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Abstract

Pediatric acute myeloid leukemia (AML) is a group of rare hematological malignancies that is
mainly driven by oncogenic fusion proteins affecting epigenetic or transcriptional regulators.
Studies over the past decades have dramatically improved overall survival of pediatric AML
patients to 60-80% in the western world and overall survival rates of more than 90% have been
achieved in selected subgroups. However, many subgroups still fare poorly and improvements
in overall survival have stagnated over the past years, indicating that the previous approach of
improving outcome via chemotherapy intensification, risk and response adjusted therapy and
improvements in supportive care may have reached its limits. Therefore, novel treatment

approaches to further improve outcome in pediatric AML are urgently needed.

Previous studies have elucidated the genomic landscape of the disease to an unprecedented
extent and have uncovered a lower mutational burden when compared to adult AML and a
substantially higher rate of structural mutations when compared to point mutations. There are
only few targeted treatments available for the oncogenic drivers in pediatric AML and thus,
genomic approaches alone may not be sufficient to identify novel treatment options in high-

risk patients.

To address these challenges, we set out to comprehensively characterize pediatric AML using
advanced drug response profiling (DRP) and multi-omics data integration. We established
image-based high-content DRP in pediatric AML that allowed us to accurately distinguish
malignant blasts and on-target cell killing and validated this methodology using orthogonal
assays. Using this methodology, we profiled a retrospective cohort of 45 patients that were
sampled at diagnosis with our DRP approach, whole exome sequencing, RNA sequencing and
Assay for Transposase-Accessible Chromatin (ATAC) sequencing. We identified venetoclax
combinations and chemotherapy drugs from standard treatment protocols as the main drivers
of variation in our patient cohort. In an integrative analysis approach, we mapped pediatric
AML ATAC-sequencing profiles to their most similar healthy counterpart and found samples
that were more similar to either hematopoietic stem cells (HSCs) or to monocytes to be
significantly more likely to be high-risk and unresponsive to induction chemotherapy.
Additionally, we identified recurring drug sensitivity profiles for these groups where HSC-like
samples were more sensitive to HDAC inhibitors and certain venetoclax combinations and
monocyte-like samples were more sensitive to Fludarabine and other drugs. Finally, we
demonstrated that the drug response profiles we identified are predictive of patient risk and

non-response.

Overall, our study demonstrates feasibility of advanced image-based DRP for pediatric AML
and provides proof-of-concept for functional precision medicine studies in pediatric leukemias
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and other rare malignancies. Our integrative analysis approach highlights risk associations and
vulnerabilities of cellular differentiation phenotypes and thus provides novel insights into these
under-appreciated phenotypes. The predictivity of drug response profiles for patient risk
indicates that DRP may be a useful stratification tool already at diagnosis and supports the

application of functional precision medicine approaches beyond relapsed or refractory disease.
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Zusammenfassung

Die padiatrische akute myeloische Leukdmie (AML) umfasst eine Gruppe seltener
Blutkrebserkrankungen, die hauptsachlich von krebsverursachenden Fusionsproteinen
verursacht wird. Diese bestehen in der Regel aus Proteinen, die die Transkription oder das
Epigenom regulieren. Das Uberleben von Patienten mit padiatrischer AML hat sich in den
letzten Jahrzehnten stark verbessert, so dass Uberlebensraten in der westlichen Welt
heutzutage zwischen 60 und 80% liegen. Bei gewissen Risikogruppen liegt die
Uberlebenswahrscheinlichkeit sogar bei liber 90%. Dennoch gibt es immer noch Subtypen mit
deutlich schlechteren Uberlebenschancen und das Uberleben von Patient:innen mit
padiatrischer AML hat sich in den letzten Jahren weniger stark verbessert als zuvor. Die bisher
verwendeten Strategien wie Intensivierung der Chemotherapie, Therapie-Adaptierung anhand
von Risikofaktoren und Ansprechen der Patient:innen, und bessere Pflege scheinen nicht
mehr auszureichen, um das Uberleben der Patientiinnen weiter zu verbessern. Deshalb
werden neue Strategien, zur Verbesserung der Behandlung der padiatrischen AML dringend

bendtigt.

Einige Studien der letzten Jahre haben die genomischen Eigenschaften dieser Krebsart
umfassend charakterisiert und unter anderem eine deutlich niedrigere Mutationsrate als in
Erwachsenen mit AML identifiziert, und eine hohere Rate von strukturellen Mutationen im
Vergleich zu Punktmutationen beschrieben. Es gibt nur wenige Medikamente, die auf
krebsverursachende Mutationen in padiatrischer AML zugeschnitten sind und genetische
Ansatze allein sind mdglicherweise nicht ausreichend, um neue Therapieansatze fir

Patient:innen in Hochrisikogruppen zu finden.

Um diesen Herausforderungen zu begegnen haben wir eine umfassende Charakterisierung
von Proben mit padiatrischer AML vorgenommen, bei der wir fortgeschrittenes Drug Response
Profiling (DRP) und multi-modale Datenintegration miteinander kombiniert haben. Wir haben
ein bildbasiertes DRP-Verfahren fir padiatrische AML etabliert, das uns erlaubt die
krebsverursachende Population der myeloischen Blasten und das Uberleben von Zellen genau
zu messen und diesen Ansatz mit orthogonalen Methoden validiert. Mit diesem Ansatz und
Exome Sequenzierung, RNA-sequenzierung und Assay for Transposase-Accessible
Chromatin (ATAC) Sequenzierung haben wir 45 Proben aus der initialen Diagnose in einer
retrospektiven Kohorte umfassend charakterisiert. Unser Ansatz hat Venetoklax
Kombinationen und Chemotherapeutika aus Ublichen Behandlungsprotokollen als Treiber der
Variation zwischen Patient:innen hervorgehoben. In einer integrativen Analyse haben wir AML
Proben den dhnlichsten gesunden Blutzelltypen zugeordnet. Proben, die eine hohe Ahnlichkeit
zu hamatopoetischen Stammzellen oder Monozyten hatten, waren signifikant mit hohem
Patient:innenrisiko und Resistenz gegen die Induktionstherapie assoziiert. Zusatzlich haben
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wir konsistente Wirksamkeiten verschiedener Medikamente fir diese Gruppen gefunden.
HDAC Inhibitoren und bestimmte Venetoclax-Kombinationen waren gegen Stammzell-
ahnliche Leukdmien besonders wirksam und Fludarabine und andere Medikamente waren
besonders gegen Monozyten-ahnliche Leukamien wirksam. Weiterhin konnten wir zeigen,
dass unsere DRP-Messungen moglicherweise Patientenrisiko und Nicht-Ansprechen auf

Therapie vorhersagen kdnnen.

Unsere Arbeit demonstriert die Machbarkeit von technisch fortgeschrittenen DRP-Ansatzen in
padiatrischer AML und ist ein Modellansatz flr Studien im Bereich der funktionellen
Prazisionsmedizin in padiatrischen Leukdmien und anderen seltenen Krebserkrankungen.
Unsere integrative Analyse hebt Assoziationen zwischen Patientenrisiko und zellularer
Differenzierung hervor und ermoglicht so neue Einsichten in diese unter-erforschten
Phanotypen. Die Vorhersagekraft unserer DRP-Methode flir das Patientenrisiko hebt hervor,
dass DRP ein nltzliches Werkzeug zur Stratifizierung von Patient:innen ab Diagnose sein
kann und zeigt, dass DRP auch Uber rezidivierte Falle und Falle in spaten Stadien hinaus

anwendbar und nitzlich sein kann.
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1.Introduction

Pediatric acute leukemias are the most common cancers in childhood (Bhakta et al, 2019).
Among these, pediatric acute myeloid leukemia (pedAML) represents approximately 20% of
cases, but represents a disproportionally higher number of deaths compared to the more
prevalent pediatric acute lymphoblastic leukemia (pedALL) that makes up approximately 80%
of cases (Bonaventure et al, 2017). Advances in genomic characterization have substantially
improved patient diagnosis and stratification in the past decades (Cooper et al, 2023; Rasche
et al, 2018) and recent studies have elucidated the genomic landscape of pedAML to an
unprecedented extent (Bolouri et al, 2018; Umeda et al, 2024). However, these advances in
the understanding of the genomics of pedAML only partially translated into novel treatments
for this disease. Some promising targeted agents are being evaluated, but only targeted
inhibition of FLT3 mutated AML has made it into standard clinical practice so far (Egan &
Tasian, 2025). This is at least partially due to the fact that the majority of driving lesions in
pediatric AML are structural aberrations and are not directly targetable with conventional

approaches (Bolouri et al, 2018).

Thus, novel approaches for identifying promising treatment options in pedAML are urgently
needed. One particular promising strategy to accomplish this are functional precision medicine
(FPM) approaches, where drug response profiling (DRP) on primary patient cells can directly
identify personalized treatment options ex-vivo (Letai, 2022). These approaches are feasible
and can improve outcome in high-risk hematological malignancies (Snijder et al, 2017;
Kornauth et al, 2022). Additionally, application of FPM in an integrated fashion with
comprehensive genomic characterization is an attractive route to further our understanding of
hematological malignancies by direct functional and molecular characterization of primary
patient material (Malani et al, 2022; Irmisch et al, 2021).

These approaches have not yet been applied systematically in pedAML. Here, the integrated
application of functional precision medicine and comprehensive molecular profiling is a
particularly promising tool for patient stratification and the identification of promising
treatments, as DRP results can be directly related to molecular phenotypes and can thus
identify treatment options where genomic profiling alone may not be able to identify targetable
lesions. This introductory chapter will first provide a broader context for such an approach by

covering the following aspects:

1. A general overview of pediatric cancers and their differences to adult cancers. This

section discusses the unique aspects of the biology of pediatric cancers with a
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particular focus on the developmental origins of pediatric cancers as a key property
that differentiates them from adult cancers.

2. Pediatric leukemias and their relationship to healthy hematopoiesis. This section first
provides an overview of hematopoiesis in terms of cell surface markers and the
transcriptional control of hematopoietic development and uses this overview as a frame
of reference to describe the biology of pedAML

3. Genomic precision medicine and functional precision medicine. This section provides
a brief overview of the history of both precision medicine approaches and discusses
how the corresponding approaches have emerged as promising routes for treatment
prioritization in recent years by discussing the early history of functional assays, the
era of genomic precision medicine and the more recent advances in functional
precision medicine

4. Precision medicine in pediatric oncology. This section describes precision medicine
efforts in pediatric oncology, the key studies that demonstrated feasibility and potential
benefits of these approaches and the unique challenges in pursuing precision medicine

in pediatric oncology.

1.1. The unique biology of pediatric cancers

Cancer is an umbrella term describing a plethora of diseases that are characterized by the
uncontrolled proliferation of cells from individual somatic clones, leading to malignant growth,
infiltration of other tissues by metastases, organ failure and ultimately death. This behavior is
encapsulated in the proposed eight hallmarks of cancer, which have been defined as
sustaining proliferative signaling, evading growth suppressors, avoiding immune destruction,
enabling replicative immortality, tumor promoting inflammation, activating invasion and
metastases, inducing or accessing vasculature, genome instability and mutation, resisting cell
death and deregulating cellular metabolism (Hanahan, 2022; Hanahan & Weinberg, 2000,
2011). More recently, four additional hallmarks - phenotypic plasticity, nonmutational
epigenetic reprogramming, polymorphic microbiomes and senescent cells in the tumor
microenvironment - have been proposed as additional enabling characteristics (Hanahan,
2022). These hallmarks that are most commonly acquired through a Darwinian evolutionary
process where an initial fitness advantage in a somatic clone enables further acquisition of
mutations until the oncogenic transformation is completed and an individual presents with overt
cancer (Merlo et al, 2006; Nowell, 1976). The continuous acquisition of these mutations is due
to different factors that span from environmental exposures to individual behaviors and

germline predispositions (Greaves & Maley, 2012). In line with this reasoning, cancer
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incidence increases with age and several hallmarks of aging are causally linked to oncogenesis
(Lopez-Otin et al, 2023; Siegel et al, 2025).

Paediatric pan-cancer cohort
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Figure 1. Somatic coding mutation frequencies in pediatric and adult cancers

Swarm plot of coding mutation frequencies per megabase (Mb) in 879 tumor samples 24 pediatric cancer types
and 3281 tumor samples from 11 adult cancer types from the cancer genome atlas. Reprinted from (Grébner et al,

2018) under the creative commons license.

However, this line of reasoning provides an incomplete if not false rationale for the oncogenesis
of pediatric cancers. Pediatric malignancies have a distinct biology from their adult cancers,
which is reflected in their unique genetic landscapes with overall lower mutational burden and
a higher rate of structural variation than in adult cancers (Ma et al, 2018; Grobner et al, 2018)
(Fig. 1). The genetic drivers in pediatric cancer are also different. One large-scale study
identified 142 candidate driver genes in pediatric cancer genomes of which only 45% matched
the drivers found in large scale adult studies (Ma et al, 2018) and unique drivers have been
identified in a substantial fraction of pediatric malignancies (Griinewald et al, 2018; Beird et al,

2022; Filbin & Monje, 2019). Furthermore, pediatric cancers commonly arise from developing
3
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tissues, which is only rarely the case for adult cancers (Downing et al, 2012; Filbin & Monije,
2019; Marshall et al, 2014). Some childhood malignancies have specific alterations in common
oncogenes that are also play a role in adult malignancies such as MYCN amplifications that
are indicative of high risk in neuroblastoma (Matthay et al, 2016) or the germline RAS
mutations that predispose patients suffering from so-called RAS-opathies to leukemias
(Niemeyer, 2014). However, many other pediatric cancers have distinct mutations that are
largely restricted to that particular cancer type such as the EWS::FLI1 fusion that is the single
most important driver of Ewing sarcoma (Grinewald et al, 2018). Similarly, mutations that are
largely restricted to younger patients have been identified in pediatric leukemias, where
particular oncogenic fusion events such as KMT2A fusions, NUP98 fusions and GLI/S2 fusions
are far more prevalent in pediatric and adolescent leukemia patients than in adult patients
(Bolouri et al, 2018). Conversely, some of the more commonly mutated genes in adult cancers
are only affected rarely in pediatric cancers, such as TP53 (Grbbner et al, 2018; Ma et al,
2018). These properties reflect distinct mechanisms of oncogenesis in pediatric cancers. They
can arise from germline predispositions, oncogenic viruses and impaired immune surveillance

or developmental mutations.

