues and PDOs. Primary UCS specimens displayed characteristic 168 

biphasic morphology, with malignant epithelial glandular structures intermingled with atypical 169 

mesenchymal stroma (Figure 3A). High-grade nuclear atypia and stromal expansion were evident 170 

across cases (Figure 3A, highlighted by asterisk and arrows). 171 

 172 

Immunohistochemical staining of primary UCS tumors confirmed epithelial differentiation by E-173 

cadherin (CDH1) positivity and epithelial membrane antigen (EMA) expression, while diffuse p53 174 

staining was observed, consistent with the high frequency of TP53 alterations identified 175 

genomically. Robust Ki67 labeling further indicated high proliferative activity within both 176 

epithelial and stromal compartments (Figure 3B). 177 

 178 

Histological examination of UCS PDOs demonstrated preservation of malignant architectural 179 

features34, including high-grade nuclear atypia and regions of central necrosis (Figure 3C and 180 

Figure S3A-D). UCS PDOs displayed complex three-dimensional organization, and in some 181 

regions, extracellular matrix-like structures were observed, suggestive of stromal-like 182 

differentiation (Figure 3C, right image, highlighted by arrow). These findings indicate that PDOs 183 

maintain structural features reminiscent of the biphasic nature of UCS. 184 

 185 

Immunostaining of UCS PDO sections revealed cellular marker expression patterns comparable 186 

to the corresponding primary tumors. CDH1 confirmed epithelial components within PDOs, EMA 187 

marked epithelial differentiation, diffuse p53 expression reflected retention of TP53-altered tumor 188 

identity, and Ki67 staining demonstrated sustained proliferative capacity in vitro (Figure 3D and 189 

Figure S3A-D). Together, these data demonstrate that UCS PDOs preserve key histopathological 190 

characteristics of the parental tumors, supporting their suitability as clinically-relevant models. 191 

 192 

UCS PDOs preserve the genomic landscape and copy-number architecture of primary 193 

tumors 194 
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To investigate in genomic concordance between primary tumors and matched UCS PDOs, we 195 

performed multi-layered genomic profiling across sequencing platforms. Targeted panel 196 

sequencing of 49 recurrent cancer-associated genes was conducted on 25 tumor tissues (23 primary 197 

tumors and 2 metastases) and matched UCS PDO lines (Figure 4A and Figure S4A). Across 198 

samples, recurrent alterations were detected in canonical carcinosarcoma-associated genes, 199 

including TP53, KRAS, PIK3CA, ARID1A, and TGFB2, consistent with prior genomic 200 

studies10,25,35,36. Importantly, matched PDOs retained the vast majority of somatic mutations 201 

detected in their parental tumors (Figure 4A and Figure S4A). For example, a frameshift deletion 202 

in ARID1A was detected in both primary tumors and matched UCS PDOs (Figure 4A). 203 

 204 

To quantify overlap between primary tumors and UCS PDOs, we compared single nucleotide 205 

polymorphisms (SNPs) identified across matched samples. Of the detected variants, 862 SNPs 206 

were shared between primary tissues and UCS PDOs, whereas 36 were exclusive to primary 207 

tumors and 30 were unique to UCS PDOs (Figure 4B).  208 

 209 

To complement targeted genomic profiling, we performed whole-exome sequencing (WES) on 210 

three matched primary UCS tumor-PDO pairs (eight total lines including independent passages) 211 

to evaluate broader genomic concordance (Figure 4C-D and Figure S4B-C). Somatic mutation 212 

spectra were highly similar between matched pairs, and hierarchical clustering based on variant 213 

profiles grouped PDOs with their respective parental tumors. Importantly, analysis of copy-214 

number alterations demonstrated concordance in both amplification and deletion events across 215 

matched samples, with high pairwise correlation coefficients (Figure 4C-D). 216 

 217 

Given that UCS is characterized by widespread copy-number instability25, we next performed 218 

Short Multiply Aggregated Sequence Homologies (SMASH) sequencing to generate genome-wide 219 

copy-number profiles. SMASH analysis confirmed that UCS PDOs maintained large-scale 220 

chromosomal amplifications and deletions observed in the corresponding primary tumors (Figure 221 

4E). Moreover, copy-number landscapes were stable across serial passages, indicating genomic 222 

stability during long-term in vitro culture. Correlation analyses of amplification and deletion 223 

profiles further demonstrated that UCS PDOs clustered with their matched primary tumors rather 224 

than with unrelated samples (Figure 4F). 225 
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Collectively, these multi-platform genomic analyses demonstrate that UCS PDOs faithfully 226 

preserve the mutational landscape and copy-number architecture of their parental tumors, 227 

supporting their use as a robust and genomically stable model. 228 

 229 

Single-cell transcriptomics reveals cellular heterogeneity and epithelial-mesenchymal 230 

plasticity in UCS PDOs 231 

To assess whether UCS PDOs preserve the cellular heterogeneity and lineage complexity of 232 

primary tumors, we performed single-cell RNA-seq on four independent UCS PDO lines (CS-233 

007TO, CS-009TO, CS-013TO, and CS-014TO). UMAP embedding revealed distinct donor-234 

specific clustering, reflecting inter-patient transcriptional heterogeneity (Figure 5A). Within each 235 

UCS patient, cells segregated into carcinoma-like and sarcoma-like compartments, with further 236 

subdivision into epithelial basal, glandular, and luminal states, as well as endothelial-like, 237 

fibroblast-like, stromal-like, and muscle-like mesenchymal populations. Additional stem-238 

associated clusters, including mesenchymal stem cell (MSC)-like and cancer stem cell (CSC)-like 239 

populations, were identified. The relative abundance of these cell states varied markedly across 240 

donors (Figure 5A, lower panel). Certain cell populations appeared selectively enriched in 241 

individual PDOs. For example, fibroblast-like cells were predominantly observed in CS-007TO, 242 

whereas CS-009TO displayed an expanded epithelial luminal compartment (Figure 5A, lower 243 

panel). Donor CS-014TO exhibited a distinct EMT-enriched subpopulation, while MSC-like 244 

states were present across donors, albeit with heterogeneous transcriptional signatures (Figure 5A, 245 

lower panel). These findings indicate that UCS PDOs capture both epithelial and mesenchymal 246 

lineages and reflect patient-specific cellular architecture. 247 

 248 

To determine whether UCS PDOs maintain transcriptional similarity to primary tumors, we 249 

compared cell type-defining gene expression signatures between PDOs and matched tissues. 250 

Correlation analyses demonstrated concordance between UCS PDOs and primary tumor 251 

transcriptomes across donors (R = 0.59-0.94; Figure 5B), supporting preservation of tumor-252 

intrinsic transcriptional programs. 253 

 254 

We next analyzed transcriptional dynamics within UCS PDOs. RNA velocity analysis in donor 255 

CS-014TO revealed directional flow from epithelial basal and glandular populations toward EMT 256 
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and MSC-like states (Figure 5C). Pseudotime analysis further resolved cells along an early 257 

epithelial, transitional, and late mesenchymal continuum (Figure 5D). Latent time modeling 258 

confirmed a continuous trajectory, with gene-specific splicing kinetics indicating temporal 259 

activation of EMT-associated programs (Figure 5E). For example, canonical epithelial markers 260 

(e.g., MUC1) were enriched in early epithelial states, whereas EMT regulators (e.g., SNAI2) 261 

peaked during transition, and mesenchymal markers (e.g., SLPI) were upregulated at later stages. 262 

Importantly, comparable trajectory architectures were observed across additional UCS PDOs (CS-263 

007TO, CS-009TO, and CS-013TO) (Figure S5C). In each donor, RNA velocity streams indicated 264 

directional progression from epithelial or stem-associated states toward mesenchymal-like 265 

compartments, although the dominant originating populations varied between patients (Figure 266 

S5C).  267 

 268 

Collectively, these single-cell analyses demonstrate that UCS PDOs recapitulate patient-specific 269 

cellular heterogeneity while preserving dynamic epithelial-mesenchymal state transitions. 270 

 271 

Integrated transcriptomic profiling identifies CREB-associated transcriptional programs in 272 

UCS PDOs 273 

To define transcriptional programs in UCS PDOs, we performed bulk RNA-seq on eight UCS 274 

