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Single-cell data reveals a cell state that might modify NPM1i-
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that reduces single-cell dimensionality while preserving high-resolution cell-states. We built model-based risk grouping.

integrated risk stratification and treatment-response models, evaluating against clinical- and . . °® o ° NPM1 wild-type - —o— ?5703'?29(%3;1;25)’ Pro872
single-cell-only baselines. Lastly, we built a single-cell-based algorithm to segment patients Intermediate - Intermediate : Spec:|f|c Smgle cell features of e | i ]

for target discovery. prognostic interest can be " |

Results: Integrated risk models separated favorable, intermediate, and adverse groups investigated for deeper biological vL Oo%;;co \, I ] |

modestly better than clinical-only models. Similarly, single-cell features improved cross- . -s‘ o 0.02 005 01 02 0.5 - 2

validated response prediction over clinical features. Known venetoclax-response insights. 0.0 - | | | Hazardratio flog scale) o ——nr

mechanisms measurable in our single-cell data associated with both response and survival. A NPM1 wild-type NPM1 mutant survival survival

simple single-cell risk score met or exceeded clinical-only models, and the resulting patient- allLde = n=73) n=1o)

segmentation could enhance target discovery. Figure 2. a) Patient change in risk group Figure 4. A) Boxplots of proportion of cells in each sample (dot) belonging to a specific cell-type cluster. *** corresponds to the scCODA? cross-
Conclusion: Integrating single-cell with clinical data yielded prognostic and translational based on clinical only vs clinical and reference credibility (fraction of reference cell types for which the compositional effect stayed credible being >95%). B) Forest plot for the cell-
insights largely unavailable from either modality alone, motivating research that leverages single cell data. Risk groupings are based type cluster, with 95% confidence intervals. Cls left of the dotted line (Hazard Ratio, HR=1) indicate higher proportions of the cell-type cluster

both. Clinical Genomic Clinical Genomic + SC on risk scores from a ridge-penalized Cox

, _ . associate with longer survival.
model for OS, using tertiles to assign

b Incremental discrimination from single-cell features (OS) batients into favorable, intermediate, and . . _ . . _
Motivation ' Clinical Genomic Baseline adverse risk strata. b) Predictive - NPM1 mutation status associates with higher response and survival through an unknown mechanism>®
Genomic + GEX } . LeTp <0001 performance is measured by change in c- A cell-type cluster made up a statistically significantly higher proportion of NPM1-mutant samples than WT
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measures, with a patient-resampling . . .
confidence interval formed by resampling mechanisms and confounders for potential target discovery

patients and recomputing the C-index.

| Lymphocyte-related cell type single cell Mechanism-based stratification enables testing of distinct therapeutic
features were dropped from these hyp()theses

analyses as the nature of feature
l selection may have arbitrarily inflated

in NPM1-mutant but not clearly in NPM1-WT patients

« Can ittranslate non-targetable variables into targetable biology? Genomic + Pathways 1 |
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single-cell and clinical resources
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Figure 1. (a) RefinedScience disease suites and (b) cohorts of 118 single-cell and 678 clinical . . : : 3. Pei S, et al. A novel type of monocytic leukemia stem cell revealed by clinical use of
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survival, best response, and day-30 and day-60 blast clearance. * Models promoting target discovery for Ven/Aza treatment should be compared to known biology baselines.
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