1.1.1.  Germline predispositions

Germline predisposition may be the most intuitive mechanism for the oncogenesis of pediatric
cancers, as oncogenesis in these cases can often be linked to well-studied oncogenes and
tumor-suppressor genes. Early seminal studies have identified hereditary predisposing
mutations for pediatric cancers such as Wilm’s Tumor (Rahman et al, 1996) or retinoblastoma
(Cavenee et al, 1986; Friend et al, 1986). Large-scale sequencing studies of pediatric cancer
patients identified such predisposing genetic lesions in 6-8.5% of cases, but the true fraction
of germline predisposition pediatric cancers is most likely higher at around 10% (Grébner et
al, 2018; Zhang et al, 2015; Maris, 2015; Kratz et al, 2021). Childhood cancer predisposition is
often associated with specific syndromic features which are manifested in several well-known
cancer predisposition syndromes, such as Fanconi-Anemia, Noonan Syndrome and other
RAS-opathies (Rudelius et al, 2023). Similarly, bone marrow failure syndromes such as severe
congenital neutropenias can be considered as pre-leukemic diseases and substantially
increase the risk of myelodysplasias or AML (Skokowa et al, 2017; Dong et al, 1995; Xia et al,
2018). Notably, the proportion of patients with an underlying cancer predisposition strongly
varies by tumor type and the driving mutations commonly occur in either genes involved in
DNA damage repair, mitotic cell division and developmental signaling with an enrichment for
transcriptional regulators (Grdbner et al, 2018; Kratz et al, 2021; Kentsis, 2020). Pediatric

cancers with germline predispositions have a distinct biology from those without predisposition
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and this becomes particularly evident when comparing treatment regimens for cancers of the
same type in either group. For example, pediatric AML patients with predispositions caused by
Down syndrome, GATAZ2 deficiency, or DNA repair defects require different treatment
approaches than patients de-novo AML (Sahoo et al, 2020; Hirabayashi et al, 2017; Wachter
& Pikman, 2024).

1.1.2.  Oncogenic pathogens and compromised immune surveillance

While environmental factors usually play a minor role in the development of pediatric cancers,
there are exposures that can induce oncogenesis when combined in specific genetic
backgrounds. A particularly intriguing example are oncogenic viruses such as Epstein-Barr
virus (EBV), human papilloma virus (HPV), Merkel cell polyomavirus, and human T-cell
lymphotropic virus (HTLV). EBV infections have been shown to cause lymphoproliferative
neoplasms in immunodeficiency patients (Latour & Winter, 2018), but can also promote
lymphoma in otherwise healthy individuals (Kippers, 2003). Additionally, EBV infections have
been linked to several solid tumors, such as smooth muscle cell carcinoma, a subset of gastric
carcinomas and nasopharyngeal carcinomas (Tayloretal, 2015). HPV infections are
associated with a substantial fractions of cancers worldwide (de Martel et al, 2017). While
cervical cancer is the most common cancer that is caused by HPV, it can also lead to
oropharyngeal cancers in pediatric patients and has been linked to oral cancers in younger
adults (Muzio et al, 2021). Merkel cell polyomavirus infection can cause Merkel cell carcinoma
in children, where it leads to a more aggressive disease than in adults (Paulson & Nghiem,
2019). Furthermore, HTLV infections at birth have been shown to cause T-cell leukemia or

lymphoma in some cases (Pombo-de-Oliveira et al, 2002).

The compromised immune system of patients suffering from inborn errors of immunity (IEI)
makes them particularly vulnerable to cancer in general and especially to cancers caused by
oncogenic viruses. Overall, it is estimated that IE| patients have a substantially higher risk of
cancer than the general population due to impaired immune surveillance with an estimated 4-
25% of them developing cancer (Jonkman-Berk et al, 2015; Shapiro, 2011). Notably, the
mechanisms of oncogenesis in IEIl patients are diverse and the tumor predisposition in these
patients is often derived from the same molecular defect as the immune deficiency (Hauck et
al, 2018).

1.1.3. Developmental tumorigenesis

Most pediatric cancers are thought to arise from developing tissues, leading to the hypothesis

that they are caused by distinct mutational mechanisms that are restricted to development and
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may be the result of impaired DNA damage repair in a stem or progenitor cell population and/or
the introduction of mutations via the activation of endogenous DNA nucleases (Kentsis, 2020).
In line with this reasoning, some cancers that occur early in life can be explained by somatic
mosaicism, where mutations in cancer susceptibility genes occur in utero already and cause
oncogenesis of sporadic cancers (Gerstung et al, 2020; Pareja et al, 2022). An additional
intriguing mechanism attributes the oncogenesis of pediatric cancers to the activity of
endogenous DNA nucleases during development. These nucleases may act as developmental
mutators and introduce cancer-predisposing mutations early in development. Work in B-cell
acute lymphoblastic leukemia (B-ALL) supports an oncogenic mechanism via the activation of
endogenous DNA nucleases, where aberrant activity of RAG1/2 and AID, together with a
subsequent inflammatory stimulus can drive malignant transformation of a pre-leukemic clone
that was already present in utero (Greaves, 2018). Similar studies have identified
developmental mutators in solid tumors. The identification of the transposase PGBD5 as a
developmental mutator that can promote the development of medulloblastoma in mice is just
one example (Yamada et al, 2024). Collectively, these data and others implicate the non-
exclusive activity of somatic mutations in cancer susceptibility genes and developmental
mutators as genetic drivers of childhood cancer development (Kentsis, 2024). In this context,
one would expect cancers that predominantly occur in childhood to arise from mechanisms
that are restricted to developing tissues and this should be reflected in the underlying genetic

events and mutational profiles.
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Indeed, several developing tissues are far more frequently affected by cancer in children than
in adults, such as the developing sympathetic nervous system for neuroblastoma, and soft
tissue and bone tissue for Ewing sarcoma and osteosarcoma respectively (Fig. 2) (Beird et al,
2022; Grunewald et al, 2018; Kentsis, 2024; Matthay et al, 2016), indicating that these arise
from distinct mechanisms that are silenced or inaccessible after some disease specific age
and development threshold has passed. Further support for this model comes from several
lines of evidence suggesting pre-natal origins for neuroblastoma, transient myeloproliferative
disease, myeloid leukemia that progressed from down syndrome, B-ALL and medulloblastoma
(Marshall et al, 2014).

Figure 2. Age dependent incidence of early onset and late onset cancers.

Collectively, these studies on the genetic landscapes and oncogenic mechanisms in pediatric
cancers emphasize the dogma of pediatric oncology that Children are not small adults. Instead,
pediatric cancers commonly arise from distinct genetic events that often target epigenetic or
otherwise gene-regulatory processes and only specific developmental stages and tissues
seem to be susceptible to oncogenic transformation by the underlying lesions (Filbin & Monje,
2019). Next, we will focus on pedAML as a model disease to discuss its oncogenesis in the
context of healthy hematopoiesis, the underlying oncogenic fusion events as drivers of
pedAML specifically, and their importance in the context of patient treatment and precision

medicine for pedAML.

1.2. Pediatric acute myeloid leukemia in the context of healthy
hematopoiesis

The hematopoietic system is a constantly developing tissue where the pool of hematopoietic
cells in the blood and other tissues is continuously replenished by hematopoietic stem cells
(HSCs) that reside in the bone marrow. This property enabled a vast body of research, as the
life-long regenerative capacity and the relatively easy access to hematopoietic cells have made
it an ideal model system to study tissue development and cellular differentiation. Based on the

considerations in the previous section, one may even expect that due to this constant self-
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renewal and the maintenance of HSCs throughout life, childhood leukemias should be very

similar to their adult counterparts in terms of their genetic landscape.

However, this is not the case. Instead, pediatric leukemias follow a similar pattern as other
childhood cancers and present with unique genetic landscapes that are presumably due to
distinct oncogenic mechanisms. The mutational in burden in pedAML is one of the lowest
among childhood cancers and substantially lower than in adult AML. Another differentiating
feature is the substantially higher fraction of structural aberrations and a distinct set of
recurrently mutated genes (Bolouri et al, 2018). Intriguingly, the most common childhood
cancers are of hematopoietic origin, and particularly early in life pediatric leukemias are far

more prevalent than any other pediatric cancer (Steliarova-Foucher et al, 2017).

The life-long regenerative capacity of the hematopoietic system has made it an ideal tissue to
study development and differentiation and probably one of the best understood human tissues
(Orkin & Zon, 2008; Doulatov et al, 2012). Human hematopoietic cells arise from the bone
marrow in adults, but the process undergoes multiple waves at different sites during
development. The initial wave arises from the yolk sack, then in the aorta-gonad mesonephros
region and subsequently in the fetal liver, thymus and spleen until the bone marrow is being

colonized as the final site of hematopoiesis (Orkin & Zon, 2008).

Hematopoietic stem cells (HSCs) enable the production of all blood cell types through their
almost infinite capacity for self-renewal and maintaining their pluripotent state. The traditional
view of the production of all blood cells types from HSCs is as follows: HSCs use asymmetric
cell-division to give rise to their more differentiated progenies that become gradually more
differentiated. They first differentiate into a multipotent progenitor (MPP), which then gives rise
to the common myeloid progenitor (CMP), or the lymphoid primed multipotent progenitor
(LMPP). The LMPP gives rise to the common lymphoid progenitor (CLP) from which T- B- and
NK-cells arise in further steps, but our focus will be the myeloid path. Here, the CMP can further
differentiate into megakaryocyte erythrocyte precursors (MEPs) and granulocyte monocyte
precursor cells (GMPs). The former develop into megakaryocytes and erythrocytes, whereas
the latter develop into monocytes or granulocytes, such as basophils, eosinophils and

neutrophils (Fig. 3).

This model has received several revisions over the past decades - particularly for the very
early stages of HSC differentiation (Perié & Duffy, 2016; Velten et al, 2017; Orkin & Zon,
2008). However, it is still very useful to understand how different cell types arise from each
other and particularly how they were initially identified. Therefore, we will use it as a reference
for the first parts of this section. Overall, our aim here is to explore the current understanding

of hematopoiesis with a focus on myeloid development and then use this as a context to
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discuss the biology of pedAML. First, we will give an overview of the different hematopoietic
sub-populations, their identification and their distinguishing features, cell surface markers and
the key transcription factors that control the underlying processes. Thus, we will be viewing
hematopoiesis first from the cell surface as the outside of the cell and then in terms of
transcriptional control from the inside of the cell. After having discussed the gene-regulatory
underpinnings of healthy hematopoiesis, we will finally discuss the aberrant behavior of
pedAML and how it hijacks hematopoietic development pathways. Based on this, we will later
discuss the relationship between leukemia differentiation state, the underlying oncogenic

fusion events and patient risk.

1.2.1. The hematopoietic hierarchy and cell surface antigens

The differential expression of cluster of differentiation (CD) cell surface markers has enabled
researchers to study individual sub-populations in isolation by separating them with
fluorescence activated cell sorting (FACS) and thus made the functional interrogation of the
developing hematopoietic system accessible. A common strategy of early seminal works
(Akashi et al, 2000; Kondo et al, 1997) was to isolate different hematopoietic subsets via FACS
and subsequently use colony formation assays to infer the clonogenic potential of these
subsets and the different sub-populations that they can form. Based on these approaches
several key features of human hematopoietic subpopulations could be identified based on their

antigen expression and functional characterization.

HSCs are most commonly isolated by sorting for CD34* cells. This marker is usually expressed
by 1-1.5% of bone marrow mononuclear cells and the most prominent surface marker for HSCs
as it is used for a variety of clonogenic assays (Anjos-Afonso & Bonnet, 2023). Different
studies have tried to further refine this definition of HSCs and the more differentiated MPPs
that are not capable of long-term self-renewal. The discovery that CD34*CD38-CD45RA-CD90*
cells initiate long-term cultures and could engraft in SCID mice whereas CD34*CD38-CD45RA-
CD90- cells do not give rise to a CD34*CD90* population placed them at the top of the
hematopoietic hierarchy (Majeti et al, 2007). However, a later study used an engraftment
model to attribute and identified lower efficiency of engraftment of CD90- cells rather than a
lack of long-term self-renewal and differentiation capabilities and instead proposed CD49f as
the differentiating marker for HSCs and MPPs (Notta et al, 2011). Still, recent studies use Lin-
CD34*CD38-CD90*CD10- to identify HSCs and Lin-CD34*CD38-CD90-CD10- to identify
MPPs (Corces et al, 2016). Further delineating multipotent progenitors, Adolfsson and
colleagues identified a Lin"Sca-1*c-kit*FIt3* lymphoid primed multipotent progenitor (LMPP)
population within the Lin-Sca-1*c-kit" HSC compartment, that gives rise to lymphoid and
myeloid cells, but not to megakaryocytes or erythroid cells and attribute lymphoid priming to
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this population due to IL7R up-regulation (Adolfsson et al, 2005). Notably, some studies did
report the existence of a rare CD34- HSC population that could populate the bone marrow of
mice with severe combined immunodeficiency (SCID) and expresses CD93 (Bhatia et al,
1998). Anjos-Afonso and colleagues postulated that this population is on top of the
hematopoietic developmental hierarchy (Anjos-Afonso et al, 2013). Collectively, these finding
indicate that the HSC population is a heterogeneous pool where individual subpopulations may

already be biased towards certain lineages (Laurenti & Géttgens, 2018).

CMPs were identified after the identification of common lymphoid progenitor cells (CLPs) as
IL7Ra expressing progenitors of all lymphoid cell types (Kondo et al, 1997). Akashi and
colleagues first identified this subset by investigating the colony forming unit activity of IL7Ra-
Linc-Kit- murine bone marrow cells (Akashi et al, 2000). Nowadays, commitment to the
myeloid branch of hematopoietic development is often associated with expression of the
marker CD123, which acts as the receptor for the developmental cytokine interleukin 3 and is
thus also called IL-3Ra. Work by Manz and colleagues defined these cells as IL-3Ra°CD45RA"
and demonstrated limited self-renewing capacity for these cells, but a capacity to generate
GMPs and MEPs, thus distinguishing them from HSCs and lymphoid committed cells (Manz
et al, 2002). Current approaches use the marker profile Lin"CD34*CD38*CD123"CD45RA"™ to

isolate these cells (Corces et al, 2016).

