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BACKGROUND

: Immune checkpoint inhibitors (ICI) improved survival in
patients with metastatic urothelial cancers (mUC) but :
i only ~20% derive long-term responses, and most :
: ultimately experience disease progression. Primary and
acquired mechanisms of resistance are unknown. ]

: ldentify primary and
resistance to single-agent immune checkpoint inhibitors :
i in patients with mUC, using single sequential single- :
nuclei RNAseq of metastatic biopsy samples. '

acquired mechanisms of

PATIENTS AND ME

The MATCH-R trial (NCT02517892) included patients
with mUC treated with single-agent PD-(L)1 inhibitors.

We performed longitudinal single-nuclei RNA-seq
analyses of metastatic samples to explore tumor and
Immune features predicting ICl response at baseline
or associated with acquired resistance at relapse.

After stringent quality control and cell type annotation,
we compared the proportions and transcriptomic
signatures of tumor and immune cell subsets between
responders and non-responders and explored their
evolution during treatment.

A total of 32 mUC patients were included.

- 7132 (22%) achieved objective response.

- 55 biopsies were performed: all underwent biopsies
at baseline, 6 (19%) on therapy and 17 (53%) at
progression.
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Differentiation states drive tumor heterogeneity CD8 T cell exhaustion is associated with primary Pro-tumoral macrophage shift is a hallmark of IClI Single-nucleus RNA sequencing pinpoints
and ICl response and secondary resistance to ICI resistance in mucC individual trajectories towards ICI resistance
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Single cell states may inform outcomes on ICI for patients with mUC and identify individual patterns of resistance

CONCLUSION

Basal tumor cell proportion at baseline predict mUC response to ICI. Conversely, adverse immune features include abundant pro-tumoral HES1 macrophages (poor
: response) and a higher proportion of exhausted CD8+ lymphocytes expressing immune checkpoint genes (poor response). :
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Longitudinal analyses uncovered molecular shifts linked to ICl progression, involving both tumor and immune compartments: downregulation of HLA genes and IFN
: signaling in tumor cells; a shift from M1 to M2 macrophage polarization; increased expression of immune checkpoints and downregulation of type-I interferon
: induced genes in T cells.

Implementation of single-cell transcriptomics in a clinical setting may help predict ICI response and to enable dynamic, personalized therapeutic strategies.
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SUMMARY Transcriptomic and epigenomic data sets ID of consensus cell states in ovarian cancer across scRNAseq datasets
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Background. Intra-tumor heterogeneity (ITH) refers to the presence of diverse cell populations within a single tumor, each with distinct genetic, epigenetic, I - : v I oS
and phenotypic characteristics. This complexity presents significant challenges in treatment, as different subpopulations may respond variably to therapies, e - 0 1]
yet the non-genetic component of ITH and its contribution to treatment response remains poorly understood. We mapped transcriptomic and epigenomic ITH v | 2T E i ey
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Methods. The SCANDARE study (NCT03017573) included patients with HGSOC that are treated with neo-adjuvant chemotherapy (NAC). Biopsies were . gl 0 g’ 0 | J —
performed at baseline, after NAC surgery and at recurrence for single-cell RNA sequencing, single-nuclei RNA sequencing and single-cell epigenomics Retrospective sSnRNAseq/snH3K4mel cohort 2 2 e 1
(snCUT&Tag). Our snCUT&Tag dataset is one of the first single-cell epigenomic map of cancer patients under treatment, focusing on the histone modification @ 144,254 nuclei O et @ o &) o RESPIRATONY £LECTRON TRANSPORT ATD SINTHESIS BY GHEMOSHOTC COUPLING
H3K4mel, which accumulates at primed and active enhancers and promoters. We integrated these clinically annotated single-cell/nuclei datasets with D Treamentphase & sample = = = mpo
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Results. We constructed a consensus map of functional tumor states in HGSOC, based on scRNA-seq analysis of over 200,000 tumor cells. This analysis <. " , x — = et S DEPENDENT TRANSACTVATION
revealed 13 recurrent tumor cell phenotypes, ranging from stressed to cycling or inflammatory states. We identified the transcription factors and cell-cell ? : . gg&% ¥ . = = F Pre NAC ‘ IO
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Today, single-cell omics remain firmly in With wet-lab & Al innovations, we have unlocked
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Collecting and processing fresh patient samples is logistically challenging and the interface between the clinics and research is sometimes not reliable enough : Z p=0.0047 g 200 o FosL2 i I S e
to ensure the processing of very precious samples — e.g. paired samples in a longitudinal study. The development of protocols to generate high quality single- ﬂ L 1 o ' § i eaca I b e ke an A ke |k Mkk
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The combination of our initial study with the longitudinal study of Zhang et al. enabled us to detect significant increase and decrease of relevant states after 5 : ’ - o ELF1 - T e e e | e S e e e | mee =
exposure to chemotherapy. Notably, using this landscape of ITH on longitudinal datasets with treatment-naive and treated samples, we detected the expected g L : N, ° L * ol - =1 . We can access epigenomic tumor heterogeneity with
effect of chemotherapy on highly proliferative cells, with a decrease in proportions of cells associated with this state. However, we also noticed that = — = - ] > High content in chemo-sensitive cell cycling state ~ good OS e e || 5w e || ¢ E e snH3K4me1 profiling and identify key transcription factors within
most states remain after NAC. It shows (i) the importance to reassess the functional decomposition of a tumor during treatment as it can evolve, (i) the == o — L - = > High content in chemo-resistant TNFA state ~ poor OS Rank logFC=2.02 Rank logFC=2.04 Rank logF C=4.58 each cell populations. In tumor cells, we could observe that
efficiency of chemotherapy on very specific tumor states and (iii) the need to identify new therapeutic options to tackle the ) ) qual=2.9e-156 aval=0 qual=0 I identified ab imed with i
i Paired comparison of pre and post treatment percentages of - - some cell state identified above are primed with H3K4mel in a
remaining states. . e . . Evaluation of tumor states content at baseline could be a tool to subset of cells on|y while others are primed in all tumor cells
tumor states shows state evolution in individual patients upon predict outcome/response to chemotherapy / \ : . /
NAC.
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