Self-supervised representation learning enables genomic prediction at single-organoid resolution
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INTRODUCTION SUMMARY

Patient-derived organoids (PDOs) have emerged as e We trained a self-supervised SImCLR computer vision model for learning meaningful representations of organoid morphology in the absence of human
compelling cancer models due in part to their labels while simultaneously employing human-interpretable features to capture structural content of the organoids

conserved properties of tumor heterogeneity and 3D e Learned morphological features were validated through a clinically-relevant task by predicting gene mutation state in organoids stratified by cancer type
structure of the tumor-immune microenvironment. A e \We observed different utilities for different feature sets depending on the gene being predicted, and identified the best-performing predictor as one which

principal challenge In high-throughput screening
experiments Is tracking and labeling the somatic
states of TOs during clonal and subclonal selection
and expansion in the presence of immune effector RESULTS
cells. In this work, we have developed a
self-supervised learning model of tumor organoid
morphology in the presence of immune cells and have

predicts KRAS mutations from a combined feature set (AUROC = 0.742)
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Figure 1. Laboratory and computational workflow Figure 3. Distribution of segmented organoids from negative control conditions

Fi 5. AUROC f t ts by feat t
(Left) Mutation calls available for classification (Right) isure or gene targets by reature se

A
Tumor Tissue  Tumor Organoids Confocal
=== Immune Microscopy
R O CCERER C el IS .
Apoptotic = o Cancer Type
@?5@* dye WO o) - J— Indication 401 A D&
e ———— Y =) O Breast Cancer >
+ % " ese (G ] =
® re) Breast Cancer o,
= @)
& .Colon cancer e Colon Cancer O Features
5 Endometrial Cancer 8 - .Endometrial r— 2 0.4 - Combined
Cz 20001 .Gastric Cancer % Gastric Cancer g . Hand-Crafted
BRIGHTFIELD TUMOR ORGANOID TUMOR ORGANOID QUANTITATIVE FEATURE LINEAR MUTATION FEATURE g Iead and Neck Cancer g' 20 .Head and Neck Cancer ?
IAGING» SEGMENTATION PREPROCESSING EXTRACTION CLASSIFIERS VISUALIZATION ; .leer Cancer g Liver Cancer -
<
ol el o 2 I SdiERs Lung Cancer
] qC) 1000+ Ovarian Cancer 10+ Ovarian Cancer
= - T
Combined | [T [ (@) Pancreatic Cancer - .Pancreatic Cancer
Feature Set g - - - - 0.0 -
D ! I I 34 - I ARIDlA TP53 FATl KMT2D TERT PTEN PIK3CA
| P ] ' : g FATL  APC  PTEN TERT KMT2D PIK3CA ARIDIA TP53 \arget Gene
Patient Derived Organoid Gene
Figure 5. The height of each bar represents the area under the receiver
Figure 1. (A) PDOs are plated, treated, and imaged in the presence of Figure 3. Distribution of detected gene mutations present in this cohort colored by cancer type (Left) . Each predictive model operator characteristics curve (AUROC) for a logistic model trained on each
Immune effector cells. (B) Our computational pipeline segments and was stratified its training, and test split by cancer type and mutation state. Total counts of segmented tumor organoids across of three feature sets stratified by cancer type. The horizontal dotted line at
measures each organoid’s morphology using both human- and each of the sixty organoid lines used in this study (Right). 0.5 represents a random model.

machine-interpretable methods.
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