GMPs are a usually distinguished from the more primitive hematopoietic cell types via
expression of CD45RA, which is seen as the defining lineage commitment marker for this sub-
population (Manz et al, 2002; Rieger & Schroeder, 2012). Earlier work differentiated GMPs
from other myeloid progenitors via the expression of the FC gamma receptor (Akashi et al,
2000). The functional diversity of the GMP descendants monocytes, macrophages, basophils,
eosinophils and neutrophils makes this subset particularly interesting due to its plasticity.
GMPs are a heterogenous group where more primitive precursors express FLT3 (Boiers et al,
2010). Intriguingly, Yanez and colleagues postulate that GMPs and monocyte dendritic cell
precursors (MDPs) are on the same level in the hematopoietic hierarchy, rather than MDPs
being derived from GMPs (Yanez et al, 2017).

MEPs have been identified as a CD34*CD38™ population among hematopoietic progenitors
and give rise to committed precursors of megakaryocytes and erythrocytes in a MYB mediated
fashion (Sanada et al, 2016). Notably, there were some doubts on whether this marker profile
is indicative of the true bipotent MEP population due to the massive imbalance between
megakaryocyte progenitors and erythroid progenitors that can be derived from it. Additionally,
cells that are restricted to either the erythroid lineage or the megakaryocytic lineage have been
observed outside of the proposed MEP CD34*CD38™ population (Xavier-Ferrucio & Krause,
2018).
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as in main text. Smaller text on the right of individual cell types and next to straight lines indicates cell type specific
surface antigen expression as described in (Corces et al, 2016) and (Rieger & Schroeder, 2012). Text next to

arrows indicates key transcription factors.

Overall, advances in the characterization of surface marker expression and transcriptional
profiling over the past three decades have enabled a detailed understanding of the
hematopoietic system and shaped the current understanding of hematopoietic fate decision as
a tightly regulated process that requires precise control of transcription and chromatin
accessibility (Shivdasani & Orkin, 1996; Orkin & Zon, 2008). Recent single-cell studies have
further advanced our understanding of the hematopoietic system and increased appreciation
for the heterogeneity and functional diversity of hematopoietic precursor populations (Notta et
al, 2016; Velten et al, 2017). Thus, the understanding of this cellular hierarchy has progressed
from a view of discrete states to one as a more continuous process (Zhang et al, 2018). In the
following section, we will discuss how transcriptional control shapes hematopoietic identity and

provide an overview of the key findings in the field.

1.2.2. The hematopoietic hierarchy and transcription factors

While cell surface markers are commonly used to distinguish the different hematopoietic
subsets, the maintenance and development of these identities is governed by a tightly
coordinated network of transcription factors — many of which have also been implicated in the

oncogenesis of pedAML and pediatric ALL (pedALL).

Seminal studies in murine models, together with investigations of cis-regulatory elements and
genes that are altered in human leukemias have shaped our initial understanding of
transcription factors as key drivers of cellular identity and lineage commitment (Orkin & Zon,
2008; Orkin, 1995). Broadly speaking, these studies investigated how knockout of individual
TFs affects primitive hematopoiesis and definitive hematopoiesis. These processes are largely
conserved across vertebrates and mammals specifically. Primitive hematopoiesis denots the
first wave of hematopoietic cell generation in the yolk sac that produces macrophages and
erythrocytes — mainly to facilitate oxygen transport by erythrocytes. After an intermediate wave
of transient definitive hematopoiesis in the blood islands, definitive hematopoiesis generates
HSCs first in the fetal liver and subsequently in the bone marrow (Jagannathan-Bogdan & Zon,
2013). Here, we will initially focus on a core transcriptional network of HSCs — often termed
the HSC heptad TFs — consisting of TAL1, LYL1, LMO2, GATA2, RUNX1, ERG and FLI1
(Diffner et al, 2013).

Differential chromatin accessibility at key regulatory elements of these TFs has been shown to

be predictive of cellular identity (Thoms et al, 2021) and knockout of the majority of them is
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embryonically lethal due to a lack of blood formation at different stages as shown by seminal
studies in murine models. Loss of TAL1, LMOZ2 and GATAZ2 leads to a lack of hematopoiesis
in the yolk sack and defects in later stages of hematopoiesis have also been demonstrated for
these TFs (Robb et al, 1995, 1996; Tsai et al, 1994; Porcher et al, 1996; Yamada et al, 1998;
Warren et al, 1994). Loss of RUNX1 and ERG leads to a failure of definitive hematopoiesis in
the fetal liver (Okuda et al, 1996; Loughran et al, 2008). Later studies demonstrated that this
was due to RUNX1 being required for the generation of HSCs from endothelial cells (Chen et
al, 2009). Knockout of FL/1 in mice has been shown to impair vascular development and
megakaryopoiesis (Hart et al, 2000). Data in Xenopus and zebrafish indicate that FL/1 activity
is required for the development of hemangioblasts — the common precursors of blood and
endothelial cells — and thus suggests that FL/1 acts at the very beginning of hematopoietic
development (Liu et al, 2008). Deletion of LYL1 is not embryonically lethal, but leads to severe
functional and proliferative impairment in murine HSCs (Capron et al, 2006). Collectively,
these observations contributed to their designation as master regulators of hematopoiesis.
Further work in murine HSCs identified closely coordinated binding on DNA of these TFs and
suggested that they act in a combinatorial fashion (Wilson et al, 2010). This work and later
work in human HSCs (Beck et al, 2013) solidified our current understanding that combinatorial
activity of these TFs governs HSC maintenance. More recent work by Subramanian and
colleagues indicates that the combinatorial binding of these TFs changes over the
differentiation trajectory and may thus prime genes that are required for cell type transition for
expression. For example, the authors describe increased binding of GATA2, TAL1, LYL1 and
LMO2 to the GATAT1 locus in MEPs when compared to GMPs, CMPs and HSCs (Subramanian
et al, 2023). Several other key TFs for early hematopoietic development have been identified
in similar experimental setups. MEIS1 for example is also required for definitive hematopoiesis
and may drive expression of RUNXT in murine HSCs (Azcoitia et al, 2005). Later work has
identified critical roles for MEIS1 in controlling the metabolic phenotype of HSCs (Kocabas et
al, 2012) and in the generation of RUNX7 expressing cells in the epithelial to hematopoietic

transition that precedes hematopoiesis (Coulombe et al, 2023).

More broadly, these studies suggests that this core set of HSC TFs primes the genome for
differentiation by making regions accessible to subsequently acting lineage-defining
transcription factors. Further downstream the hematopoietic differentiation landscape, several
lineage-defining TFs and underlying processes have been identified. The most prominent
among them for myeloid differentiation are PU.71 for early myeloid commitment, GATA1
together with the GATA-family TFs for commitment towards the MEP-lineage and HSC
maintenance, and CEBPA and the CEBP-family TFs with a multifaceted role in the commitment

to granulocytes and HSC homeostasis.
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PU.1 is a member of the ETS family transcription factor family and the key TF for myeloid
development. It was long thought that the balance of GATA71 and PU.1 decides commitment
to either MEPs or GMPs. However, more recent data used a murine reporter system for both
PU.1 and GATA1 and did not identify a myeloid population that expresses both PU.7 and
GATAT1, but instead found commitment to either lineage to be preceding the expression of
either TF (Hoppe et al, 2016).

Erythroid development has been shown to be dependent on GATA1. Early work in mice has
shown that GATAT deficient mice are incapable of erythropoiesis (Shivdasani & Orkin, 1996).
More recently GATA2, TAL1 and ERG were also shown to be involved in differentiation of
HSCs towards MEPs (Thoms et al, 2021).

Monocytes and Granulocytes are the most differentiated cells in the myeloid branch of
hematopoietic differentiation. Monocytes are derived either from GMPs or MDPs, that may
develop from GMPs (Guilliams et al, 2018) or be generated independently (Yanez et al, 2017).
In addition to the key TFs for hematopoiesis discussed above, PU.1, IRF8, and KLF4 are
known to be required for monocytic development, since perturbation of each of these factors
has been shown to reduce peripheral blood monocytes (Alder et al, 2008; Hambleton et al,
2011; McKercher et al, 1996). At the final steps of monocyte generation, proliferative CXCR4*
pre-monocytes differentiate into functionally Ly6C"CXCR4- mature monocytes (Chong et al,
2016).

The CEBP transcription factors have been identified as key TFs for myelopoiesis (Yamanaka
et al, 1998). CEBPA and CEBPE are particularly prominent, due to their role in the generation
of neutrophils and other granulocytes — particularly CEBPA and CEBPE. CEBPE has been
shown to be required for the terminal differentiation of granulocyte precursor cells, as mice
with CEBPE null mutations lack functional neutrophiles and eosinophiles and die prematurely
due to opportunistic infections (Yamanaka et al, 1997). Similarly, CEBPA has been identified
as a key TF that is required for neutrophil generation (Zhang et al, 1997). The authors also
identified an overabundance of myeloid blasts in CEBPA KO mice, indicating that this TF may
also be involved in other aspects of hematopoietic differentiation and HSC homeostasis.
Indeed, a later study identified CEBPA as a key TF for the switch from fetal HSCs to adult
HSCs (Ye et al, 2013).

Given this understanding of the transcriptional and epigenetic requirements for HSC
generation, maintenance, and differentiation from multipotent progenitors towards fully
differentiated cell types, a large body of research aimed at further dissecting the transcriptional
control along the hematopoietic differentiation trajectory to gain a more precise understanding
of the dynamics and interactions for the different key TFs in hematopoiesis. Particularly single-

cell technologies enabled a more detailed understanding of the dynamics of different precursor
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populations and challenged two key concepts in hematopoiesis: the understanding of
hematopoiesis as a discrete stepwise process that was informed by transplantation studies
and clonogenic assays, and the classical fully hierarchical model of the hematopoietic tree
(Fig. 4A) (Perié & Duffy, 2016; Laurenti & Gottgens, 2018).
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Figure 4. Development of hierarchical models of hematopoiesis over time.

A Hierarchical model representing the understanding around the year 2000. LT-HSC: Long-term HSC, ST-HSC:
Short-term HSC. B Prevailing model of hematopoiesis from the 2000s to the earl 2010s, including heterogeneity in
the HSC-pool, the LMPP and heterogeneity in the GMP compartment with an eosinophil basophil progenitor (EoBP).
C Model of hematopoiesis from 2016 onwards, understanding hematopoiesis as a continuous process where each
dot indicates an individual cell. Reprinted from (Laurenti & Gottgens, 2018) with kind permission from Springer

Nature.

In particular, these studies provided evidence for lineage bias of early precursors and therefore
suggested that lineage commitment may occur even before the characteristic markers for a
specific sub-population are expressed. In the context of LMPPs, a cellular barcoding study by
Naik and colleagues found that they can give rise to myeloid, lymphoid and dendritic cells. By
investigating the clonal output of single LMPPs they found that daughter cells often give rise
to very similar cell types, suggesting that LMPPs are already primed to produce specific cell
types in their presumably primitive state (Naik et al, 2013). Similar work in myeloid progenitors
also identified lineage priming effects with single cell RNA-sequencing (Paul et al, 2015). This
work challenged established marker panels for the identification of myeloid sub populations by
demonstrating transcriptional profiles of progenitors of megakaryocytes, erythrocytes, dendritic
cells and basophils within the CD34*FcGr™d population that would usually be defined as a
CMP population. Additionally, the authors identified several small subpopulations that

expressed key lineage defining genes TFs together with HSC-associated TFs such as Meis1

15


https://sciwheel.com/work/citation?ids=6854103,4927641&pre=&pre=&suf=&suf=&sa=0,0&dbf=0&dbf=0
https://sciwheel.com/work/citation?ids=4927641&pre=&suf=&sa=0&dbf=0
https://sciwheel.com/work/citation?ids=2297765&pre=&suf=&sa=0&dbf=0
https://sciwheel.com/work/citation?ids=1028522&pre=&suf=&sa=0&dbf=0

and ApoE, providing further evidence for lineage biased precursors that are not clearly
identifiable via FACS. Further work deepened our understanding of biased precursor
populations and proposed so-called metastable transcriptional states that precede binary cell
fate choices, in particular by identifying counteracting gene-regulatory networks driven by /rf8
and Gfi1 that determine differentiation towards macrophages or neutrophils respectively
(Olsson et al, 2016). Similarly, work by numerous groups identified striking similarities between
HSCs and megakaryocytes and proposed HSC populations that were biased towards
megakaryocytic differentiation (Woolthuis & Park, 2016). An even more comprehensive study
aimed at reconstructing the hematopoietic tree using comprehensive FACS, single cell RNA
sequencing and cultures derived from single cells (Velten et al, 2017). This study went even
one step further and proposed that early hematopoiesis is a fully continuous process where

lineage restriction only starts with the upregulation of CD38.

In addition to these findings, the role of gene-regulatory proteins beyond TFs, such as
chromatin factors and epigenetic modifiers has also been increasingly appreciated in recent
years. For example, chromatin factors and epigenetic modifiers have been identified as central
determinants of hematopoiesis in mice. Lara-Astasio and colleagues screened 142 different
chromatin factors in-vivo (Lara-Astiaso et al, 2023). Notably they identify a substantial amount
of mouse orthologs to human genes with known roles in AML that affect hematopoietic
differentiation such as Kmt2a, Dot1/, Men1, and Cebp and also demonstrate that knockout of
Kmt2a and Men1 can increase cellular differentiation and reduce leukemic cell fithess in a FIt3
and Npm1c driven model. Metabolic priming has also been identified as an important factor for
lineage commitment in early progenitor populations. For example, work by Nakamura-Ishizu
and colleagues demonstrated that HSCs can be metabolically primed towards the

megakaryocytic lineage by thrombopoietin (Nakamura-Ishizu et al, 2018).

Collectively, these studies indicate that HSCs are a heterogenous pool, where maintenance of
the truly long-term HSCs is governed by a key set of TFs that act in a combinatorial fashion
with each other and with lineage defining TFs to prime HSCs towards their cell fate (Fig. 4B,C).
This priming may still be of stochastic nature until a certain threshold of decreasing multilineage
potential is crossed and an individual cell is fully determined to its fate. Our understanding of
the causal effects of these TFs is still limited due to technical limitations in non-invasively
identifying HSC subpopulations due to small population sizes and ambiguity in marker
expression. Most of the studies mentioned above still rely on FACS-based cell isolation and
subsequent expansion with subsequent characterization. However, we still lack data that
clarifies the developmental dynamics of TF requirements — ie which TFs are required during

which precise stages of hematopoietic development. Yet, these data provide an essential
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foundation to understand the disease-causing mechanisms of pedAML as most driving lesions

in this disease affect epigenetic or transcriptional regulators.