PDO lines and nine normal or matched endometrial biopsy-derived PDOs. Principal component 275 

analysis demonstrated segregation between UCS and normal samples (Figure S6A), confirming 276 

distinct transcriptomic identities. ADMIXTURE37-based ancestry inference from bulk RNA-seq 277 

further validated that the majority of sequenced samples were of African ancestry (Figure S6B). 278 

 279 

Differential expression analysis identified 2,158 significantly deregulated genes in UCS PDOs 280 

relative to normal PDO controls (FDR < 0.05), including 1,336 upregulated and 822 281 

downregulated transcripts (Figure 6A). Among the most significantly upregulated genes were 282 

proliferation- and EMT-associated transcripts (e.g., KIF5C, S100A9, SIX1, IGF2), whereas 283 

downregulated genes included epithelial-lineage regulators and differentiation-associated 284 

transcripts. In addition to protein-coding genes, multiple long non-coding RNAs (lncRNAs) were 285 

significantly deregulated, indicating coordinated remodeling of both coding and non-coding 286 

transcriptional networks. 287 
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Heatmap analysis of lineage-associated gene signatures demonstrated downregulation of canonical 288 

epithelial markers (e.g., EPCAM, MUC1, CDH1) and immune-associated genes in UCS PDOs, 289 

alongside robust upregulation of mesenchymal and EMT-associated genes (e.g., VIM, FN1, 290 

SPARC, ZEB1, SNAI2) (Figure 6B). These bulk-level changes are consistent with the epithelial-291 

mesenchymal plasticity observed at single-cell resolution. Gene set enrichment analysis further 292 

revealed significant enrichment of Hallmark pathways associated with EMT, myogenesis, E2F 293 

targets, G2/M checkpoint, mTORC1 signaling, glycolysis, and inflammatory signaling (Figure 294 

6C), indicating coordinated activation of proliferative and mesenchymal programs. Metabolic 295 

reprogramming was also evident, with deregulation of lipid and fatty acid metabolism genes 296 

including CPT1C, APOE, and APOL1 (Figure S6E). 297 

 298 

To identify transcription factor associations, we performed promoter motif enrichment analysis on 299 

differentially expressed protein-coding genes. Promoters of upregulated genes were significantly 300 

enriched for CREB-family binding motifs, including CREB1, CREB3, CREB5, and CREM 301 

(Figure 6D), implicating CREB-dependent transcriptional activation in UCS. Consistent with this, 302 

motif analysis of deregulated lncRNAs revealed enrichment of CREB binding motifs among 303 

downregulated lncRNA promoters (Figure S6F), suggesting context-dependent regulatory effects 304 

across coding and non-coding transcriptional programs. 305 

 306 

Collectively, integrated bulk transcriptomic analyses reveal that UCS PDOs are defined by 307 

mesenchymal activation, metabolic remodeling, and enrichment of CREB-associated 308 

transcriptional programs, nominating CREB signaling as a potential regulatory axis underlying 309 

UCS plasticity. 310 

 311 

UCS PDOs model heterogeneous drug response and nominate candidate therapeutics 312 

Having established genomically and phenotypically faithful UCS PDOs, we next evaluated their 313 

utility as a platform for therapeutic interrogation. As a benchmark, we performed standard-of-care 314 

drug screening using Carboplatin (CPT) and Paclitaxel (PTX) alone and in combination, the 315 

backbone of treatment for aggressive gynecologic malignancies38,39. PTX induced cytotoxicity 316 

across most UCS PDO lines, whereas CPT exhibited more variable and donor-dependent effects 317 

(Figure S7A-B). Combination CPT-PTX treatment resulted in enhanced cytotoxicity in UCS 318 
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PDOs compared to single agents in several UCS PDOs (Figure 7A-B), consistent with 319 

combinatorial efficacy observed in high-grade serous ovarian cancer6,38,40 and supporting the 320 

translational relevance of PDO-based drug testing. These results demonstrate that UCS PDOs 321 

recapitulate heterogeneous chemotherapy responses and provide a suitable system to model inter-322 

patient variability in treatment sensitivity. 323 

 324 

Building on the transcriptional analyses identifying CREB-family motif enrichment and 325 

mesenchymal activation in UCS PDOs, we next investigated whether CREB signaling represents 326 

a functional dependency. Pharmacologic inhibition of CREB (666-15) led to a dose-dependent 327 

reduction in PDO viability, whereas inhibition of the CREB co-activator CBP/p300 (A-485) 328 

exerted comparatively modest effects (Figure 7C), indicating that CREB is critical to UCS PDO 329 

survival. 330 

 331 

Given the recurrent FGFR alterations observed in earlier analyses (Figure 2A, C, E), we further 332 

examined pathway-directed targeting of FGFR signaling (Futibatinib) and YAP activity 333 

(Verteporfin) (Figure 7D and Figure S7C). Both agents failed to strongly reduce PDO viability 334 

as single treatments, but combined inhibition of FGFR and YAP signaling produced cytotoxic 335 

effects in UCS PDOs (Figure 7D and Figure S7C), suggesting cooperative signaling 336 

dependencies between FGFR and YAP pathways.  337 

 338 

Together, these data show that UCS PDOs exhibit heterogeneous responses to chemotherapy and 339 

targeted inhibitors and enable functional assessment of candidate pathway dependencies. 340 

 341 

Discussion 342 

The ability to model human disease in systems that retain its defining biological features remains 343 

a fundamental challenge in biomedical research. This is particularly critical for malignancies in 344 

which cellular identity is not fixed but dynamically regulated through transcriptional and genomic 345 

plasticity programs. UCS represents an extreme example of such complexity, yet current models 346 

do not adequately capture its biphasic architecture and underlying cell-state dynamics. Here, we 347 

establish PDOs intentionally including diverse patient backgrounds that preserve both the genomic 348 

landscape and transcriptional heterogeneity of primary UCS tumors. Our UCS PDO models offer 349 
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a physiologically relevant framework to interrogate disease mechanisms including cellular 350 

plasticity and therapeutic response. 351 

 352 

Prior landmark studies established that UCS is a metaplastic carcinoma with extensive copy-353 

number alterations, frequent TP53 mutations and EMT transcriptional signature10,25. Our data 354 

demonstrate that UCS PDOs preserve these genomic properties across independent platforms. The 355 

relatively high fraction of shared variants and the strong similarity of amplification and deletion 356 

profiles indicate that the dominnat tumor genome is maintained in vitro, even though limited 357 

unique variants suggest that some subclonal representation or culture-related selection is still 358 

possible. Our UCS models balance between the fidelity and manageable simplification of the in 359 

vitro culture conditions.    360 

 361 

Single-cell analyses resolved epithelial, stem-like, and mesenchymal populations that were 362 

arranged along continuous transcriptional trajectories. Directional RNA velocity and pseudotime 363 

analyses consistently indicated transitions from epithelial toward mesenchymal-like states across 364 

independent PDO lines, although the dominant originating populations varied between donors. 365 

These observations are compatible with a model in which phenotypic diversification in UCS and 366 

other tumors arises predominantly from transcriptional state plasticity layered upon a stable 367 

genomic backbone25,41,42. 368 

 369 

At the transcriptional level, UCS PDOs exhibited coordinated changes in mesenchymal, 370 

proliferative, and metabolic gene programs. The concurrent deregulation of protein-coding 371 

transcripts and long non-coding RNAs suggests broader transcriptional remodeling beyond 372 

individual pathways, consistent with emerging roles of non-coding RNAs in chromatin 373 

organization and EMT regulation43–45. Promoter motif analysis identified enrichment of CREB-374 

family binding motifs, and pharmacologic CREB inhibition reduced PDO viability. CREB 375 

signaling has been previously linked to proliferation, stress adaptation, and transcriptional 376 

plasticity, and is also known to regulate non-coding RNA expression46–50. Together, these findings 377 

link CREB-associated transcriptional programs to cellular fitness in UCS, while further work will 378 

be required to determine whether CREB directly regulates cell state transitions or acts downstream 379 

of other signaling inputs. 380 
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Recurrent FGFR alterations were associated with increased transcript abundance and supported 381 

FGF-dependent PDO growth, and combined FGFR and YAP inhibition reduced viability. The 382 

observation aligns with findings in which growth factor signaling and mechanotransduction 383 

converge to reinforce EMT and stemness programs through shared transcriptional regulators51. 384 

