Quantitying hallmarks of ADC response and toxicity through Al-powered analysis of the

Multi-Omics Spatial Atlas In Cancer (MOSAIC)
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Spatial transcriptomics enables estimation of tumour payload
exposure and the bystander effect

Cancer cell NECTIN4 expression heterogeneity is concordant between scRNAseq and spatial transcriptomics with

Backgrouna potential implications for patient response to treatment

Visium

scRNAseq

- Antibody drug conjugates (ADCs) are a rapidly . | NEGTINg ) — J o Visiuin Example bladder cancer
. ) ancer ce expression heterogeneity Single cells from bladder sample CH_B_090a Cluster c nsupervise Spatial NECTIN4 Spo T i '
evolving class of cancer therapeutics. Cae o e e 1 spot clusters expression deconvolution detection pineline e | ™  Anautomated annotation
el i (R e | — @ Stroma region pipeline uses
: e G o ’ o ; deconvolution and
- The most prevalent type of ADC comprises a N & : ol s : : 3 ,‘ . (© Tumour edge geometric calculations to
monospecific, tumour antigen-targeted \‘& 6' | CZ;?n—gliOa . ey s oo o Deconvolution : 4 7 @ Tumour core define tumour regions.
o o o o Qo : S ) ) . Smooth_muscle cDC 4 3
antibody conjugated to cytotoxic payload via £ | @niefes, ¢ _}. e Bladder cancer patients (n=185) o T.cos cog/Laes zA
. . . . 0 A 83:.03:“5':5:" °°:°:°.'.‘o 328%% .:3.3'3 gePe g 09,06 0c0g o e e o oo e T.CDSB p 2 . g%h/% @ v Ty i
a molecular linker, yet bispecific, dual-antigen [} 21 TRY ¢ o 1 | {
. i i . @ 3 : Cell types
targeting ADCs are also advancing in the clinic. © | ° ERBB2 spatial tumour coverage
0.00 0.02 0.04 0.06 0.08 0.10 i sl P<0.0001 Hypothesised bystander High Medium Low
inin i ifv/i Variance in % cells per cancer cell subpopulation < effect <=100um34, oz i : ey
> Challenges remaln n I.dentlfymg .novel targejcs, that have non-zero NECTIN4 expression E 4 equivalent to distance Non-tumour spot Q
payload selection, patient selection and clinical O between centres of ,
C e = neighbouring spots Tumour expressing . |
development optimisation. ERBB2 & |}
AP ° Tumour neighbouring
—> Bladder cancer patients have pronounced NECTIN4 Cancer cell NECTIN4 — > s % tumour spot O
- Few studies have extensively characterised known expression heterogeneity between cancer cell subpopulations Spot clusters Q expressing ERBB2 |
ADC targets pan-cancer across multiple omics subpopulations identified in scRNAseq. OO ERBBS nor neighpouring @

modalities including spatial transcriptomics.

—> Embeddings of single cells from a bladder cancer sample

(CH_B_090a) reveal 6 cancer cell subpopulations with
distinct NECTIN4 expression.

—> scRNAseqg-derived cancer cell subpopulations map to distinct
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Extract rich immune-TME insights from suite
of tools integrating H&E images, single cell
and spatial data.

Objectives

Al model trained on pre-clinical perturbation data predicts payload N
sensitivity of patient malignant cell populations

Target co-expression across spofts
informs bispecific ADC assessment

Spatial permutation tests

allow us to quantify gene
co-expression more

- Quantify hallmarks of ADC efficacy using
multi-omics data, computational biology and Al.

Known ADC targets recovered by single- cell and spatial data derived
features

-  We trained the LEAP model® to predict the efficacy of >600 drugs including some with a shared mechanism-of-action to
ADC payloads.
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Multimodal patient data: Multiscale und'erstanding of
biology, from molecule to cell to tissue to organism
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