1.2.3. Pediatric AML as a disease of aberrant transcription

Pediatric AML is thought to arise from mutations that occur during hematopoietic development
and particularly infant AML is known to have a pre-natal origin (Camiolo et al, 2024). Early
studies have provided evidence for malignant transformations in utero by demonstrating the
presence of leukemic cells at birth (Ford et al, 1993; Gale et al, 1997; Maia et al, 2004) and
infant AML is increasingly recognized as a biologically distinct subgroup with an enrichment
for high-risk alterations such as KMT2A-rearrangements, CBFA2T3::GLIS2 or MNX1::ETV6
fusions (Masetti et al, 2015; Creutzig et al, 2012). These observations indicate that fetal
hematopoiesis may be particularly vulnerable to a subset of driving AML fusions and thus
demonstrate a need to understand how oncogenic fusions and structural aberrations affect

early hematopoietic development and lead to leukemic transformation.

Pediatric acute leukemias are commonly caused by oncogenic fusion genes that occur in the
developing hematopoietic system and pedAML is a prototypic example for this concept. The
disease is already on the lower end of the spectrum of mutational burden when compared to
all cancers (Kandoth et al, 2013), but also when compared to all pediatric cancers (Grébner et
al, 2018; Ma et al, 2018). As observed in other pediatric malignancies, the mutational
landscape of pedAML is driven by structural variants which are largely distinct from its adult
counterpart (Bolouri et al, 2018). Not only are structural lesions 2-3 times more likely in you
patients with AML than in adult and elderly patients, but there are also marked differences in
the affected genes. DNMT3A and TP53 mutations for example are almost absent in pediatric
AML patients but affect roughly a third of adult patients. Conversely mutations in NRAS affect

approximately a third of pediatric patients, but less than 10% of adult patients.

In line with the hypothesis, that different lineage priming states are susceptible to leukemic
transformation by distinct oncogenic fusions, these structural mutations are at least partially
associated with specific differentiation phenotypes reflecting their most similar healthy
phenotype, as outlined in the French American British (FAB) classification. This classification
was used for staging of AML in the past and classifies AML cells into 8 classes M0-M7 based
on the phenotypic similarity to healthy cells where for example MO describes undifferentiated
AML, M1 and M2 describe AML with minimal maturation and with maturation respectively, M3
describes acute promyelocytic leukemia (APL), M4 describes acute myelomonocytic leukemia,
M5 describes monocytic AML, M6 describes erythroblastic AML, and M7 describes

megakaryoblastic AML (Vardiman et al, 2002). While more recent schemes focus more on
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defining genomic lesions to classify and stage pedAML (Loghavi et al, 2024; Umeda et al,
2024), associations between FAB type and oncogenic fusions may still be informative of the
underlying disease biology and the developmental stage at which the oncogenic fusion
occurred. CBFB::MYH11 fusions are most commonly associated with the M4 phenotype (acute
myelomonocytic AML), RUNX1::RUNX1T1 with M2 (AML with maturation), KMT2A-
rearrengements with M4 or M5 (acute monocytic leukemia), DEK::NUP214 with M4 or M2 and
PML::RARA exclusively with M3 (acute promyelocytic leukemia) (Martens & Stunnenberg,
2010). These associations of cellular differentiation states and oncogenic fusions also reflect
commonalities between earlier risk stratification schemes based on FAB classes and more
modern genetics based risk stratification as outlined in the most recent WHO guidelines
(Khoury et al, 2022) and the current ELN classification for AML (Déhner et al, 2022). A more
recently proposed stratification scheme further refines this approach and proposes mutually
exclusive genomic categories that are notably almost exclusively structural (Umeda et al,
2024) (Fig. 5).
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Figure 5. Survival of pediatric AML patients with different oncogenic fusions

Kaplan Meier curves of different genetic subgroups in the AAML1031 cohort as depicted in (Umeda et al, 2022).

Reprinted with kind permission from the American Association for Cancer Research.
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Due to their central role in both mechanistic disease understanding and risk stratification in
pedAML, we will review the most common genomic lesions in pediatric AML in terms of risk
associations, the physiological role of the wild type proteins and the current understanding of

the mechanistic basis of their contribution to disease.

Leukemias with PML::RARA fusions are part of one of the success stories of modern medicine.
These fusions result in acute promyelocytic leukemia (APL) of the FAB M3 class. The fusion
protein is the product of a balanced translocation that fuses the promyelocytic leukemia (PML)
gene to the retinoic acid receptor alpha (RARA). If detected early enough, patients receive
differentiating chemotherapy with arsenic trioxide and tretinoin which leads to rapid
differentiation of the malignant blasts and — in most cases — an effective cure of the patient
(Yilmaz et al, 2021).

CBFB::MYH11 fusions and RUNX1::RUNX1T1 fusions are considered as low risk by several
study groups (de Rooij et al, 2015). Leukemias with these underlying lesions are commonly
called core binding factor (CBF) leukemias as both RUNX1 and CBFB are part of one of the
core binding factor complexes (Speck & Gilliland, 2002). The chromosomal events leading to
both fusions were among the earliest identified recurrent genomic lesions in AML. The
corresponding genes were identified in the early 1990s (Miyoshi et al, 1991; Liu et al, 1993)
and thus subject of a substantial amount of research since their initial discovery. Despite their
commonalities in both complex membership and patient risk, the fusions lead to distinct
phenotypes where RUNX1::RUNX1T1 most commonly presents as M2 leukemia and
CBFB::MYH11 often presents as M4Eo leukemia, but may also present with an M2 or M5
phenotype (Sangle & Perkins, 2011). Notably, neither fusion is sufficient to induce leukemia in
murine models, but instead requires additional mutations for malignant transformation (Castilla
et al, 1999; Higuchi et al, 2002).Such cooperating mutations usually occur in the RAS pathway
or upstream and the most common events occur in NRAS, KIT, FLT3 and KRAS. Other
common cooperating mutations that occur in genes such as NF1 or WT1 (Faber et al, 2016).
Together with other CBF fusions, RUNX1::RUNX1T1 and CBFB::MYH11 dominantly inhibit
CBF-mediated transcription, and it has been hypothesized that this inhibition hinders
differentiation of hematopoietic progenitors and makes them susceptible to malignant
transformation (Sangle & Perkins, 2011). Notably, both genes are required at the early steps
of hematopoiesis. RUNXT is required for the generation of the earliest hematopoietic
precursors from vascular endothelial cells as shown by experiments in the mouse (Chen et al,
2009). Similarly, CBFB is required at the same developmental stage and knockout of CBFB
leads to a similar embryonically lethal phenotype, as CBFB knockout also abrogates RUNX1

activity (Wang et al, 1996). While RUNX1 seems to not be required after the developmental
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stage (Chen et al, 2009), murine conditional knockout models showed a marked pancytopenia
due to differentiation blocks and an expansion of HSCs (Wang et al, 2015). While these fusions
are commonly grouped together due to their similar risk profile and common mechanisms, it
has to be noted that the gene expression patterns of RUNX71::RUNX1T1 and CBFB::MYH11
are different (Fig. 6).

KMT2A-rearrangments can be found in ALL, AML and biphenotypic leukemias (Krivtsov &
Armstrong, 2007). They were also among the earliest identified oncogenic fusion events which
lead to the initial designation of the KMT2A gene as Mixed Lineage Leukemia (MLL)
(Ziemin-van der Poel et al, 1991). Patients with KMT2A-rearrengements are mostly classified
as high risk, but the precise risk stratification depends on the individual fusion partner gene
(von Neuhoff et al, 2010). More than 80 fusion partners for KMT2A have been described
(Meyer et al, 2009) and the three most common in pedAML are MLLT3 — a member of the
super elongation complex, MLLT10 — a cofactor of DOT1L, and AFDN (MLLT4, AF6) — which
is essential for the binding of adherence junctions (Krivtsov & Armstrong, 2007). Some
KMT2A-rearrengements are sufficient to induce leukemia in mice, such as KMT2A::MLLT3
(KMT2A::AF9) (Corral et al, 1996) and KMT2A::MLLT1 (Lavau et al, 1997), further indicating
the strong oncogenic potential of these fusions and implicating dysregulated activity of KMT2A
as the driving force of the malignant transformation in this disease subgroup. Indeed, KMT2A
fusions largely derive their oncogenic activity from a gain-of-function in KMT2A (Ayton &
Cleary, 2001). The gene belongs to a family of methyltransferases that are implicated in a
variety of cancers. Physiologically, it poises genomic sites for transcription via H3K4
methylation in a complex with several other proteins — most notably Menin. Within this complex,
it activates a specific set of target genes of which particularly HOXA genes, MEIS1 and MYC
have well known roles in cancer and stem-cell maintenance (Rao & Dou, 2015). Early work in
murine models indicated that KMT2A positively regulates HOX expression (Yu et al, 1995) and
later work clarified that this positive regulation required additional binding partners such as
Menin and is necessary for leukemogenesis of oncogenic KMT2A fusions (Yokoyama et al,
2005). The most common co-occurring mutations for KMT2A-rerrangements are in NRAS or

KRAS (de Rooij et al, 2015), although they are usually thought of as secondary events.

NUP98-rearrangements lead to a particularly aggressive disease and mostly affect less
differentiated cell types, leading to substantially lower overall survival than for most other
oncogenic fusions (Fig. 5). Over 30 fusion partners have been identified and while NUP98-
rearrengements have been identified in MDS, CML and T-ALL, they are most commonly found
in pedAML where they occur in approximately 5% of patients (Michmerhuizen et al, 2020).
Recent data indicate that the most common fusion partner for NUP98 is NSD1 (Struski et al,

2017). Overall, NUP98-rearrangements can be divided into two groups where the first is the
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one with homeodomain moieties and is mostly comprised of HOX genes and the second is
lacking homeodomain moieties and consists of diverse partners such as NSD7, KDM5A,
MLLT10 and others (Gough et al, 2011). Physiologically, NUP98 is a member of the nuclear
pore complex where it mediates selective transport in of RNA, It has also been demonstrated
to mediate gene expression (Kalverda et al, 2010) and its phosphorylation has been shown to
be a rate limiting step in mitotic nuclear pore complex disassembly (Laurell et al, 2011).
NUP98-rearrengements lead to the upregulation of several genes with well-known roles in
development in general and pedAML specifically such as HOXA genes and MEIS1 (Gough et
al, 2011): This led to initial hypotheses that NUP98-rearrengements may behave similarly as
KMT2A-rearrangements, which is further supported by in-vivo experiments that showed that
KMT2A knockout delays leukemogenesis in a NUP98::HOXA9-driven mouse model (Xu et al,
2016). However, some NUP98 fusions also upregulate HOXB genes, leading to a gene
expression signature that is distinct from KMT2A-rearrangements (Michmerhuizen et al, 2020)
(Fig. 6).

CBFA2T3::GLIS2 fusions are a peculiar subgroup with dismal prognosis that most often occurs
in infants and are absent in adults. Notably, this fusion is also the most common oncogenic
fusion in non-Down Syndrome AMKL and is absent from Down Syndrome AMKL, indicating
more restricted requirements for oncogenic transformations when compared to other
oncogenic fusions (Masetti et al, 2019). CBFA2T3::GLIS2 fusions have been hard to detect
due to the underlying cryptic inversion of chromosome 16 and thus have only been
characterized more recently with the advent of NGS technologies (Gruber etal, 2012).
Mechanistic work on this fusion revealed that the fusion protein leads to differentiation towards
the megakaryocytic lineage and promotes self-renewal in a presumably ERG-dependent
manner (Thirant et al, 2017). Further modeling of the disease in human inducible pluripotent
stem cells indicate that oncogenesis requires the homebox factor DLX3 and that the fusion
induces increased accessibility of RUNX71 and RUNX2 motifs and ETS motifs such as those
for FLI1 and ERG (Boudia et al, 2025).
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Figure 6. UMAP of pedAML transcriptomes.

UMAP representation of the transcriptomes of different pedAML genomic subsets (n=887) and CD34+ healthy
controls based on the 315 most variable genes. Dots indicate individual samples and are colored according to the
legend on the right. Semi-transparent ellipses indicate annotated transcriptional clusters. Reprinted from (Umeda

et al, 2024) under the creative commons license.

In addition to the groups that are defined by oncogenic fusion proteins described above, NPM1
and CEBPA mutations are also risk-defining lesions in several protocols, where NPM1-
mutated AML and CEBPA double mutated AML are both defined as lower risk (Cooper et al,
2023). Additionally, the more recently recognized group of pedAML with UBTF tandem
duplications (UBTF-TD) is emerging as a novel high risk entity (Umeda et al, 2022).

NPM1 mutations in AML are usually associated with low risk. The most common mutation is
usually denoted as NPM1c and causes a frameshift that leads to a truncation of the protein
and a new nuclear export signal. This causes mis localization of NPM1c to the cytoplasm and
activation of HOX genes (Falini et al, 2020). More recently, it was shown that NPM1c binds to
chromatin targets and interacts with the KMT2A complex to regulate oncogenic gene

expression (Uckelmann et al, 2023).
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CEBPA has a well known role in granulopoiesis and CEBPA mutated AML cells have a
committed myeloid progenitor phenotype (Pulikkan et al, 2017). Loss of function mutations in
CEBPA have been demonstrated as causative for familial AML, which is due to a tumor
suppressor function in hematopoietic cells (Smith et al, 2004). However, the causative effects
of CEBPA mutations on transcriptional control in AML are not fully elucidated yet (Pulikkan et
al, 2017).

UBTF-TD is a novel entity in pedAML that has only been identified in a recent study. Here,
Umeda and colleagues identified tandem duplications in exon 13 of UBTF in 9% of 136
relapsed pedAML cases and further demonstrated increased proliferation and clonogenic
activity of CD34* cells transduced with UBTF-TD when compared to transduction with UBTF-
WT (Umeda et al, 2022). A subsequent large-scale genomic study confirmed that these events
are mutually exclusive with other known driving lesions in pedAML and thus proposed UBTF-
TD as an entity defining alteration in pedAML (Umeda et al, 2024). Similar work also proposed
UBTF-TD AML as a distinct entity in adult AML (Duployez et al, 2023). UBTF-TD AMLs have
a similar transcriptional profile to NUP98-rearranged and NPM1c AMLs (Fig. 6) and recent
work has demonstrated co-occupation of DNA of UBTF-TD with KMT2A and Menin,
suggesting a similar leukemogenic mechanism as in NPM1c, NUP98-, and KMT2A-

rearranged leukemias (Barajas et al, 2024).