Additionally, FGFR1 activating mutations and amplifications have been reported across multiple 385 

cancer types and are known to promote tumor cell proliferation and survival, frequently correlating 386 

with adverse clinical outcomes52,53. Notably, prior preclinical and clinical observations in 387 

endometrial cancer, including UCS, have suggested that FGFR pathway inhibition (e.g., with 388 

pazopanib) may reduce tumor burden54,55. UCS may therefore represent a signaling-integrated 389 

ecosystem in which extracellular inputs continuously reinforce transcriptional identity and 390 

plasticity. However, the extent to which these signals and pathways converge on shared 391 

transcriptional regulators remains to be defined. 392 

 393 

While these findings establish PDOs as a robust platform to model UCS-intrinsic transcriptional 394 

plasticity, they do not fully recapitulate the multicellular complexity of the tumor 395 

microenvironment. In particular, stromal, immune, and vascular compartments, known to critically 396 

shape epithelial cell states and therapeutic response56–58, are not represented in the current system. 397 

Recently, we established an autologous co-culture platform using high-grade endometrial cancer 398 

PDOs and matched immune cells from the same patients for modeling epithelial-immune 399 

interactions and testing the safety and efficacy of immunotherapy drugs in vitro59. Building on 400 

these approaches, future studies should integrate UCS PDOs into more complex co-culture or 401 

multi-compartment systems to dissect how extrinsic signals reinforce or constrain transcriptional 402 

plasticity and therapy response. 403 

 404 

Collectively, we have established a genomically benchmarked, ancestrally enriched, lineage-405 

resolved PDO platform for interrogating the plasticity and therapeutic vulnerability in UCS, a rare 406 

and understudied malignancy with significant unmet need.  407 
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Methods 408 

Ethical approval 409 

Fresh tumor and normal endometrial tissue specimens were obtained from patients undergoing 410 

hysterectomy for UCS from Northwell Health LIJ Medical Center. Institutional Review Board 411 

approval was obtained (study IRB #18-0897), and all patients provided informed consent prior to 412 

specimen collection. 413 

 414 

Endometrial tissue processing and PDOs generation 415 

Isolation of endometrial cells and cultivation of PDOs was performed according to Katcher et al.29. 416 

In brief, tissue was washed with cold 1X PBS and minced into small (~0.25 cm) fragments, before 417 

being transferred to 5 ml of RPMI media (Sigma Aldrich, #R8758) containing 1 mg/mL 418 

Collagenase (Sigma Aldrich, #C9407) and 10 µM Y-27632 dihydrochloride (Tocris, #1254). 419 

Tissue suspension was transferred to a rotating incubator (speed: 30 rpm, 37 °C) for 60-120 min 420 

depending on successful tissue dissociation. Supernatant was transferred and centrifuged at 300 g 421 

for 5 min at room temperature (RT). Supernatant was discarded and the pellet was resuspended in 422 

3 mL of TrpLE Express Enzyme (1X, no phenol red, Thermo Fisher Scientific, #12604103) with 423 

10 µM Y-27632 dihydrochloride followed by an incubation of 10-20 min at 37 °C with regular 424 

mixing. To stop the reacting 3 mL of ADMEM/F12 (Life Technologies, #312634028) was added 425 

and the cell suspension centrifuged at 300 g for 5 min at RT. Cells were embedded in a 70:30 426 

mixture of Matrigel matrix (Corning, #356231): PDO media and seeded in 50 µL domes. After 427 

polymerization, normal or tumor endometrial PDO media was added. Media exchange was 428 

performed every 3-4 days.  429 

 430 

Passaging of endometrial PDOs 431 

Growth was monitored and PDOs passaged every 7-14 days. Therefore, PDOs were collected by 432 

removing Matrigel using Cell Recovery Solution (Corning, #354253). After 30 min at 4 °C, PDO 433 

suspension was centrifuged at 300 g for 5 min at 4 °C. Supernatant was discarded and PDOs 434 

resuspended in 3 mL of TrpLE Express Enzyme, followed by an incubation for 5-15 min at 37 °C. 435 

3 mL of ADMEM/F12 was added and cells centrifuged at 300 g for 5 min at 4 °C, before being 436 

seeded again in 70:30 Matrigel:PDO media mixture. Commonly, PDOs were passaged in a 1:2 437 

ratio.  438 
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Endometrial PDO drug screening assay 439 

PDOs were dissociated and singularized using TrpLE Express Enzyme as previously described, 440 

centrifuged at 300 g for 5 minutes at 4 °C, and resuspended in culture medium for cell counting. 441 

Cells were embedded in a 70:30 mixture of Matrigel:PDO culture medium at a density of 200 cells 442 

per µL. Ten microliter Matrigel domes were plated in 48-well or 384-well plates and allowed to 443 

polymerize for at least 5 minutes at 37 °C prior to addition of pre-warmed culture medium per 444 

well. PDOs were cultured until day 10 prior to drug exposure. 445 

Drug-containing media or vehicle controls were added, and treatments were refreshed on day 13. 446 

PDO viability was quantified using the CellTiter-Glo® 3D Luminescent Cell Viability Assay 447 

(Promega, #G9682) according to the manufacturer’s instructions on day 16. Briefly, culture media 448 

were aspirated and Matrigel domes were incubated with 100 µL CellTiter-Glo® 3D reagent for 30 449 

minutes at 37°C in the dark. Lysates were transferred to opaque 96-well plates, and luminescence 450 

was measured using a SpectraMax plate reader. Luminescence values were normalized to vehicle-451 

treated controls to determine relative viability. Per donor at least technical triplicates were used. 452 

The following compounds were used: Carboplatin (10 nM-10 µM, Sigma Aldrich, #C2538), 453 

Paclitaxel (10 nM-10 µM, Thermo Fisher Scientific, #P3456), Carboplatin + Paclitaxel (31.25 nM-454 

4 µM +312.5 nM-40 µM) A-485 (1 nM-10 µM , MedChemExpress, #HY-107455), 666-15 (1 nM-455 

10 µM), MedChemExpress, #HY-101120), Verteporfin (6.25 nM-400 nM, Sigma Aldrich, 456 

#SML0534), Futibatinib (0.625 µM-50µM, MedChemExpress, #HY-100818R). 457 

 458 

UCS PDOs bulk RNA-seq preparation and processing 459 

PDOs were collected in Cell Recovery solution to dissolve Matrigel as previously described and 460 

afterwards lysed in 300 µl TRIzol (Zymo, #R2051). Then 300 µl 100 % ethanol (Fisher Scientific, 461 

#A4094) was added and the lysate transferred to a Zymo Spin Column and processed with the 462 

Direct-zol RNA protocol (Zymo, #R2051) according to manufacturer’s instruction.  463 

RNA depletion and library preparation was performed using NEBNextⓇ Ultra II Directional RNA 464 

Library Prep Kit for IlluminaⓇ (Illumina, #E7765S/L) according to the manufacturer’s protocol. 465 

Prepared library was analyzed using the Agilent Bioanalyzer 2100 using high sensitivity DNA 466 

chips (Agilent, #5067-4626). Sequencing was performed using NextSeq500. 467 

Adapter sequences were removed from the FASTQ files using Cutadapt (v5.1). Obtained Cleaned 468 

and trimmed paired-end reads files were aligned and per-samples read counts were quantified 469 

.CC-BY-NC-ND 4.0 International licenseavailable under a 
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted April 24, 2026. ; https://doi.org/10.64898/2026.04.21.720027doi: bioRxiv preprint 

https://doi.org/10.64898/2026.04.21.720027
http://creativecommons.org/licenses/by-nc-nd/4.0/


 17 

using STAR-2.5.1b with reference genome GRCh38. We used DESeq2 to perform differentially 470 

expression analysis between UCS PDOs and matched normals or biopsies. Significant DE genes 471 

were selected based on adjusted p-value (<0.05) and log-fold-change (±1.0) cutoffs. Obtained DE 472 

genes were subjected to functional enrichment analysis with human MSigDB hallmark gene sets 473 

