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Conceptualizing MRD as a Window into Relapse Biology
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Firstorder Questions:
1. Isresidual disease present?

2. Does this patient need further therapy?

Secondorder Questions:

1. What biological changes have already
emerged under treatment pressure?

2. What specific therapies might be most
effective at this stage?

Addressing secondrder questions will require study of the
changes to AML biology that occur from diagnosis to relapse.




Evolution of AML Biology from Diagnosis to Relapse

Clonal Evolution(57%)
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Canonical Framework:

A Minor subclones present at diagnosis (or induced by
therapy) may evolve and expand at relapse.

A In some cases, these emerging subclones may be
therapeutically targetable (e.¢rLT3TD subclone)

Nunoet al Elife2024 Studied 216 AML patients with

genome sequencing at diagnosis and disease relapse

A 57% showed evidence of clonal evolution at relapse
(mutation gain, mutation loss, or mutation gain + losg

A 43% exhibited clonal stability without gain or loss of
any mutations from diagnosis to relapse

Genetic driver alterations alone are insufficient for explaining relapse biology in ~43% of cases.
To better understand disease progression, we need to consider other models of AML heterogeneity.
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Beyond Genetics: Distinct Models of AML Heterogeneity

Genomic Heterogeneity in AML
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Huberet al. Leukemia 2023

Cellular and Functional Heterogeneity in AML

AML cells are arranged within cellular hierarchies

Leukemic
stem cell
|
!/ )
y y
) = GMP-like
o S leukemic cell

/\

Dendritic-like Monocyte-like
leukemiccell  leukemic cell

Bonnet & DickNat. Med. 1997; Zergt al. Nat. Med. 2022




Leukemia as a Caricature of Normal Hematopoiesis

Immature Stem / Progenitor Cell
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- Morphology and Immunophenotype reveal broad lineage hematopoietic involvement
- These approaches lack specificity in identifying precise cellular states involved in disease
- Single cell RNAequencing provides thousands of new markers for determining leukemia cell state

Kumar PS, Vasuki S. J Biomed Imag Bioeng. 2017,

Pei et al, Cancer Discovery 2020




Mapping Human Hematopoiesis at Single-cell Resolution

SingleCell RNA Sequencing
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Mapping Human Hematopoiesis at Single-cell Resolution

SingleCell RNA Sequencing
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Precise Mapping of Differentiation Patterns in Acute Leukemia
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Recurrent Patterns of Aberrant Differentiation in AML

AML cells can be precisely mapped against the hematopoietic hierarchy
A How much variation exists across AML differentiation landscapes and which lineages are involved?
A scRNAseq from >1 million single cells across 318 AML patient samples

Recurrent Differentiation Patterns in AML

Zenget al. Blood Cancer Discovery 20.



Leukemia Cell States differ in Biology and Therapeutic Target Expression

We mapped leukemiacRNAseq data from >1 million single cells across 318 myeloid leukemia patients
M P CtKAa | fft26SR dza (2 RSTAYS af Sdzl] SYAl OStft &
2. Expression of common therapeutic targets in AML differ dramatically across cellular states.

Expression of Therapeutic Targets by Leukemia Cell State
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What is the clinical relevance of
Leukemia Cell States?



Applying insights from scRNA-seq at the cohort scale

Singlecell RNA sequencing
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How can we bridge the gap between single-cell RNA-sequencing and bulk RNA-sequencing?




Applying insights from scRNA-seq at the cohort scale

Singlecell RNA sequencing Bulk RNA sequencing
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Inferring Leukemia Cell Composition in AML Patient Cohorts

Single cell RNA-seq data
from AML Patients
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AML Subtypes defined by Leukemia Cell Composition
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AML Subtypes have Distinct Survival Outcomes
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AML Cell States associate with Survival & Chemotherapy Response

Association with Overall Survival (n = 582)

Association with Induction Chemotherapy Response (n = 352)
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Convergence of Genetic Driver Alterations on Cellular States in AML

What are the determinants of variation between aberrant differentiation landscapes in AML?
A Infer leukemia cell state abundance in bulk R from 1,224 AML patients
A Map associations between >45 genetic drivers and abundance of each leukemia cell state
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Convergence of Genetic Driver Alterations on Cellular States in AML
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Defining a convergent Relapse Phenotype
in the post-chemotherapy setting



Convergent Cellular Phenotypes at AML Relapse

RNA-seq from 44 Diagnosis-Relapse Pairs (4 Cohorts)
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Convergent Cellular Phenotypes at AML Relapse

RNA-seq from 44 Diagnosis-Relapse Pairs (4 Cohorts) Proportion of Leukemia Stem/Progenitor Cells
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Clonal Composition vs Cellular Composition at Relapse
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Genetic Pathways Converge upon a Common Phenotypic Endpoint

Clonal Evolution (57%)
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A Nearuniversal shift towards primitive
LSP&nriched cellular composition*

*Applies specifically to posthemotherapy relapse.
Relapse following other treatments (e 4lo-BMT, Aza/en) will differ.



Is the Relapse Phenotype present at the time of MRD assessment?

Turkalj*, Radtke*Mecklenbrauck, Stoilové, Groom*, et al. Blood 2026
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Key Takeaways - AML Heterogeneity and Chemotherapy Response

1. AML heterogeneity extends beyond genetics alone.

2. Leukemia cell states are linked to distinct survival outcomes and therapy responses.
3. Postchemotherapy relapse often converges upon a primitive E&S#IChed phenotype.

4. This relapsassociated phenotype may already be present at timing of MRD assessme

5. MRD provides an early window into relapse biology and may gund therapyto use

e.g. enabling MR{directed therapies targeting convergent relapse phenotypes.
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