These different characteristics underline that a detailed understanding of the transcriptional
outcomes of these different oncogenic fusions and other risk-conferring mutations is crucial to
determine the molecular basis of treatment response and disease progression in pedAML.
Accordingly, RNA sequencing has increased in relevance for pedAML and recent works have
identified clear relationships between oncogenic fusions and transcriptional signatures (Fig. 6)
(Umeda et al, 2024). As already alluded to above, we also observe interactions between
several of these oncogenic fusions and the key TFs of early hematopoietic development and
hematopoiesis, such as the increased accessibility of motifs for RUNX1, RUNX2, FLI1 and
ERG in CBFA2T3::GLIS2 pedAML (Boudia et al, 2025), or the activation of MEIST in NUP98-
and KMT2A-rearranged pedAML (Michmerhuizen et al, 2020; Rao & Dou, 2015), implicating
these subtype defining oncogenic lesions as drivers of HSC-like expression patterns in
pedAML. In line with this reasoning, a study that used a comprehensive set of epigenetic
approaches including analysis of cis-regulatory elements and transcription factor occupancy
identified an AP-1 driven signature as common to the studied AML subtypes CEBPAdm,
RUNX1::RUNX1T1, NPM1c and others whereas increased activity of MEIS1 was exclusive to
samples with NPM1c, further indicating that the activity of HSC-associated TFs is dependent

on the underlying genomic lesion (Assi et al, 2019).

23


https://sciwheel.com/work/citation?ids=4000988&pre=&suf=&sa=0&dbf=0
https://sciwheel.com/work/citation?ids=4745554&pre=&suf=&sa=0&dbf=0
https://sciwheel.com/work/citation?ids=4000988&pre=&suf=&sa=0&dbf=0
https://sciwheel.com/work/citation?ids=4000988&pre=&suf=&sa=0&dbf=0
https://sciwheel.com/work/citation?ids=13256938&pre=&suf=&sa=0&dbf=0
https://sciwheel.com/work/citation?ids=15872289&pre=&suf=&sa=0&dbf=0
https://sciwheel.com/work/citation?ids=15330357&pre=&suf=&sa=0&dbf=0
https://sciwheel.com/work/citation?ids=16093590&pre=&suf=&sa=0&dbf=0
https://sciwheel.com/work/citation?ids=15872289&pre=&suf=&sa=0&dbf=0
https://sciwheel.com/work/citation?ids=18122847&pre=&suf=&sa=0&dbf=0
https://sciwheel.com/work/citation?ids=9427604,1474556&pre=&pre=&suf=&suf=&sa=0,0&dbf=0&dbf=0
https://sciwheel.com/work/citation?ids=6118882&pre=&suf=&sa=0&dbf=0

In line with these observations on the association between high-risk genomic lesions and
expression of HSC-associated genes, work in adult AML has identified a leukemic stem cell
signature consisting of 17 genes that is indicative of patient risk (Ng et al, 2016). Subsequent
work has shown that this signature is also risk-predictive in pediatric populations (Duployez et
al, 2019), indicating that stemness is a common risk factor in AML that is common to different
underlying genomic alterations. However, further work in pediatric AML identified that the
LSC17 score loses its predictiveness when applied within risk groups, indicating that the
underlying genetic events affect expression of LSC17 genes and that LSC expression
signatures may depend on the underlying genetic lesions (Huang et al, 2022). The authors of
this study then established a new signature consisting of 47 genes that was risk predictive
within their defined genetic subgroups. Further work from the laboratory of John E. Pimanda
has identified a signature based on ERG and the previously described heptad of key HSC TFs
that is indicative of patient risk and described the regulation of the ERG enhancer by these
heptad TFs (Diffner et al, 2013). Collectively, these results indicate that gene expression
signatures that are indicative of stemness may not only be predictive of patient risk, but also

drive disease progression and relapse.

Notably, these associations may at least partially be mediated by the underlying genetic
events. One hint towards this are the associations between FAB classes and oncogenic
fusions described further above. In line with this reasoning, several genomic classes that are
more restricted to individual FAB types form tighter transcriptional clusters that are more
separate from other genomic classes as observed for the pedAML samples with
CBFB::MYH11, RUNX1::RUNX1T1 and CBFA2T3::GLIS2 fusions (Fig. 6).

1.2.4. The evolution of treatment of acute childhood leukemias
The scarcity of patients and severity of the diseases have fueled international collaborative
trials in pediatric leukemias and led to substantial improvements in survival in both pediatric
ALL and AML patients over the past decades. In the 1940s an acute leukemia diagnosis in
childhood was a death sentence, until the seminal work of Sydney Farber produced the first
temporary remissions after the administration of the antifolate aminopterin (Farber & Diamond,
1948). Subsequent work by George Hitchings and Gertrude Elion established antipurines as a
promising additional component of chemotherapy and particularly established the use of 6-
Mercaptopurine as a chemotherapeutic agent which remains a cornerstone of pedALL therapy
until today (Hitchings & Elion, 1954; Elion et al, 1954). Subsequent work by Frei and
colleagues studying the effects of combining 6-mercaptopurine and methotrexate
demonstrated improvements in response rates by combining chemotherapeutic agents with
different modes of action and thus laid the foundation for modern combination chemotherapy
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treatment regimens (Frei etal, 1961). Based on these results, Pinkel and colleagues
hypothesized that combining even more agents and thus inhibiting several growth pathways
simultaneously may finally enable the cure of pedALL and termed this concept fotal therapy.
This approach led to the establishment of combination therapy with vincristine, aminopterin,
mercaptopurine and prednisolone (VAMP) and indeed, the resulting VAMP regimen enabled
the first cures for pedALL (Pinkel, 1971; Aur et al, 1971), representing a major milestone for

the treatment of pedALL in particular and for cancer therapy in general (Pui & Evans, 2013).

Treatment progress in pedAML closely followed this approach and led to the establishment of
the 7+3 regimen consisting of cytarabine and daunorubicin in 1973 (Lichtman, 2013). While
these seminal works identified the key compounds that enabled potentially curative treatment
of pediatric leukemias, the risk factors underlying response rates remained poorly understood.
After the first cytogenetic studies in pedALL in 1958, work by Secker-Walker and colleagues
in 1978 finally established cytogenetic characteristics as prognostic markers for pedALL by
demonstrating increased remission duration in patients with hyperdiploid pedALL
(Secker-Walker et al, 1978), thus laying the foundation for modern genetics- and cytogenetics-
based risk stratification. Again, similar progress has been achieved in pedAML and a plethora
of works from the 1970s onwards identified associations between cytogenetic abnormalities
and prognosis (Sakurai & Sandberg, 1973; Benedict et al, 1979; Shiraishi et al, 1982). Due to
the rarity of the disease and disparities between treatment protocols, these earlier studies were
still limited in their statistical power, but these limitations were overcome in studies on similarly
treated patients (Berger et al, 1987) and large-scale collaborative studies identified robust
associations between cytogenetics and prognosis in pediatric and adult AML (Grimwade et al,
1998). Continuous efforts over the following decades further refined the categorization of
cytogenetic abnormalities and their prognostic significance for treatment response; the
success of hematopoietic stem cell transplantation (HSCT), and the risk of relapse (Cooper et
al, 2023). These seminal works laid the foundation for modern risk-adapted therapy
approaches that combine genetic identification of risk-conferring lesions, continuous
monitoring of measurable residual disease and major advances in supportive care (Cooper et
al, 2023; Rasche et al, 2018).

1.2.5. The current treatment landscape of pediatric AML

The most recent trials report 5 year OS of 60%-80% in pedAML (Rasche et al, 2018; Tierens

et al, 2024; Zwaan et al, 2015; Aplenc et al, 2020). These dramatic advances in outcome were

achieved through substantial improvements in supportive care, increasingly sensitive

methodologies for detecting MRD and the introduction of risk-adapted therapy coupled with

highly optimized chemotherapy regimens and supportive measures for the detection of high-
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risk events, such as CNS involvement. Successes in the treatment of patients with
DEK::NUP214 represent a valuable example for the advances from risk adapted therapy. The
outcome of these patients in trials of the Children’s Oncology Group improved dramatically
with 5 year overall survival rates increasing from 58% in the 2006-2010 trial to 94% in the
2011-2019 trial, due to higher intensity chemotherapy and faster allocation to HSCT (Tarlock
et al, 2021). Despite these successes, improvements in survival across risk genetic subgroups
have largely stagnated over the past 10 years (Rasche et al, 2018), indicating that that the
further optimization of clinical practice along this route may have reached its limits. In this
section, we will review the current treatment landscape of pediatric AML, novel treatments for

high-risk patients and the subgroups that may still profit from novel drugs.

Today, most patients with pediatric AML are treated with high-dose induction chemotherapy
regimen consisting of cytarabine, daunorubicin, mitoxantrone and etoposide with response
assessment via morphology, PCR or flow-cytometry after every chemotherapy cycle (Rasche
et al, 2018; Aplenc et al, 2020; Tierens et al, 2024) (Fig. 7A). Particularly in the AML-BFM
study group trials the dosages for anthracyclines have steadily increased over time (Fig. 7A)
and overall survival steadily increased over time (Fig. 7B). Notably, these advances were
largely achieved through improved OS in non-standard risk patients (Fig. 7C) and while 5-year
EFS has not changed substantially between the 1987 trial and the 2012 ftrial (Fig. 7D),
particularly HSCT-related deaths have been reduced dramatically (Fig. 7D). Initial risk
stratification is largely based on the underlying fusion oncogene and response during the
induction cycles. Notably, initial response is highly predictive of long-term response even well
into relapse (Rasche et al, 2021; Brodersen et al, 2020; Tierens et al, 2016), indicating that
early chemoresistance may persist over the full course of the disease and representing a need

for additional biomarkers of resistant disease.
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Figure 7. Development of overall survival and event-free survival in the AML-BFM trials from 1987 to 2012.

A Left: Treatment protocols for patients within the AML studies from 1987 to 2012 as flowcharts. Block widths are
approximately proportional to treatment duration. ADE: Cytarabine, Daunorubicin, Etoposide; ADxXE: Cytarabine,
liposomal Daunorubicin, Etoposide; AHE: high-dose Cytarabine, Etoposide; Al: Cytarabine, Idarubicin; AIE:
Cytarabine, Idarubicin, Etoposide; Consolidation: 6-thioguanine, Prednisone, Vincristine, Cytarabine, Doxorubicin
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or lIdarubicin; HAE: high-dose Cytarabine, Etoposide; HAM: high-dose Cytarabine, Mitoxantrone; hAM:
intermediate-dose cytarabine, mitoxantrone; 2-CDA: 2-chloro-2-deoxyadenosine; CNS: central nervous system.
Right: Bar chart of cumulative doses of anthracyclines and cytarabine e based on the maximum doses in each
study. B Probability of overall survival and event-free survival per study. Points indicate the mean and error bars
around points indicate the standard error. P-values are based on log-rank test. Color coding as in C. C Same as in
B, but separated into standard risk group on the left and all other patients indicated as high risk group on the right.
D Stacked bar chart of probability of events per study. E Stacked bar chart of probability of survival and causes of
death per study. D,E Error bars indicate standard error. Reprinted under the Creative Commons non-commercial
license from (Rasche et al, 2018).

Targeted therapies only slowly made their way into treatment of pediatric AML patients, which
is largely due to the low frequencies of targetable lesions and the overall scarcity of patients.
However, there are some remarkable successes in recent trials indicating that targeted
treatments can improve both overall survival and event-free survival in ped AML. Probably the
most prominent example is the application of Midostaurin or Sorafenib in patients with FLT3
mutations. Trials for both drugs led to improvements in outcome (Pollard et al, 2022; Stone et
al, 2017). Further advances have been made in immunotherapy by targeting the HSC
associated cell surface protein CD33. The antibody drug conjugate Gemtuzumab Ozogamicin
— consisting of an anti-CD33 antibody coupled to calicheamicin - has improved event free
survival by reducing relapse risk in pedAML (Gamis et al, 2014). The additional benefit seems
to mainly occur in the standard risk and intermediate risk groups and driven by CD33
expression (Fournier et al, 2020; Pollard et al, 2016). While these the latest successes from
stage 3 clinical trials are encouraging, it has to be noted that FLT3 inhibitors are the only
example where targeted treatments for high-risk genomic lesions enabled better outcomes
(Egan & Tasian, 2025). Hower, recent advances in the understanding of unique vulnerabilities
of several pedAML subgroups have enabled the development of a number of targeted agents
with encouraging results. We will discuss these more novel treatment options for particular

pedAML subtypes in the following section.

1.2.6. Emerging treatment options for pediatric AML

While the aforementioned large-scale efforts have led to substantial improvements for many
pedAML subgroups, several genetically defined groups still fare poorly. Particularly patients
with  KMT2A-rearrangments, NUP98-rearrangements, the novel UBTF-TD subtype and
CBFA2T3::GLIS2 fusions still experience high rates of relapse and non-response. Thus,
focused efforts over the past years have attempted to identify novel targets and drugs for these
subgroups. Broadly speaking, current efforts focus on mutations in the RAS pathway, cell

surface antigens, BCL2 expression, and the Menin vulnerability that seems to be present in
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several genomic subgroups (Pommert & Tarlock, 2022). This section provides an overview of

ongoing efforts towards molecularly guided therapy.

As in other hematological malignancies, immunotherapy is a promising avenue for the
treatment of high-risk pediatric AML. Substantial successes in B-ALL with anti-CD19 CAR T-
cells spurred similar developments across several cancers and in pediatric AML. While the
identification of cancer specific antigens has proven to be difficult — which is at least partially
because pedAML blasts usually express markers that are common to other hematopoietic
precursor populations - there are notable recent successes. Folate Receptor 1 (FOL1R) has
been identified as a cancer specific antigen in CBFA2T3::GLIS2 leukemias that can be targeted
by CAR T-cells (Le et al, 2022).