(https://gsea-msigdb.org) and gene ontology (https://geneontology.org) using GeneSCF (v1.1-p3) 474 

tool60. The enriched gene sets are selected by p-value<0.05 cutoff. 475 

 476 

Endometrial PDOs and tissue immunohistochemistry / Hematoxylin & eosin staining 477 

Endometrial tissue specimens were fixed in 10 % formalin for 24-48 hours at room temperature. 478 

Following fixation, tissues were dehydrated through a graded ethanol series, cleared in xylene, and 479 

embedded in paraffin using standard histological procedures. Paraffin blocks were sectioned at 4 480 

µm thickness using a microtome and mounted onto glass slides. 481 

PDOs were collected in Cell Recovery Solution as previously described. The suspension was 482 

transferred into a tube pre-coated with 0.1 % BSA in PBS and incubated on ice for 10-15 min with 483 

gentle pipetting every 2-3 min until Matrigel was fully dissolved. Samples were centrifuged at 300 484 

g for 5 min at 4 °C, and the supernatant was carefully removed. The PDO pellet was fixed in 4 % 485 

paraformaldehyde (PFA) for 30 minutes at room temperature. Following fixation, samples were 486 

centrifuged at 300 g for 5 min, washed twice with 1X PBS, and centrifuged again under the same 487 

conditions. After removal of PBS, PDOs were resuspended in 2 % low-melting-point agarose. The 488 

suspension was gently mixed and allowed to solidify at RT for 10 min. The solidified agarose 489 

block containing PDOs was transferred into a histology cassette, stored in 1X PBS, and embedded 490 

and sections as described above. Hematoxylin & eosin (H&E) stainings were performed according 491 

to standard protocols. 492 

For immunohistochemistry (IHC) stainings, slides were stained in Discovery Ultra automatic IHC 493 

stainer (Roche) following standard protocols.  Briefly, after deparaffinization and rehydration, 494 

slides were subjected to antigen retrieval (Benchmark Ultra CC1, Roche) at 96˚C for 64 minutes; 495 

primary Ab incubation was performed at 37 ˚C for 1h and Discovery multimer detection system 496 

(Discovery OmniMap HRP Roche) was used to detect and amplify immunosignals. 497 

Primary antibodies used: E-cadherin (CST, #24E10), Ki67 (Spring Bioscience, #170822LVA), 498 

p53 (Thermo Fisher , #IHC-00010), EMA (Thermo Fisher, #Z2048MP). 499 

 500 
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TCGA UCS and P1000 UCS gene expression and copy number correlation 501 

BIC-Seq2 (v0.2.6)61 was run with default parameters to generate copy number log2 ratios., 502 

Additionally, tumor read depth was collected in 1KB bins and corrected for genomic GC content 503 

and mappability using fragCounter (https://github.com/mskilab/fragCounter). Corrected tumor 504 

coverage profiles, BAF, purity/ploidy estimates, and high confidence SVs were used as input to 505 

JaBbA (v1.1)62 default parameters were used, with the exception of rescue.all set to false, maxna 506 

set to 0.8, slack of 1000 and ism set to true.  507 

 508 

We compared FGFR1 and FGFR3 expression against log-transformed copy number values 509 

generated by JaBbA and BIC-Seq2. Gene expression (TPM) data were obtained from the P1000 510 

endometrial (carcinosarcoma) and TCGA-UCS cohorts, with copy number estimates derived from 511 

both tools for each cohort. Expression-copy number associations were assessed by fitting linear 512 

models using lm() in R and R² values were reported separately per cohort. We obtained TCGA-513 

UCS gene expression data from the published dataset available on CBioPortal25,63. Similarly copy 514 

number correlation with gene expression profiles of UCS PDOs from this study was done using 515 

afore mentioned method. 516 

 517 

P1000 UCS tissue and PDOs whole genome sequencing  518 

Library preparation 519 

DNA was extracted from snap frozen patient tissue utilizing the Zymo Quick-DNA Miniprep kit 520 

(Zymo, #D3024) according to manufacturer’s instruction. DNA quality and concentration were 521 

assessed using the Nanodrop ND-1000 Spectrophotometer. Whole genome sequencing (WGS) 522 

libraries were prepared using the Truseq DNA PCR-free Library Preparation Kit (Illumina) in 523 

accordance with the manufacturer’s instructions. Briefly, 1 ug of DNA was sheared using a 524 

Covaris LE220 sonicator (adaptive focused acoustics). DNA fragments underwent bead-based size 525 

selection and were subsequently end-repaired, adenylated, and ligated to Illumina sequencing 526 

adapters. Final libraries were quantified using the Qubit Fluorometer (Life Technologies) or 527 

Spectromax M2 (Molecular Devices) and Fragment Analyzer (Advanced Analytical) or Agilent 528 

2100 BioAnalyzer. Libraries were sequenced on an Illumina Novaseq6000 sequencer using 529 

2x150bp cycles. 530 

 531 
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Processing and Analysis (Alignment, Variant calling, Filtering, Annotation) 532 

Pre-processing 533 

The New York Genome Center somatic pipeline (v6) was used to process and align the WGS data 534 

and call variants. Sequencing reads for the tumor and normal samples are aligned to the reference 535 

genome GRCh38 using BWA-MEM (v0.7.15) (arXiv:1303.3997v2 [q-bio.GN]). NYGC’s 536 

ShortAlignmentMarking (v2.1) is used to mark short reads as unaligned. This tool is intended to 537 

remove spurious alignments resulting from contamination (e.g. saliva sample bacterial content) or 538 

from too aggressive alignments of short reads the size of BWA-MEM’s 19bp minimum seed 539 

length. These spurious alignments result in pileups in certain locations of the genome and can lead 540 

to erroneous variant calling. 541 

GATK (v4.1.0)64 FixMateInformation is run to verify and fix mate-pair information, followed by 542 

Novosort (v1.03.01) markDuplicates to merge individual lane BAM files into a single BAM file 543 

per sample. Duplicates are then sorted and marked, and GATK’s base quality score recalibration 544 

(BQSR) was performed. The result of the pre-processing pipeline is a coordinate sorted BAM file 545 

for each sample. 546 

Quality control 547 

Once preprocessing is complete, we compute several alignment quality metrics such as average 548 

coverage, %mapped reads and %duplicate reads using GATK (v4.1.0) and an autocorrelation 549 

metric (adapted for WGS from Zhang et al.65) to check for unevenness of coverage. We also run 550 

Conpair66, a tool developed at NYGC to check the genetic concordance between the normal and 551 

the tumor sample and to estimate any inter-individual contamination in the samples. 552 

Variant detection 553 

The tumor and normal bam files are processed through NYGC’s variant calling pipeline which 554 

consists of MuTect2 (GATK v4.0.5.1)67, Strelka2 (v2.9.3)68 and Lancet (v1.0.7)69 for calling 555 

Single Nucleotide Variants (SNVs) and short Insertion-or-Deletion (Indels), SvABA (v0.2.1)70 for 556 

calling Indels and Structural variants (SVs), Manta (v1.4.0)71 and Lumpy (v0.2.13)72 for calling 557 

SVs and BIC-Seq2 (v0.2.6)61 for calling Copy-number variants (CNVs). Manta also outputs a 558 

candidate set of Indels which is provided as input to Strelka2 (following the developers 559 

recommendation, as it improves Strelka2’s sensitivity for calling indels >20nt).  560 

Variant merging 561 
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Next, the calls are merged by variant type (SNVs, Multi Nucleotide Variants (MNVs), Indels and 562 

SVs). MuTect2 and Lancet call MNVs, however Strelka2 does not, and it also does not provide 563 

any phasing information. So to merge such variants across callers, we first split the MNVs called 564 

by MuTect2 and Lancet to SNVs, and then merge the SNV callsets across the different callers. If 565 

the caller support for each SNV in a MNV is the same, we merge them back to MNVs. Otherwise 566 

those are represented as individual SNVs in the final callset. Lancet and MantaSV are the only 567 

tools that can call deletion-insertion (delins or COMPLEX) events. Other tools may represent the 568 

same event as separate yet adjacent indel and/or SNV variants. Such events are relatively less 569 

frequent, and difficult to merge. We therefore do not merge COMPLEX calls with SNVs and 570 