Inhibition of anti-apoptotic signaling in the BCL2 pathway has emerged as another promising
route towards outcome improvement after promising results of the BCL2 inhibitor venetoclax
in older adults that were unfit for chemotherapy (Pollyea et al, 2019). Particularly the
combination of venetoclax and the hypomethylating agent Azacytidine has improved overall
survival and complete remission rates in elderly patients with previously untreated AML
(DiNardo et al, 2020a). Successes of venetoclax have been based on a number of preclinical
studies and a detailed understanding of the BCL2 pathway. The BCL2 pathway regulates
apoptosis via permeabilization of the outer mitochondrial membrane and its major players can
be grouped into four categories. The oligomerization of the pore formers BAX and BAK leads
mitochondrial outer membrane polarization (MOMP) and subsequent cell death. These pore
formers are regulated by three further member groups. The activators BID and BIM and the
antiapoptotic members BCL-X., BCL2 and MCL1 interact with BAX and BAK directly in an
activating and inhibitory manner respectively. Furthermore, the sensitizers of the BH3 family
BAD and NOXA can inhibit activity of the anti-apoptotic proteins by binding to BCL family
proteins and thus freeing the activators (Kale et al, 2018). The poised state of these
antiapoptotic family members for the release of BAX and BAK proteins and subsequent
apoptosis has been termed apoptotic priming or mitochondrial priming and seminal work in
AML has demonstrated that this status is predictive of chemotherapy response via an assay
termed BH3 profiling (Vo et al, 2012; Ni Chonghaile et al, 2011). Subsequent work has further
demonstrated that this concept can be therapeutically exploited as a cancer specific
vulnerability in AML with the BCL2 inhibitor venetoclax (Pan et al, 2014). venetoclax acts in a
similar manner to these BH3-family proteins by inhibiting BCL2 and thus enabling MOMP
mediated apoptosis (Leverson et al, 2017). Recent studies mainly apply venetoclax in
combination with other drugs, such chemotherapy with low dose Cytarabine alone (Wei et al,
2019), the FLAG regimen (fludarabine, cytarabine, granulocyte colony-stimulating factor)

(DiNardo et al, 2021) or with hypomethylating agents such as azacitdine (DiNardo et al, 2020a,
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2018a). After promising results in adults in both relapsed/refractory and untreated adult
patients (Konopleva et al, 2016; Pollyea et al, 2019; DiNardo et al, 2020a), venetoclax has
also been investigated in a pedAML and while patient numbers were often limited and the
experience is less extensive than in adults the results have been encouraging. Two
retrospective studies with 37 and 31 patients respectively evaluated responses to venetoclax
and found complete responses in 42% of patients with AML in the former study and 58% of
patients across myelodysplasias in the latter study (Masetti et al, 2023; Niswander et al, 2023).
Both of these studies had heavily pre-treated patient populations with high-risk disease.
Beyond the relapsed refractory setting, safety and efficacy of a venetoclax based regimen was
also demonstrated in a prospective study in previously untreated pedAML patients (Wen et al,
2024).

Another particularly promising class of novel drugs are Menin inhibitors, such as revumenib
and ziftomenib, which are under consideration for pedAML with KMT2A-rearrangements,
NUP98-rearrangements and truncating NPM1 mutations. Menin can positively and negatively
regulate gene expression and has been shown to interact with diverse proteins which can be
broadly categorized as transcriptional activators, transcriptional repressors, cell signaling
proteins and other proteins (Matkar et al, 2013). The observation that the binding between
Menin and KMT2A in KMT2A-rearrenged leukemias is required for leukemogenesis —
presumably via joint binding to the HOXA9 promoter — spurred further enthusiasm for
therapeutic targeting of the Menin-KMT2A interaction (Yokoyama et al, 2005) and focused
research efforts over the subsequent 15 years have yielded the first Menin inhibitors (Issa et
al,2021), which can be considered as substantial successes in high risk leukemias.
Revumenib has recently been granted FDA approval due to promising results in the
AUGMENT-101 trial, where it was shown to increase overall survival and complete remission
rates in relapsed/refractory ~ KMT2A-rearrangd leukemias (Aldoss et al, 2024;
Martinez-Gamboa & Kaner, 2025). More recent work indicates that NUP98-rearranged
leukemias and leukemias with UBTF-TD may also profit from treatment with Menin inhibitors,
due to their dependency on the KMT2A-Menin interaction (Heikamp et al, 2022; Rasouli et al,
2023; Barajas et al, 2024).

These advances highlight the substantial improvements in outcome that can be achieved
through basic research and the identification of novel vulnerabilities and particularly the
emerging treatment options for pedAML with KMT2A-, or NUP98-rearrangements and
CBFA2T3::GLIS2 fusions (Egan & Tasian, 2025). However, several high risk groups still do not
have established targeted treatment options, such as leukemias with ETV6::MNX1, or the
approximately 10% of cases that cannot be assigned to genomic categories yet (Umeda et al,
2024).
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Additionally, there are other factors than genetics that are independently predictive of outcome.
Recent larger studies have indicated that initial response to induction is an independent
prognostic factor for long-term OS — even after relapse (Rasche et al, 2021; Tierens et al,
2016; Brodersen et al, 2020). Intriguingly, joint stratification of patients by genetically
determined risk group and MRD status revealed that early non-responders in low risk groups
have equivalent survival to responders in intermediate groups (Umeda et al, 2024). This
indicates that there must be additional, early present functional properties of pediatric

leukemias that determine responses over a long time.

Collectively the advances and challenges in the treatment and stratification of pedAML outlined
above indicate that there is a substantial need for an increased functional understanding of
this disease, particularly in terms of emerging treatment resistance. While the collective
understanding of the genetic basis of the disease has reached a point where driving lesions
can be identified for a vast majority of patients, a mechanistic understanding of the basis for
treatment resistance within genomic subgroups and the functional link between genetics and
patient outcome are yet to be elucidated. The next section discusses some of the advances in
understanding treatment resistance of pedAML to broaden our understanding of treatment

resistance beyond the driving oncogenic fusions.

1.2.7. Mechanisms of treatment resistance in pediatric AML

The importance of oncogenic fusion events for pediatric AML biology and patient risk is further
reflected in the risk stratification schemes used for the disease. Risk stratification is mainly
based on the underlying gene fusions as identified by clinical genetics and response to therapy
quantified as measurable residual disease (MRD). For example, fusion events resulting in
CBFBC::MYH11 or RUNX1::RUNX1T1 transcripts, or biallelic CEBPA mutations are usually
associated with good prognosis whereas fusions involving NUP98- and KMT2A-
rearrangements or the CBFA2T3::GLIS2 fusion are usually associated with poor prognosis
(Elgarten & Aplenc, 2020). Notably, while our understanding of the leukemogenic potential of
different lesions and their influence on the aggressiveness of the disease has been studied
extensively (Krivtsov & Armstrong, 2007; Barajas et al, 2024; Rasouli et al, 2024; Gruber et al,
2012), far less is known about the biological basis of treatment resistance in the disease. Stark
differences in patient risk and therapy response between cytogenetically defined subgroups
are widely recognized and given the scarcity of individual high-risk mutations combined with
the overall rarity of the disease, large collaborative efforts are the main drivers of progress in
outcome (Zwaan et al, 2015). Several studies have investigated the molecular basis of
treatment resistance via different approaches such as pharmacogenomics, longitudinal

sampling with deep genomic characterization and functional assays.
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For example, two studies used deep genomic sequencing to delineate the changes in clonal
architecture over the course of treatment in selected cases (Masetti ef al, 2016; McNeer et al,
2019). Both observed general changes in clonal frequencies, a reduction in WT7-mutated
clones in individual samples and the emergence of mutations during treatment that were not
present at diagnosis. Indicating that pedAML blasts undergo clonal selection during treatment.
Intriguingly, their studies did not identify genetic lesions that would support straight-forward
hypotheses on the mechanistic basis of the emergence of subclones under treatment,
indicating that non-genetic mechanisms may play a greater role in therapy resistance in

pediatric AML than previously appreciated.

This role of non-genetic mechanisms of resistance has been increasingly recognized in recent
years. This type of resistance is usually attributed to the phenotypic plasticity of persister cells
(Marine et al, 2020). In AML specifically, this is usually attributed to a population of HSC-like
cells residing in the bone marrow (Misaghian et al, 2009). Indeed, a study that aimed to identify
the cell origin in relapsed adult AML identified an HSC-like cells at relapse that were already
present at diagnosis (Shlush et al, 2017). Intriguingly, the same study also found cells with a
lineage committed phenotype that fueled relapse, and had an HSC-like expression profile,
despite the committed immunophenotype. Further work on resistance to BET inhibitors in adult
AML identified a similar transcriptional program driving resistance and linked the establishment
of this program to the capacity to modulate enhancers termed enhancer switching (Bell et al,

2019), providing additional evidence for an epigenetic basis of drug resistance.

These data suggest that HSC-like AML cells are drivers of therapy resistance which may be
due to their ability to stay quiescent. Given the different risk profiles of genetic lesions in
pediatric AML, one may hypothesize that more high-risk lesions are also associated with more
HSC-like regulatory phenotypes. The connection of HSC-like transcriptional signatures and
poor response is well established in AML as demonstrated by previous studies that describe
risk-predictive HSC-like transcriptional signatures (Diffner et al, 2013; Huang et al, 2022; Ng et
al, 2016). Additionally, recent studies describe more stem cell-like transcriptional programs in

high-risk pedAML and upon relapse (Umeda et al, 2024).

In line with this reasoning, Lambo and colleagues performed single cell sequencing of both
RNA and accessible chromatin to illuminate the gene-regulatory basis of treatment and
resistance (Lambo et al, 2023). This approach uncovered subgroup-dependent transcriptional
programs and cell-type compositions that at least partially agree with the commonly observed
patterns of association between FAB classes and oncogenic fusions: KMT2A-rearranged
samples had higher fractions of monocyte-like cells, whereas RUNX1-rearranged samples had
higher proportions of progenitor-like cells. Notably, the authors identified the emergence of
hematopoietic stem-cell (HSC) and lymphoid epigenetic and transcriptional programs during
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relapse, indicating that treatment resistant blasts transition away from myeloid transcriptional
programs. These results may indicate that HSC-like cells may be less susceptible to

chemotherapy than other more differentiated cell types.

These findings indicate that genetic, epigenetic and transcriptional states of cancer cells can
all contribute to treatment resistance. While genetically mediated resistance can occur at
diagnosis or emerge under selection from treatment pressure, epigenetic and transcriptionally
mediated resistance are usually considered as emerging properties. These different treatment
resistance factors clearly indicate a need for novel drugs and substantial progress has been
made on this front over the past decades. The next section will provide an overview of these
advances by first discussing genomic and functional precision medicine broadly and then

reviewing the latest advances in precision medicine approaches for pediatric oncology.

1.3. Genomic and functional precision medicine

Precision Medicine is an umbrella term that is mostly used to describe the broad notion of
giving the right drug to the right patient at the right time to cure disease. Currently, this term is
used almost ubiquitously and can be attributed to diverse advances in the contexts of drug-
development, drug target discovery, biomarker discovery, patient stratification or treatment
optimization (Collins & Varmus, 2015). This section focuses on two groups of approaches that
essentially pursue the same goal: Genomic Precision Medicine (GPM) and Functional
Precision Medicine (FPM). Both approaches describe the means to identify the right drug for

the right patient.

GPM approaches are mainly concerned with identifying targetable lesions, mutations that can
be linked to a known drug vulnerability, requiring that the mutated protein is required for cancer
growth and survival. GPM approaches have been instrumental for many of the novel cancer
drugs that have been developed since the 1970s, but there have been challenges in scaling

them to more mutated proteins and across larger patient populations.

FPM approaches on the other hand can be considered agnostic to the patient genotype. They
aim to identify the best drug for a given patient by simply testing a large collection of drugs on
patient material ex-vivo. While this idea sounds incredibly attractive, these approaches have
long been considered as insufficient in recapitulating patient-specific vulnerabilities. However,
major technological advancements and particularly single-cell readouts have propelled FPM
approaches into relevance and recent studies finally describe improvements in patient

outcome.
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Both approaches have been enabled by technological advances that have been achieved over
the past decades and have seen substantial successes. GPM approaches have propelled drug
development on a plethora of mutated targets and enabled new standard of care treatments
with matched targeted therapy. FPM approaches have so far not been applied on similar
scales. However, recent studies have demonstrated outcome improvements in heavily pre-

treated patient populations.

1.3.1.  Genomic precision medicine

The discovery of the Philadelphia chromosome and subsequent success of BCR::ABL1
inhibitors such as Imatinib then jumpstarted the era of genomic precision medicine (Druker et
al, 1996), and sparked the development of a plethora of targeted inhibitors for cancer-specific
lesions and recurrently mutated proteins (Zhang et al, 2009). Improvements in outcome
through the introduction of targeted kinase inhibitors have substantially improved outcome in
several cases, such as BRAF inhibitors for melanoma (Hauschild et al, 2012; Hertzman
Johansson & Egyhazi Brage, 2014). For AML, several targeted agents have emerged with a
similar rationale. Targeting mutated isocitrate dehydrogenase 1 and 2 with lvosidenib has been
shown to be an effective strategy for relapsed or refractory AML with the corresponding
mutations (DiNardo et al, 2018b; Stein et al, 2017) after both genes were identified as
recurrently mutated in adult AML. Perhaps the most prominent recent strategies involve
inhibitors of FLT3. These inhibitors have emerged as viable treatment options for both adult
AML (Stone et al, 2017) and pediatric AML (Sexauer & Tasian, 2017). Notably, the introduction
of targeted inhibitors and improved genetic diagnoses have substantially improved outcome in
pediatric AML, with DEK::NUP214 fusions as a particularly prominent example. These fusions
often co-occur with FLT3 mutations and the combination of chemotherapy intensification, early
allocation to HSCT and Gilteritinib administration for patients with FLT3-ITD has dramatically
improved outcome for children with DEK::NUP214 driven AML and effectively brought the
overall survival of this subgroup to a level that is comparable with standard risk patients
(Tarlock et al, 2021). These and other developments sparked further enthusiasm, leading to
several basket trials where patients were not matched to treatments based on the originating
tissue of the tumor, but rather based on the targetable lesions that were presumed to be tumor
drivers such as the NCI-MATCH study (O’'Dwyer et al, 2023). This study was started in 2015
and remains one of the largest precision oncology trials to date with approximately 6,000
recruited patients. The trial identified targetable lesions with a targeted NGS panel in 37.6% of
recruited patients. However, only 12.4% of patients received targeted treatment in one of the
38 sub-studies that evaluated the matched targeted inhibitors. Broadly, these results may

indicate that genomic profiling alone is not sufficient to increase the number of effective
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therapies for patients who did not respond to standard therapy for their respective disease.
However, advances in trial design and the incorporation of more molecular characterization
assays could substantially improve the rate of patients with identifiable targets and outcome
for patients who received treatment based on their genomic lesions. The MASTER trial
comprehensively characterized the genome and additionally the transcriptome of 1,310
cancer patients (Horak et al, 2021). Using this approach, the authors were able to provide
evidence-based disease management recommendations in 88% of cases and demonstrated
improved overall response rates in the 31.8% of patients that received targeted therapy based
on their molecular characterization. Similar successes have also been achieved in pediatric

populations in later studies.