Indels calls from other callers. The SVs are converted to bedpe format, all SVs below 500bp are 571 

excluded and the rest are merged across callers using bedtools73 pairtopair (slop of 300bp, same 572 

strand orientation, and 50% reciprocal overlap). 573 

Somatic variant annotation (SNVs, Indels, CNVs, and SVs) 574 

SNVs and Indels are annotated with Ensembl as well as databases such as COSMIC (v86)74, 575 

1000Genomes (Phase3)75 , ClinVar (201706)76, PolyPhen (v2.2.2)77, SIFT (v5.2.2)78, FATHMM 576 

(v2.1)79, gnomAD (r2.0.1)80 and dbSNP (v150)81 using Variant Effect Predictor (v93.2)82. For 577 

CNVs, segments with log2 > 0.2 are categorized as amplifications, and segments with log2 < -578 

0.235 are categorized as deletions (corresponding to a single copy change at 30% purity in a diploid 579 

genome, or a 15% Variant Allele Fraction). CNVs of size less than 20Mb are denoted as focal and 580 

the rest are considered large-scale.  581 

We use bedtools73 for annotating SVs and CNVs. All predicted CNVs are annotated with germline 582 

variants by overlapping with known variants in 1000 Genomes and Database of Genomic Variants 583 

(DGV) (22). Cancer-specific annotation includes overlap with genes from Ensembl83 and Cancer 584 

Gene Census in COSMIC, and potential effect on gene structure (e.g. disruptive, intronic, 585 

intergenic). If a predicted SV disrupts two genes and strand orientations are compatible, the SV is 586 

annotated as a putative gene fusion candidate. Note that we do not check reading frame at this 587 

point. Further annotations include sequence features within breakpoint flanking regions, e.g. 588 

mappability, simple repeat content and segmental duplications. 589 

 590 

Somatic Variant Filtering 591 

Panel of normals (PON) 592 
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The Panel Of Normals (PON) filtering removes recurrent technical artifacts from the somatic 593 

variant callset67. 594 

PON generation 595 

The Panel of Normals for SNVs, indels and SVs was created with whole-genome sequencing data 596 

from normal samples from 242 unrelated individuals. Of these, sequencing data for 148 individuals 597 

was obtained from the Illumina Polaris project which was sequenced on the HiSeqX2 platform 598 

with PCR-free sample preparation. The remaining samples were sequenced by the NYGC. Of 599 

these, 73 individuals were sequenced on HiSeqX, 11 on NovaSeq, and 10 were sequenced on both. 600 

We ran MuTect2 in artifact detection mode and Lumpy in single sample mode on these samples. 601 

For SNVs and indels, we created a PON list file with sites that were seen in two or more 602 

individuals. 603 

For SVs, we used SURVIVOR (v1.0.3)84 to merge Lumpy calls. Variants were merged if they 604 

were of the same type, had the same strand orientation, and were within 300bp of each other 605 

(maximum distance). We did not specify a minimum size. After merging SVs, we used these calls 606 

as a PON list. 607 

PON filtering 608 

For SNVs and Indels, we use the PON list to filter the somatic variants in the merged SNV and 609 

indel files. To filter our somatic SV callset, we merge our PON list with our callset using bedtools 610 

pairtopair (slop of 300bp, same strand orientation, and 50% reciprocal overlap), and filtered those 611 

SVs found in two or more individuals in our PON. 612 

Common germline variants 613 

In addition to the PON filtering, we remove SNVs and Indels that have minor allele frequency 614 

(MAF) of 1% or higher in either 1000Genomes (phase 3) or gnomAD (r2.0.1)80, and SVs that 615 

overlap DGV and 1000Genomes (phase3). CNVs are annotated with DGV and 1000 Genomes but 616 

not filtered. 617 

All somatic and high-confidence variants 618 

Variants that pass all of the above-mentioned filters are included in our final somatic callset 619 

(hereby referred to as AllSomatic). For SNVs, indels and SVs, we also annotate a subset of the 620 

somatic callset as high confidence. For SNVs and indels, high confidence calls are defined as those 621 

that are either called by two or more variant callers or called by one caller and also seen in the 622 

Lancet validation calls or in the Manta SV calls. 623 
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For structural variants, high confidence calls are taken from the somatic callset if they meet the 624 

following criteria: called by 2 or more variant callers or called by Manta or Lumpy with either 625 

additional support from nearby CNV changepoint or split-read support from SplazerS80, an 626 

independent tool used to calculate the number of split-reads supporting SV breakpoints. An SV is 627 

considered supported by SplazerS if it found at least 3 split-reads in the tumor only. Nearby CNV 628 

changepoints are determined by overlapping BIC-Seq2 calls with the SV callset using bedtools 629 

closest. An SV is supported by a CNV changepoint if the breakpoint of the CNV is within 1000bp 630 

of an SV breakpoint. 631 

 632 

MSI detection 633 

We run MANTIS (v1.0.4)28 for Microsatellite Instability (MSI) detection in microsatellite loci 634 

(found using RepeatFinder, a tool included with MANTIS). A sample is considered to be 6 635 

microsatellite unstable if it’s Step-Wise Difference score reported by MANTIS is greater than 0.4 636 

(or 0.62 in absence of a matched-normal). Otherwise, it is microsatellite stable3 (MSS). 637 

 638 

Genetic ancestry estimation from whole genome 639 

Ancestry proportion is determined by the software ADMIXTURE v1.3.026, which uses a maximum 640 

likelihood-based method to estimate the proportion of reference population ancestries in a sample. 641 

We genotyped the reference markers generated from 1,964 unrelated 1000 Genomes project 642 

samples directly on the samples using GATK pileup. Individuals from populations MXL (Mexican 643 

Ancestry from Los Angeles USA), ACB (African Caribbean in Barbados), and ASW (African 644 

Ancestry in Southwest US) were excluded from the reference due to being putatively admixed. 645 

The reference was further filtered by using only SNP markers with a minimum minor allele 646 

frequency (MAF) of 0.01 overall and 0.05 in at least one 1000 genomes superpopulation. Variants 647 

are additionally linkage disequilibrium (LD) pruned using PLINK v1.9 with a window size of 648 

500kb, a step size of 250kb and r2 threshold of 0.2. The analysis results in a proportional 649 

breakdown of each sample into 5 continental populations (AFR, AMR, EAS, EUR, SAS) and 23 650 

sub-populations. 651 

 652 

 653 

 654 
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UCS panel sequencing processing and variant calling 655 

CSHL Next Generation Sequencing Core Facility performed capture based targeted gene panel 656 

sequencing (for a panel of potential cancer driver genes). Briefly, we initially used a panel of 143 657 

cancer genes (based on the hg19 reference genome) with a total of ~4000 probes for capture. We 658 

later updated to a new panel of 163 genes (including all original genes) using ~7700 Twist probes 659 

based on the hg38 reference genome. The captured DNA was prepared into libraries using the 660 

Twist Library Preparation EF Kit 2.0 and Twist UDI TruSeq compatible adapters. Final captured 661 

libraries were sequenced on an Illumina NextSeq500 using paired-end 150bp reads to a coverage 662 

of ~100–300x. 663 

 664 

UCS whole exome (WE) sequencing processing and variant calling 665 

CSHL Next Generation Sequencing Core Facility prepared libraries with the KAPA HyperPlus 666 

Library Preparation kit. Briefly, gDNA was enzymatically fragmented in a thermal cycler for 30 667 

minutes, followed by end repair and A-tailing. Illumina compatible dual indexes were ligated and 668 

libraries were amplified with 7 cycles of pcr enrichment, quantified by qubit and pooled equimolar. 669 

Following manufacturer protocol, libraries were hybridized to NimbleGen SeqCap EZ Library 670 

v3.0 probes85 for 72 hours in a thermal cycler. Post hybridization, capture reactions were recovered 671 

and washed, followed by 12 cycles of post capture pcr enrichment. These post capture libraries 672 

were purified, and quantified with qubit and qpcr. Agilent tapestation was to determine insert 673 

fragment length. Post capture libraries were pooled and sequenced on an Illumina NextSeq500 674 

PE150 high output run to ~75-100X coverage. 675 

Whole exome sequences were aligned with Burrows-Wheeler Aligner (BWA) v0.7.1786 676 

(RRID:SCR_010910) to the human genome (GRCh38.p13 assembly). Picard v2.21.8 677 

(http://broadinstitute.github.io/picard/) was used to removed duplicated sequences. A recalibration 678 

step was done with GATK v4.1.2.064. 679 

Copy number variants (CNV) were identified with CNVkit v0.9.687. The results were post-680 

processed with CNprep88 package v2.1.1 to calculate the copy number values relative to their 681 

central values for each segment (median deviation in log2ratio). Thresholds to assign a significant 682 

alteration were set to p-value < 0.001 for deletions and p-value > 0.999 for amplifications. The 683 

chromosomes Y and M have been removed from the analyses.  684 

 685 

.CC-BY-NC-ND 4.0 International licenseavailable under a 
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted April 24, 2026. ; https://doi.org/10.64898/2026.04.21.720027doi: bioRxiv preprint 

https://doi.org/10.64898/2026.04.21.720027
http://creativecommons.org/licenses/by-nc-nd/4.0/


 24 

Mutational analysis 686 

The sequencing reads were aligned to the hg19 or hg38 reference genome (depending upon capture 687 

probes used) using BWA89, followed by BAM formatting and sorting with Samtools90. PCR 688 

duplicates were removed with Picard (https://broadinstitute.github.io/picard/), and Bamtools91 was 689 

used to select a minimum mapping quality of 20 and proper read pairing. Coverage of the target 690 

regions was assessed using Picard HSmetrics to ensure adequate coverage for confident variant 691 

detection. Variants were called using VarScan292 in somatic mode to stratify germline versus 692 

somatic variants. Resulting variants were annotated with Annovar93 to cover a broad range of 693 

prediction tools. We selected rare loss of function variants (nonsense, frameshift, splice site) with 694 

frequency less than 1% in the Gnomad, ExAC, EVS and 1000 Genomes databases. Missense and 695 

in-frame indel variants were selected if they were noted as pathogenic by ClinVar94, or if they were 696 

both rare and present in COSMIC74, or if they are both rare and found to be present in the TCGA 697 

cohorts. 698 

In order to harmonize variants between captures, we used the liftOver tool from the UCSC Genome 699 

Browser to convert coordinates form hg19 to hg38. 700 

Oncoplots are generated from these candidate variants using Maftools95. 701 

 702 

UCS whole genome (SMASH) sequencing processing 703 

SMASH sequencing data were processed using a custom SMASH Analytics pipeline developed 704 

in-house, as previously described96, with implementation available at 705 

https://github.com/docpaa/smash-paper. Sequencing reads were aligned to the human reference 706 

genome (hg19 assembly). 707 

Copy number variants (CNV) were detected using CNprep88 package v2.1.1  to obtain the median 708 

deviation in log2ratio. Thresholds to assign a significant alteration were set to p-value < 0.001 for 709 

deletions and p-value > 0.999 for amplifications. The chromosomes Y and M have been removed 710 

from the analyses. The graphical representation of the amplification and deletion events through 711 

the genome has been generated with the Bioconductor gtrellis97 package v1.28.0.  712 

 713 

UCS PDOs-tumor CNV comparison in whole exome and SMASH 714 

Similarity between copy number profiles has been calculated with Bioconductor CNVMetrics98,99 715 

package v1.6.0. The copy number profiles, deletion and amplification separated in different sets, 716 
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were used as input.  For each pair of profiles, the Sørensen coefficient is used as the similarity 717 

measure. The Sørensen coefficient is obtained by dividing twice the size of the intersection of the 718 

amplified/deleted regions by the sum of the size of the amplified/deleted regions for the two 719 

profiles. For each pair of profiles, 500 synthetic profiles were generated for one profile of the pair 720 

(when a metric could not be successfully calculated with a synthetic profile, the synthetic profile 721 

was discarded). The p-value was obtained by calculating the ratio of synthetic profiles with equal 722 

or higher coefficient that the one obtained with the real pair of profiles (one observation is always 723 

added to the calculation). 724 

The similarity heatmaps were generated with Bioconductor ComplexHeatmap97 package v2.12.0 725 

using the Euclidean distance and the complete method for clustering. 726 

 727 

Analyzing somatic variants and ancestry using scRNA-seq from UCS PDOs 728 

First, FASTQ files were extracted from scRNA-seq alignment done on cellranger from 10X 729 

Chromium using GRCh38 2016 release 84 reference and converted BAM files to FASTQ with the 730 

help of 10X bamtofastq software version 1.4.1 731 

(https://support.10xgenomics.com/docs/bamtofastq). The FASTQ files were used as input to 732 

generate new alignments on 10X Chromium GRCh38 2020A reference with 10X Chromium 733 

cellranger software version 7.0.0100. Those alignments are used for further processing.  Variant 734 

calling was done following the GATK RNA-seq Best Practices64 except for the duplicate removal 735 

step which was skipped. The first steps of the pipeline were run with GATK software version 736 

4.2.5.0, and the final output was the recalibrated BAM files. At last, Picard software version 737 

2.26.11 (https://broadinstitute.github.io/picard/) was used to resort the BAM files according to 738 

GENCODE version 39 genome order101. Somatic variants were extracted for each cell with both 739 

SCExecute software version 1.3.2102 and snp-pileup tool from FACETS software version 0.6.1 740 

(Shen et al 2016). The list of somatic variants used as input was specific to each PDO samples as 741 

obtained for the variant calling done on the exome sequencing. 742 

Genetic ancestry on scRNA-seq was done with RAIDS software v0.99.15 following the pipeline 743 

presented in Belleau et al. 2023103 with the inference step changed from principal-component 744 

analysis to admixture analysis with ADMIXTURE software version 1.3.026. The list of variants 745 

used as input was obtained with snp-pileup tool from FACETS software version 0.6.1104 run on 746 

the recalibrated BAM files directly.    747 
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UCS single cell profiling by Chromium 10X sequencing and analysis  748 

For cell isolation from endometrial tissue, samples were processed as described above for 749 

endometrial tissue processing and PDOs generation. Following termination of trypsin digestion 750 

and centrifugation, cell pellets were resuspended in 3 mL of fresh ADMEM/F12 and filtered 751 

through a 40 µm cell strainer (Corning, #431750). Dead cells were subsequently removed using 752 

the Dead Cell Removal Kit (Miltenyi Biotec, #130-090-101) according to the manufacturer’s 753 

instructions using a MACS separation system. Final cell suspensions exhibited 80-90% viability 754 

with yields of at least1.5 million cells. 755 

PDO lines maintained for at least two passages after thawing or initial establishment were 756 

harvested for single-cell preparation. Matrigel was dissolved by incubating PDOs in Cell Recovery 757 

Solution for 1 h at 4 °C. PDOs were washed and enzymatically dissociated using TrypLE Express 758 

for 10-45 min, with gentle mechanical trituration by pipetting every 5 min to promote generation 759 

of single cells. Digestion was monitored by brightfield microscopy and quenched by dilution with 760 

serum-free culture medium once an adequate fraction of single cells was observed. Cell 761 

suspensions were filtered through a 40 µm strainer, pelleted, and resuspended in ADMEM/F12. 762 

Dead cells were removed using the Dead Cell Removal Kit according to the manufacturer’s 763 

instructions. Final preparations typically yielded in over 1.5 million cells with 80-90% viability. 764 

Samples are processed for sequencing with Chromium Next GEM Chip G (10x Genomics). GEM 765 

generation and barcoding, reverse transcription, cDNA generation and library construction using 766 

3ʹ Gene Expression Library Construction using the Chromium Single Cell 30 Library (v3 767 

chemistry) following the manufacturer’s protocol. Dual-indexed, single-cell libraries were pooled 768 

and sequenced in paired-end reads on Novaseq (Illumina).  769 

Single-cell analysis 770 

Raw reads from FASTQ files are aligned to reference genome GRCh38 and quantified for 771 

GRCh38.84 gene annotation using CellRanger (v.6.0.0) (https://10xgenomics.com). First, the 772 

CellRanger mkfastq command with the CellRanger sample sheet was used to demultiplex the base 773 

call files for each flow cell into FASTQ files. Second, the CellRanger count command was called 774 

to generate single cell feature counts for each library by specifying the library name in the 775 

argument. The filtered feature barcode matrix was used for further data analysis.  776 

 777 

 778 
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Quality check and clustering 779 