1.3.2.  Functional Precision Medicine

Functional precision medicine (FPM) approaches have more recently emerged as a promising
route for identifying promising treatments in high risk patients (Letai, 2022, 2017; Letai et al,
2022) Technical advances in the culturing of primary cells and improved drug response
readouts have enabled the first studies that demonstrated efficacy for functional precision
medicine guided treatment of late-stage aggressive hematological malignancies (Kornauth et
al, 2022). Broadly speaking, these approaches rely on applying high throughput drug screening
on primary patient samples to identify the most effective drug for an individual patient in a

personalized fashion.

Attempts at identifying treatment options by culturing cells with drugs can be traced back to
the very early days of cancer research, as the availability of affordable cytotoxicity and cell
viability assays has enabled large scale evaluations of compounds and high-content screening
approaches. Fluorometric and colorimetric assays enabled measuring cellular viability in
response to hundreds of different treatments and thus quantitative high-throughput studies of
toxicity. However, these approaches are limited as they only measure drug responses in bulk
and thus can not consider cell-to-cell heterogeneity in terms of response to the given drugs
(Ramirez et al, 2010). Still, these assays are widely used and have shown to be predictive of
in-vivo response in recent work (Acanda De La Rocha et al, 2024; Liebers et al, 2023). Flow-
cytometry based assays (Kuusanmaki et al, 2020; Spinner et al, 2020; Strachan et al, 2022)
and image-based assays (Kornauth et al, 2022; Snijder et al, 2017) have filled this gap by
enabling the interrogation of drug responses of single cells in a high-throughput fashion and
enabled some of the first trials that demonstrated response predictivity and efficacy for FPM

guided treatment.
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1.3.3. Recent advances in functional precision medicine

FPM approaches have demonstrated several successes recently, which were largely due to
novel trial designs and technological advances with better cell culturing systems and single
cell readouts. These advances cover the areas of feasibility demonstration and biomarker
discovery in observational non-interventional trials and prospective trials that demonstrated

clinical benefit of FPM approaches.

Non-interventional FPM approaches have mainly focused on leukemias and lymphomas which
is largely due to the easier access to malignant tissue and initially focused on demonstrating
feasibility and predictiveness for patient response. Flow-cytometry (FCM) based assays are
particularly attractive in this setting because they enable the quantification of on-target drug
responses as they can precisely identify the malignant cell population within the blood or bone
marrow samples that are usually taken (Kuusanmaki et al, 2020). Spinner and colleagues
further advanced this methodology by establishing a fully automated FCM-based approach for
MDS and AML where they tested 74 drugs and 36 drug combinations. This approach enabled
them to accurately predict clinical response and deliver reports within 15 days (Spinner et al,
2020). Similarly, the SMART trial demonstrated predictiveness of ex-vivo profiling for
hematological malignancies using the CellTiter Glo assay with an even faster turnover time of
7 days (Liebers et al, 2023). Further studies have applied FPM in integrated multi-omics
approaches for biomarker discovery and to enable multi-omics informed molecular tumor
boards, similar to the previously described GPM studies that integrated several NGS
approaches. To date, there is a plethora of studies that apply functional and genomic assays
in an integrated fashion to identify promising treatment options and demonstrate the feasibility
of FPM for treatment recommendations (Pemovska et al, 2013; Kropivsek et al, 2023; Lee et
al, 2024). Ongoing trials aim to advance these approaches even further to enable real-time
multi-omics characterization that can inform molecular tumor boards (Irmisch et al, 2021;
Malani et al, 2022).

The demonstration of clinical benefit of FPM in a prospective setting however requires both
innovative trial designs and advanced assays. An interim report from the EXALT trial for
example illustrates both angles well (Snijder et al, 2017). The trial used an innovative design
where it evaluated the potential benefits of FPM by comparing responses of FPM treated
patients to the response to the most recent regimen within the same patient. Furthermore, they
used an innovative image-based high-content screening approach that enabled them to
quantify the on-target response as the preferential killing of cancer cells with respect to healthy
cells from the same patient within the same treated well. A follow-up publication was able to
demonstrate clinical benefit for FPM guided treatment with this technology when compared to

treatment by physicians choice (Kornauth et al, 2022). In addition to demonstrating clinical
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benefit as measured by more than 1.3-fold progression-free survival compared to the previous
therapy, the authors also identified exceptional responses that lasted three times longer than

expected in 40% of responders.

1.4. Precision Medicine in pediatric malignancies

These observations from both GPM and FPM approaches in adult cancers have sparked
enthusiasm for precision medicine trials in pediatric malignancies across entities. Additional
work that highlighted differences in genetic dependencies between cell lines from pediatric
cancers when compared to those from adult cancers further highlighted the need for additional
genetic profiling studies in pediatric cancer populations (Dharia et al, 2021). Furthermore, large
scale genetic studies across pediatric cancer entities indicated that more than 50% of pediatric
cancer types may harbor targetable events and thus motivate more comprehensive molecular

profiling studies (Grébner et al, 2018).

Thus, a number of different trials aimed at identifying personalized targets in pediatric
leukemias and some even provided patients with targeted treatment options. The LEAP
consortium clinical exome panel sequencing and RT PCR and RNA sequencing in selected
cases for pediatric high risk, relapsed and refractory leukemias, with the goal of providing
personalized therapy recommendations (Pikman et al, 2021). 18% of patients received a high
tier recommendation and while clinical responses to targeted treatments were variable, the
comprehensive NGS characterization enabled the reclassification of several patients and
additional drug sensitivity testing identified vulnerability of RAS mutated AML samples to MEK
inhibitors, emphasizing the value of these approaches even when the number of patients
eligible for matched targeted treatments is limited. The PRISM trial from the Zero Childhood
Cancer Initiative performed comprehensive NGS characterization of high risk pediatric cancer
patients with whole genome, transcriptome and methylome profiling and was able to identify
therapeutic targets in a substantially higher proportion of patients of 71.4%. 31% of patients
who received matched targeted therapy in this study showed objective evidence of clinical
benefit (Wong et al, 2020). Notably, 61% of identified reportable variants in this study were
based on either WGS or RNA-seq. This finding indicated that these approaches are
complimentary for target detection and may explain the higher proportion of identified
targetable events when compared to other studies that purely rely on target panels or DNA
sequencing. A further follow-up of this study indicated that targeted treatment based on this
molecular profiling strategy significantly improved outcome in the study cohort (Lau et al,
2024). Similar observations have been made in studies with the INFORM registry. Here, patient

samples were subjected to whole genome sequencing, exome sequencing, DNA methylation
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analysis and RNA sequencing. This multi-omics approach identified actionable targets in
85.9% of patients, emphasizing the increase in target discovery rate when several sequencing
approaches are combined. While only 20 out of 519 patients received matched targeted
therapy based on the findings from sequencing data, these patients had a substantially longer
progression free survival of 204 days compared to 117 days for all other patients (van Tilburg
etal, 2021).

Similarly to the efforts to advance GPM in pediatric oncology, several FPM studies in this
setting have been published recently and illustrate an increasing diversity of approaches. As
in in adult cancers, earlier studies were enabled by technological innovation and focused on
demonstrating feasibility and high-risk disease. One important use case for these studies is
the identification of effective drugs for patients for whom no molecular target could be identified
using NGS approaches. This was demonstrated for solid tumors in a recent report from the
INFORM program (Peterziel et al, 2022). Here, the authors profiled solid tumors from pediatric
patients with high-risk disease and were able to derive treatment recommendations in 80% of
patients that lacked targetable events. Several earlier studies also evaluated the clinical benefit
of FPM in pediatric oncology in selected cases. For example, image-based drug screening for
pedALL in a co-culture system to mimic the bone marrow niche identified recurrent patterns
of sensitivity and enabled FPM informed treatment of a patient with refractory T-ALL that
achieved a durable remission (Frismantas et al, 2017). Further work in pedAML demonstrated
predictivity of drug sensitivity profiling for MRD with an automated flow-cytometry based assay
(Strachan et al, 2022) and another study in pedAML achieved remission in two of five patients
that were treated based on FPM results (Wang et al, 2022). More recently, Acanda de la Rocha
and colleagues demonstrated feasibility of FPM for pediatric patients in a prospective setting
(Acanda De La Rocha et al, 2024). Among the 21 patients tested in this study, six received
FPM-guided treatment and five of them showed greater than 1.3-fold improvement in

progression free survival.

Collectively, these results make a strong case for integrated FPM in pediatric oncology and
particularly in pedAML. Several studies have demonstrated feasibility of FPM in pediatric
cancers and the utility of these approaches for biomarker discovery and response prediction
(Acanda De La Rocha et al, 2024; Strachan et al, 2022; Wang et al, 2022). pedAML may be
the ideal target for these approaches due to its particularly low mutational burden (Grébner et
al, 2018), the long-term predictivity of initial therapy response (Rasche et al, 2021; Brodersen
et al, 2020; Tierens et al, 2016) and the relatively low number of targetable genomic lesions
(Pommert & Tarlock, 2022; Egan & Tasian, 2025).
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1.5. Aims of this thesis

The paucity of targetable mutations in pediatric AML and the observation that early resistance
translates into increased patient risk at later stages of therapy and even after relapse makes
this disease an almost ideal target for FPM approaches, as these may enable the identification

of novel vulnerabilities that cannot be identified via molecular profiling alone.

Therefore, we set out to perform functional profiing and multi-omics characterization of
pedAML to demonstrate feasibility of advanced functional profiling and identify functional
genomic signatures of patient risk by performing advanced functional profiling of primary

pedAML cells at diagnosis. More specifically, we pursued the following aims:

1. Establish advanced image-based drug screening for pedAML with orthogonally
validated read outs and a disease specific compound library.

2. Perform functional profiling on a retrospectively sampled cohort of pedAML patients to
map the chemosensitivity landscape of pedAML and identify recurrent patterns of drug
sensitivity.

3. Characterize this retrospective cohort with comprehensive molecular profiling to
identify the molecular underpinnings of in-vivo patient treatment response and ex-vivo
drug sensitivities.

4. Evaluate the predictiveness of functional profiling for patient risk and response.
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2. Results

2.1. Prologue

To achieve the aforementioned goals, we built upon the previously established
Pharmacoscopy technology for image-based drug response profiling (Snijder et al, 2017;
Kornauth et al, 2022). We established advanced image-based drug screening specific for
pedAML with an accurate detection of blasts and accurate discrimination between viable and
non-viable cells. We applied this technology to a retrospectively sampled cohort of pedAML 45
patients who were sampled at diagnosis and performed additional comprehensive molecular
characterization that incorporated whole exome sequencing, RNA sequencing and ATAC-
sequencing to generate a multi-omics landscape of pedAML that would allow us to identify

functional-genomic signatures of patient risk.

This enabled us to map out the chemosensitivity landscape of pedAML and identify opposing
axes of chemosensitivities that may discriminate patients based on their drug sensitivity
profiles. Our in-depth analysis of ATAC-seq data allowed us to map pedAML blasts to their
most similar healthy counterpart and identify an association between cellular differentiation
state and patient risk. Integrating this analysis with our functional profiling data then allowed
us to identify specific vulnerability profiles for these epigenetically defined and risk-associated
cell states. Finally, an analysis with simple machine learning models demonstrated that our
chemosensitivity profiles were predictive of initial response to induction chemotherapy aned

patient risk.
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2.2. Image-based drug screening combined with molecular
profiling identifies signatures and drivers of therapy
resistance in pediatric AML

This section contains a full reprint of the manuscript below. The author of this thesis is the first
author of this article, which has been reprinted from Elsevier under the Creative Commons
License.

Image-based drug screening combined with molecular profiling identifies signatures

and drivers of therapy resistance in pediatric AML.

Haladik B, Maurer-Granofszky M, Zoescher P, Jimenez-Heredia R, Frohne A, Segarra-Roca
A, Casey C, Kartnig F, Giuliani S, Rashkova C, Repiscak P, Dworzak MN*, Superti-Furga G*,
Boztug K*. (2025) Cell Reports Medicine. Aug 19:102304. doi: 10.1016/j.xcrm.2025.102304.
Epub ahead of print. * equal contribution

The Author Contributions section on page 15 of the article lists the contributions of all authors
in detail.
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SUMMARY

Despite recent advances in the understanding of the genomic landscape of pediatric acute myeloid leukemia
(pedAML), targeted treatments are only available for selected genomic alterations, and the functional link
between genotype and outcome remains partially elusive. Functional precision medicine approaches to
investigate treatment resistance and patient risk have not been applied systematically for pedAML. Here,
we describe an advanced functional screening platform combining high-content imaging and deep
learning-based phenotyping. In 45 patients with pedAML, we identify BCL2 and FLT3 inhibitors and standard
chemotherapy as major drivers of the chemosensitivity landscape, reveal substantial differential sensitivities
between risk groups, and may effectively predict individual measurable residual disease and patient risk.
Integration with genomic and epigenomic data uncovers a chemotherapy-resistant primitive state vulnerable
to combined BCL2 and MDM2 inhibition and HDAC inhibition. Overall, we identify early signatures of therapy
resistance across genetic subgroups and prioritize targeted treatments for these functionally and epigenet-

ically defined patient subsets.