The downstream analysis using feature barcode matrix was performed using Seurat (v.3.0.0) 780 

package. Individual patients with their feature barcode matrix libraries were converted into Seurat 781 

object using Read10X and CreateSeuratObject. For each individual patients we removed cells with 782 

high mitochondrial content (>20%) and cells with less than 200 genes. These cut-offs are based 783 

on QC inspection and previous single cell studies on endometrium10536,95. Subsequently, the gene 784 

in remaining 97,622 cells were log normalized, variable genes detected, scaled and the principal 785 

components computed. The top principal components were identified and used for the UMAP and 786 

TSNE dimensionality reduction. Normal endometrium singe cell data from Wang et al.105, was 787 

filtered using the cutoffs mentioned in the publication and the clustering is performed like CS 788 

patients. 789 

Heterogeneity and assignment of cell types 790 

Initial clustering was performed, and CS patients showed highly heterogenous profiles. Individual 791 

clusters are assigned to a patient based on proportion of cells from the patient contributing to the 792 

cluster. Hence on the gene markers are predicted per cluster in individual CS patient by 793 

FindAllMarkers function from Seurat. This method of assigning gene markers and cell types 794 

preserved both molecular and cellular-level heterogeneity in CS patients. Similar approach was 795 

used in prediction of gene markers and cell type assignment for normal endometrium singe cell 796 

data from Wang et al. Scoring of cells for different functional modules are done using 797 

AddModuleScore_UCell function from UCell R package.  798 

 799 

UCS single cell differential expression analysis 800 

Differential expression (DE) analysis between normal endometrium and CS predicted cancer cells 801 

were performed by implementing Libra using run_de function 802 

(https://github.com/neurorestore/Libra)106. We used single cell appropriate statistical method 803 

Wilcoxon Rank-Sum test to find differentially expressed genes. Similarly, DE analysis was 804 

performed between CS primary and metastatic stages, between normal endometrium immune 805 

profile and CS tumor infiltrating immune profile. Significant DE genes were selected based on 806 

adjusted p-value (<0.05) and log-fold-change (±1.0) cutoffs. Obtained DE genes were subjected 807 

to functional enrichment analysis with human MSigDB hallmark gene sets (https://gsea-808 
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msigdb.org) and gene ontology (https://geneontology.org) using GeneSCF (v1.1-p3) tool60. The 809 

enriched gene sets are selected by p-value<0.05 cutoff. 810 

UCS promoter sequence based motif enrichment analysis 811 

Using custom scripts we extracted nucleotide sequences (FASTA) from the promoters (± 250 bp 812 

from TSS) of list of significantly differentially expressed genes between CS predicted cancer cells 813 

and normal endometrium (https://github.com/decodebiology/extract_promoter_sequence) with 814 

GRCh38.84 gene and genome annotation. Obtained FASTA sequences were used to find enriched 815 

transcription factor motifs using SEA (v5.5.5) from MEME tool. Motif database HOCOMOCO 816 

(v11) full human was used, and the shuffled primary sequences preserving 3-mer frequencies are 817 

considered as control sequences. Also, 10% of the input sequences were randomly assigned to the 818 

hold-out set to improve p-value accuracy. The motifs are selected based on enrichment E-value of 819 

10 or smaller. Motifs analysis was performed independently on both up and downregulated genes. 820 

 821 

Data and Code Availability 822 

All sample data has been deposited to GEO and dbGAP and can be accessed upon request. 823 
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Figure 1: Genomic profiling defines an ancestrally enriched uterine carcinosarcoma cohort. 
(A) Schematic overview of sample collection and experimental workflow. Twenty-five tumor 
specimens from patients with uterine carcinosarcoma (UCS) were collected (n = 23 primary 
tumors; n = 2 metastases), with matched normal tissue when available, for the establishment of 
patient-derived organoids (PDOs). These established UCS PDOs along with the primary tissues 
were sequenced using multiple genomic panels such as targeted Panel-seq (n = 36), Whole exome-
seq (n = 8), and genome-wide copy-number profiling by SMASH-seq (n = 6). Whole genome 
sequencing (WGS) was only generated for primary tissues (n = 25). Single cell transcriptome was 
generated for both UCS PDOs and the primary tissues (n = 4). Bulk RNA-seq was only performed 
for PDOs (n = 17). 
(B) Alluvial plots show the overall distribution of UCS patients (n = 13) from which UCS PDOs 
are established in this study. This includes self-reported ethnicity (African American (AFR) n = 
12, Asian (AS) n = 3, European/White (EUR) n = 6, mixed ethnicity (MIX) n = 3, and Hispanic 
n=1), body mass index (BMI), and age groups. The BMI groups are classified based on their BMI 
indices such as Normal >= 18.5 & < 25; Obese class 1 (OC1) >= 25 & < 30; Obese class 2 (OC2) 
>= 30 & < 40; Obese class 3 (OC3) >= 40. 
(C) Genomic landscape of the UCS cohort based on WGS. Heatmap displays recurrent somatic 
alterations across 25 UCS tissue specimens and tumor mutational burden (TMB). Microsatellite 
instability (MSI) status was assessed using MANTIS. Ancestry inference was performed using 
ADMIXTURE analysis and was concordant with self-reported ethnicity. AFR: African American; 
AS: Asian; EUR: European/White; EAS: East Asian; SAS: South Asian. 
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Figure 2: Recurrent FGFR alterations support FGF-dependent establishment and genomic 
fidelity of UCS PDOs. 
(A) Frequency and spectrum of recurrent genetic alterations in receptor tyrosine kinase and growth 
factor signaling genes in UCS from the TCGA cohort (n = 56). Alterations include non-
synonymous somatic mutations and high-level copy-number gains or deletions. Thresholds to 
assign a significant alteration were set to p-value < 0.001 for deletions and p-value > 0.999 for 
amplifications.   
(B) Copy-number-expression correlation analysis for FGFR1 and FGFR3 in primary UCS tumors 
from our cohort (red; n = 25) compared with TCGA-UCS samples (blue; n = 56). Log2 copy-
number ratios derived from whole-genome sequencing were plotted against transcript abundance 
(TPM) from bulk RNA sequencing. Correlation coefficients were calculated using Spearman 
method. 
(C) Representative brightfield images of matched normal endometrial and UCS PDOs for donors 
CS-009, CS-013, and CS-014. Scale bars: 4X: 200 µm; 10X: 100 µm. 
(D) Representative brightfield images of the long-term expansion of representative UCS PDO lines 
(CS-009, CS-013, and CS-014) maintained in culture for up to 28 months. Images show organoid 
morphology at indicated time points. Short-term:0.5-1.5 months; Mid-term: 5-8 months; Long-
term: 18-28 months. Scale bars: 4X: 200 µm; 10X: 100 µm. 
(E) Copy-number-expression correlation for FGFR1 and FGFR3 in matched UCS PDOs (red, n = 
3) compared with TCGA-UCS samples (blue; n = 56). Log2 copy-number ratios were derived 
from whole-exome sequencing and plotted against bulk RNA expression (TPM). Correlation was 
assessed using Spearman method. 
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Figure 3: UCS PDOs retain the histologic and immunophenotypic features of primary 
tumors. 
(A) Representative images of hematoxilin & eosin (H&E) staining of primary UCS tumor tissue 
section showing malignant epithelial glands (arrows) surrounded by highly atypical stroma 
(asterisk), representing malignant mesodermal differentiation of the tumor. Original magnification 
400X. Scale bar: 100 µm. 
(B) Representative immunostaining of UCS PDOs for E-cadherin and epithelial membrane antigen 
(EMA). The epithelial organoids are positive for E-cadherin, while the surrounding neoplastic 
stroma shows negative staining. Original magnification 400X. Scale bar: 50 µm. Similar, EMA 
staining shows that epithelial elements are multifocally positive, while the malignant stroma is 
negative. Original magnification 100X. Scale bar: 100 µm.  
(C) Representative immunostaining of UCS PDOs for p53 shows diffusely positive staining, 
including the neoplastic stroma in the uterine tumor. Scale bar: 100 µm. Representative 
immunostaining of UCS PDOs for Ki67 shows markedly increased proliferative index. Both the 
neoplastic glands (like the one marked by the arrow) and the surrounding neoplastic stroma are 
diffusely positive. Original magnification 100X. Scale bar: 100 µm. 
(D) Representative H&E UCS PDO sections (S1, S2, and S3), consisting of the malignant 
epithelial elements of the tumor, show high-grade nuclear atypia and central necrosis (S1). Other 
areas show PDOs (arrow) with adjacent neoplastic cells not arranged in epithelial-like structures 
(star) (S2). In addition, an area suggestive of extracellular matrix formation is seen in (S3). Original 
magnification 50X. Scale bar 100 µm. 
(E) Representative immunostaining of UCS PDOs for E-cadherin. The epithelial PDOs (arrow) 
show positive staining, while the adjacent disorganized neoplastic cells are negative (star). Scale 
bar: 50 µm. Representative immunostaining of the organoids for EMA shows that the epithelial 
elements (arrow) are multifocally positive, while the adjacent disorganized tumor cells are 
negative (star). Original magnification 400X. Scale bar: 50 µm.  
(F) Representative immunostaining of UCS PDOs for p53 shows diffusely positive signals, 
including the neoplastic stroma. Scale bar: 100µm. Representative immunostaining of Ki67 shows 
increased signal. Both the neoplastic glands (arrow) and the surrounding neoplastic stroma are 
diffusely positive. Original magnification 100X. Scale bar: 100 µm. 
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Figure 4: Preservation of mutational and copy-number landscapes in UCS PDOs. 
(A) Targeted panel-seq of 49 cancer-associated genes in UCS tumors (n = 25; 23 primary tumors, 
2 metastases) and matched PDOs (n = 10 matched pairs). Oncoplot displays distribution of somatic 
mutations across samples.  
(B) Venn diagram besides oncoplot illustrates the overlap of detected single nucleotide 
polymorphisms (SNPs) within the targeted regions between primary tumors and matched PDOs, 
comprising 862 shared variants, 36 primary-specific SNPs, and 30 PDO-specific SNPs.  
(C) Whole-exome sequencing (WES) oncoplot shows comparison of somatic mutational profiles 
between matched tumor-PDO pairs (n = 4 matched donors).  
(D) Heatmaps showing the Sørensen similarity indexes between CS tumors (TT) and PDOs (TO) 
exome profiles of chromosomal aberrations (Deletion and Amplification). In the heatmap value of 
0 indicates no similarity, while 1 indicates exact similarity. * indicates the similarity index is 
significant with p-value < 0.05 calculated using simulations. 
(E) Genome-wide copy-number profiles generated by SMASH sequencing for primary tumors and 
matched PDOs across multiple passages. Log2 copy-number ratios are plotted across 
chromosomes. Regions with significant amplification and deletion events are respectively colored 
in pink and light blue. 
(F) Heatmaps showing correlation in amplification and deletion profiles between matched tumor-
PDO pairs was performed using Sørensen correlation test. In the heatmap value of 0 indicates no 
similarity, while 1 indicates exact similarity. The * indicates the similarity index is significant with 
p-value < 0.05 calculated using simulations. 
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Figure 5: UCS PDOs preserve dynamic epithelial-mesenchymal transitions. 
(A) t-SNE representation of single-cell RNA sequencing (scRNA-seq) data (N= 51,784 cells) from 
four independent UCS PDO lines (CS-007TO, CS-009TO, CS-013TO, CS-014TO). Cells are 
colored by annotated cell subtype, including carcinoma-associated (epithelial basal, glandular, 
luminal, and epithelial populations), sarcoma-associated (endothelial-like, fibroblast-like (Fb-
like), stromal-like, and muscle-like), stem-associated (mesenchymal stem cells (MSCs), stem-like, 
cancer stem cells (CSCs)), as well as other (Cox1+, EMT). Bar plot (below) shows proportional 
representation of each cell type per donor. 
(B) Correlation analysis of total gene expression signatures between matched primary tumors and 
PDOs. Each point represents a UCS donor. X-axis consists of log2 transformed expression in UCS 
PDOs and Y-axis consists of log2 transformed expression in primary UCS tumors. The correlation 
and p-values values are calculated using Pearson correlation coefficient.   
(C) RNA velocity analysis of representative PDO CS-014TO, showing directional transcriptional 
flow from epithelial basal and glandular populations toward EMT and stem- and MSC-like states. 
Velocity vectors were computed using scVelo based on spliced and unspliced transcript counts. 
(D) Pseudotime of transcripts from individual cells of PDO CS-014TO is inferred using scVelo, 
indicating early epithelial, transitional, and late mesenchymal states along a continuous trajectory. 
Pseudotime represents an unobserved, relative distance along a trajectory or differentiation time 
from one point to another (here, 0 to 1), inferred via transcriptomic similarity in individual cells. 
(E) Latent time derived from RNA velocity of PDO CS-014TO, illustrating dynamic progression 
across lineage states. Representative genes (MUC1, SNAI2, SLPI) are plotted across latent time to 
demonstrate sequential activation of epithelial, EMT, and mesenchymal programs.  
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Figure 6: Transcriptional reprogramming in UCS PDOs reveals mesenchymal activation 
and CREB-associated motifs 
(A) Volcano plot of differential gene expression between UCS PDOs (n = 8) and normal 
endometrial biopsy-derived organoids (NO; n = 9). Significantly deregulated genes (FDR < 0.05; 
log2 fold change≥ 1) are highlighted in red (upregulated) and blue (downregulated). Selected top 
upregulated and downregulated protein-coding genes and long non-coding RNAs (lncRNAs) are 
indicated.  
(B) Heatmap of lineage-associated gene signatures across UCS and normal PDOs, showing 
downregulation of epithelial markers and upregulation of mesenchymal and epithelial EMT-
associated genes in UCS PDOs. Gene expression values are shown as Z-score-scaled log2-
transformed counts.  
(C) Hallmark pathway enrichment analysis of differentially expressed genes comparing UCS and 
normal PDOs. Significance of the pathways were determined by p-values obtained using GeneSCF 
tool. Size of the dots represent number of differentially expressed genes in UCS involved in 
corresponding pathways and the color gradient shows -log10 transformed p-values, -log10(p-
value). Higher the -log10(p-value) means the pathways are significantly enriched.   
(D) Promoter motif enrichment analysis of upregulated and downregulated protein coding genes 
in UCS PDOs relative to NO controls. Motif enrichment was assessed using SEA (Simple 
Enrichment Analysis) from MEME Suite, revealing significant enrichment of CREB-family 
transcription factor binding motifs (CREB1, CREB3, CREB5, CREM). Enrichment ratio was 
calculated using ratio of true positives and false positive sequences determined by SEA. The color 
gradient represents percentage of differentially expressed genes in UCS regulated by 
corresponding transcription factors. 
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Figure 7: UCS PDOs serve as model to investigate in drug-response effects. 
(A) Dose-response curves of UCS PDO CS-009TO treated with Carboplatin (0.03125-4 µM), 
Paclitaxel (0.3125 µM-40 µM), and a combination of both. PDOs were treated for 6 days, and 
viability was quantified using the CellTiter-Glo 3D luminescent assay. Data is normalized to 
vehicle control and presented as mean ± SD from n = 4 technical replicates. 
(B) Dose-response curves of UCS PDO CS-014TO treated with Carboplatin (0.03125-4 µM), 
Paclitaxel (0.3125 µM-40 µM), and a combination of both. PDOs were treated for 6 days, and 
viability was quantified using the CellTiter-Glo 3D luminescent assay. Data is normalized to 
vehicle control and presented as mean ± SD from n = 4 technical replicates. 
(C) Dose-response curves of UCS PDO CS-014TO treated with CBPP300i (A-485, 1 nM-1000 
nM) and CREBi (666-15, 1 nM-1000 nM). PDOs were treated for 6 days, and viability was 
quantified using the CellTiter-Glo 3D luminescent assay. Data is normalized to vehicle control 
and is shown as mean ± SD, with n = 8 (0 nM control) and n = 4 (treatment condition). 
(E) Dose-response curves of the UCS PDO line CS-014TO treated with Verteporfin (50-100 nM), 
Futibatinib (2-50 µM), or their combination. PDOs were treated for 6 days, and cell viability was 
assessed using the CellTiter-Glo 3D luminescence assay. Data is normalized to vehicle control and 
presented as mean ± SD, with n = 4 technical replicates for each treatment condition. 
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