INTRODUCTION

Pediatric acute myeloid leukemia (pedAML) is a rare hematolog-
ical malignancy with poorer outcome than its lymphoblastic
counterpart in children and adolescents and fundamentally
different biology than in adult patients.”® These differences
are characterized by the disproportionally higher prevalence
of structural aberrations in pedAML such as, for instance,
KMT2A or NUP98 rearrangements. Frequencies of non-struc-
tural mutations also differ markedly: NRAS, KRAS, KIT, and
WTT1, for example, are more commonly affected in younger pa-
tients, whereas variants in DNMT3A, TP53, and NPM1 are more
frequent in older patients.” Through rigorous optimization of
treatment protocols over the past decades, 5-year overall sur-
vival (OS) rates have dramatically increased in most countries
of the world,” and recent clinical trials now report 5-year OS
between 60% and 80% in Western European countries® ™ and
the US.® Large-scale efforts in recent years have furthered our

understanding of the genetic determinants of patient risk and
poor outcome in this disease,”” revealed novel genomic sub-
types,® and elucidated the trajectories of cellular composition
hierarchies between diagnosis and relapse.’ Furthermore,
several studies in recent years have addressed poor outcome
in selected genetically defined subgroups by identifying target-
able disease mechanisms and novel therapeutic agents with
menin inhibitors being particularly promising in KMT2A- and
NUP98-rearranged leukemias.'*'"

A systematic understanding of the functional basis of treat-
ment resistance and poor response in pedAML has remained
elusive, and individual contributions of subclonal evolution,
pharmacogenomics, and germline variants have increasingly
been recognized. Deep sequencing of genomic DNA in matched
samples of diagnosis and non-response or relapse revealed pa-
tient-specific expansions of subclones with more prevalent ge-
netic variants, ' which may at least partially drive therapy resis-
tance.”'® Pharmacogenomic efforts over the past decades
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Figure 1. Establishing an image-based drug sensitivity profiling platform for pedAML

(A) Workflow. Mononuclear cells from either peripheral blood (PBMCs) or bone marrow (BMNCS) were incubated on plates with pre-printed compounds. After
24 h of incubation, these cells were stained with blast- and T cell-specific markers and imaged. A custom pipeline then used deep learning models to classify cells
by their marker expression profile and viability.

(B) Compound library overview. Pie-chart of relative abundancies per drug class in our custom compound library of 106 compounds and 9 combinations. RTK,
receptor tyrosine kinase.

(C) Example images for the four most common staining panels in our pipeline covering n = 38 samples. Each row indicates a staining panel. Images are contrast
adjusted single-cell images for the three channels indicated for each row.

(D) Normalized confusion matrix for cell type prediction for n = 7,089 cells in the testing dataset.

(E) Normalized confusion matrix for viability prediction for n = 108,265 cells in the testing dataset.

(F) Scatterplot of relative blast abundancies among viable cells for flow cytometry (x axis) and image-based profiling (y axis) for n = 38 samples where flow
cytometry-based blast fractions were available. The black line indicates the linear model fit for flow cytometry and image-based values. Dashed lines indicate the

(legend continued on next page)
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have identified several variants that affect drug metabolism, and
seminal work in acute lymphoblastic leukemia has uncovered
genetic determinants of anti-cancer activity or increased off-
target toxicities for commonly used anti-leukemic agents.'*'®
Similarly, though not investigated at the same level of detail to
date, more recent work in pedAML indicated that patients
with SNPs that affect cellular accumulation of the active metab-
olite of cytarabine, cytarabine triphosphate, have inferior out-
comes.'®"” Furthermore, there are several germline variants
that predispose to pedAML. For example, patients with Fanconi
anemia, GATA2 deficiency, or Down syndrome all have a ten-
dency to develop pedAML and require distinct treatment ap-
proaches.'®° In addition to these genetic drivers of predispo-
sition and patient risk, several studies demonstrated that
measurable residual disease (MRD) after induction—a surrogate
for in vivo treatment response —provides prognostic value over
the years and even well into relapse,®?'?* indicating that char-
acteristics beyond the broadly recognized risk-stratifying muta-
tions and genomic aberrations are further determinants of pa-
tient outcome. Thus, collectively, the identification of additive
risk-conferring functional properties may allow to better predict
outcome and optimally match patients to clinical trials.

One particularly promising strategy to address the aforemen-
tioned challenges in predicting individual patient response to
therapy is to employ so-termed functional precision medicine
approaches, which aim to identify efficacious agents in a
personalized fashion by directly measuring the effects of candi-
date drugs in primary patient material.”®> Recent work in this
field has shown promise for improving outcome in late-stage
hematological malignancies in adults,?®*” in several high-risk
pediatric populations,?®=° and therefore highlighted the poten-
tial use of functional screenings as a stratification and discovery
tool.®"*? While these studies demonstrated promising results
for biological discovery and potential improvements in
outcome, challenges such as the interpretation of screening
hits, the applicability of functional screening alongside estab-
lished treatment concepts, and the identification of meaningful
molecular correlates of ex vivo drug responses to derive robust
insights from contextualizing compound screening data with
molecular profiling data still remain largely unaddressed.

We here set out to systematically characterize patients with
pedAML by advancing our previously established functional
drug sensitivity profiling platform and integrating the resulting
profiles with comprehensive genomic, transcriptomic, and epi-
genomic data. Through the comprehensive characterization
of 45 patients, retrospectively sampled at diagnosis, we identi-
fied clearly distinguishable chemosensitivity profiles between
risk groups as defined by the Associazione Italiana di Ematolo-
gia e Oncologia Pediatrica - Berlin Frankfurt Minster (AIEOP-
BFM) AML consortium (EUCT: 2022-500783-35-00), revealed
intriguing associations of drug response with cellular hierarchy
compositions, and demonstrated the predictivity of ex vivo pro-
files for key clinical parameters.
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RESULTS

Establishment of an image-based high-throughput
compound screening platform for pedAML

Todissect the integrated chemosensitivity landscape of pedAML,
we first set out to tailor our established image-based functional
screening platform—previously termed Pharmacoscopy”®?” —
to some of the specific challenges in pedAML, such as heteroge-
neity in material amounts and blast fractions at diagnosis, the lack
of universal blast-specific markers across cases and entities,
and the challenges with ex vivo testing of myeloid blasts as
described elsewhere.**

Hence, we established an image-based drug screening plat-
form to quantify on-target drug activity against malignant blasts
in primary mononuclear cells from blood or bone marrow. We
treated cells with a custom, pedAML-specific compound library
of 115 compounds and subsequently stained for markers as
identified via our well-established flow cytometry based blast
identification,>" thereby explicitly accounting for the patient-
and blast-specific immunophenotype (Figures 1A and 1B;
Table S1). Our custom image analysis pipeline segmented cells
with the Mask-R-CNN model®*° and classified them into viable
and non-viable cells as well as marker-positive or marker-nega-
tive cells with adversarial autoencoders®® (Figures 1A and 1C).
Our cell type prediction accurately assessed cell marker positiv-
ity with an accuracy of 92% (Figure S1A) and roughly uniform pre-
dictive power across markers (Figure S1B), leading to an overall
accuracy of 87% for the distinction between blasts, T cells, and
other cells (Figure 1D). Our viability prediction model predicted
cell viability as measured by staining for cells with fractured
membranes with 92% accuracy (Figure 1E, STAR Methods).
These approaches led to good agreement with orthogonal
methods: leukemic blast fractions in untreated negative control
wells correlated significantly with blast fractions as determined
via flow cytometry (Pearson R = 0.64, p = 0.00001, Spearman
R = 0.61, p = 0.00005, Figure 1F), which is similar to the perfor-
mance described in a previous study.’®*"*!" We further as-
sessed the robustness of our predictive viability model by
performing image-based drug sensitivity profiling and measure-
ments of metabolic activity via CellTiter-Glo in parallel and also
found significant and high correlations of these orthogonal
viability measurements across the 8 samples and 6 compounds
we measured (Pearson R = 0.83, p = 4-107'°, Spearman R: 0.72,
p = 7-107; Figure 1G). Notably, these correlations largely re-
mained robust to 2- and 4-fold decreases in cell numbers
(Figure S1C). Additional measurements of replicate samples
further confirmed the robustness of this approach with Pearson
correlations between replicates consistently above 0.8 across
readouts—similar to other studies® (Figure S1D). Thus, our
high-throughput imaging approach and custom image analysis
pipeline allowed us to faithfully distinguish between blasts and
healthy cells and to calculate on-target drug responses enabling
targeted drug sensitivity profiling in pedAML.

standard error. Abbreviations: Rsp,, Spearman rank correlation coefficient; Pgp, p value of Spearman rank correlation; Rp, Pearson correlation coefficient; Pp, p
value of Pearson correlation; SE, ,, normalized standard error of the linear model.

(G) Scatterplot of inhibition scores for CTG (x axis) and image-based profiling (v axis) for n = 9 samples and the 6 drugs tested. Lines and abbreviations are as in (F).
Compounds were tested at four concentrations in technical quadruplicates per concentration (STAR Methods).
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Molecular and clinical cohort characteristics
We hypothesized that systematic application of this platform
integrated with comprehensive molecular characterization
may enable the identification of actionable early predictors of
patient risk and non-response. Therefore, we combined our im-
age-based chemosensitivity testing approach with detailed
molecular profiling via whole-exome sequencing (WES), RNA
sequencing, and assay for transposase accessible chromatin
using sequencing (ATAC-seq) (Figure 2A). We applied this
strategy to 45 fresh-frozen samples taken at diagnosis, thereby
generating a comprehensive dataset comprising patients
sampled at equivalent time points and treated according to
highly similar treatment algorithms with a common cytarabine-
and anthracycline-based chemotherapy backbone as
established by the AIEOP-BFM study group.® We used five
additional fresh pedAML samples for assay optimization and
benchmarking. Initially, we selected available samples to cover
all major cytogenetic subgroups and achieve enrichment for in-
termediate-risk (IR) and high-risk (HR) cases and subsequently
categorized them based on diagnostic reports and our WES
data. Samples with a normal karyotype, CBFB::MYH11 fusions,
and KMT2A rearrangements made up the most frequent sub-
types in our cohort (Figures 2B and 2C). In addition to this
grouping by recurring cytogenetic alterations, we assigned
samples with cytogenetic alterations that occurred only once
or had an unknown genetic subtype in our cohort into the
groups other-non-HR (1x RUNX1::RUNX1T1, 2x unknown ge-
netic alteration) and other-HR (ETV6::MNX1, RPN1::MECOM,
BCR::ABL1, CBFA2T3::GLIS2, monosomy 7, complex karyo-
type). We further classified samples by risk according to the
criteria established in the AIEOP-BFM-AML 2020 trial (EUCT:
2022-500783-35-00), based on genomic findings and response
to induction therapy. Additionally, we annotated our cohort with
data on MRD after induction at measurement time point 1 at day
21 or day 28 after first induction and time point 2 at day 56 after
second induction and with a threshold of 0.1% blasts in bone
marrow as detected by either flow cytometry or PCR. Thus,
we generated a comprehensive overview of patient risk and
early response for most patients (Tables 1 and S2).
Subsequently, we analyzed our WES data to identify addi-
tional, potentially risk-conferring mutations in our cohort and to
delineate the clonality of these mutations by quantifying tumor
variant allele frequencies (T-VAFs). Intriguingly, we found several
rare entities within our cohort, such as three cases with UBTF
tandem duplications in samples with trisomy 8 or a normal kar-
yotype and a sample with the CBFB GDXY insertion and a
normal karyotype. Further hierarchical clustering analysis of
T-VAFs revealed three main clusters that largely recapitulated
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the expected patterns of co-occurrence (Figure 2D). Both
KMT2A and NUP98 rearrangements were mostly associated
with mutations in RAS family genes or FLT3. While KRAS muta-
tions in our cohort were exclusively associated with KMT2A
rearrangements, FLT3 mutations co-occurred with mutations
in WT1 (2 samples) and UBTF (3 samples). Most mutations
occurred within major subclones, whereas mutations in KRAS,
KMT2C, BCORL1, and others were restricted to minor sub-
clones. Given these findings, we classified our cohort with
respect to newly described, molecularly unique risk groups.®
Re-classification mainly affected samples with a normal karyo-
type, trisomy 8, and the two basket categories for HR and
non-HR (Figure S2; Table S2).

Having established our methodology and a cohort that covers
the majority of risk-conferring genetic lesions in pedAML, we
used scoring based on the relative blast fraction (RBF) to quantify
the on-target activity of each compound and concentration
and subsequently calculated the approximate area under the
dose-response curve for these values to derive RBF-area
under the curve (AUC) scores similar to our previous work?%>”
(STAR Methods). Selected case vignettes illustrating the report-
ing format of our drug sensitivity profiling are displayed in
Figure S3. For instance, we investigated a patient with KMT2A::
MLLT1 and a monoblastic M5a phenotype according to the
French American British (FAB) classification that responded
well to chemotherapy ex vivo and achieved stable remission
from the first induction cycle onward (Figures S3A-S3D). Another
patient in our cohort with an FAB M2 phenotype, classified as
high risk according to the AML-BFM 2020 study protocol due
to trisomy of chromosome 8 and mutations in NRAS, WT1, and
FLT3, showed resistance in our ex vivo profiling and did not
respond to induction chemotherapy but could eventually un-
dergo successful allogenic hematopoietic stem cell transplanta-
tion after late response and has remained in remission since
(Figures SSE-S3H).

Inter-patient chemosensitivity heterogeneity is driven

by response to chemotherapy and venetoclax
combinations

Given these anecdotal observations linking ex vivo drug sensitiv-
ities and individual clinical courses, we sought to identify the
drivers of the functional landscape in pedAML and their associ-
ations with clinical characteristics. Across compounds, unsuper-
vised clustering of RBF-AUC scores revealed substantial hetero-
geneity between patients and initially showed no association
with classical clinical parameters such as cellular identity as indi-
cated by FAB class, cytogenetic subgroups, or initial response
as quantified by silhouette coefficients (Figures 3 and S4A).

Figure 2. Workflow and cohort overview

(A) Workflow: fresh-frozen samples from 45 patients, which were taken at diagnosis, were profiled for this study. After thawing, samples were profiled with flow
cytometry and subjected to image-based drug screening and comprehensive next generation sequencing (NGS) characterization.

(B) Cohort characteristics: the cohort contains samples from all major cytogenetic subgroups with an enrichment for IR and HR cases. Top: patient charac-
teristics. Each column represents a patient. Color codes in the respective columns indicate cytogenetic subgroup, FAB class, risk according to the AIEOP-BFM-
AML 2020 study protocol, and measurable residual disease (MRD) after induction 1 and 2, respectively, and are the same as in (C).

(C) Subtype frequencies. Pie charts indicate the relative abundance of the cytogenetic subgroups, FAB classes, risk groups, and MRD positivity after induction 1,

respectively.

(D) Clustered heatmap of tumor variant allele frequencies for n = 26 samples where whitelisted protein-altering mutations could be detected.
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Table 1. Patient clinical characteristics

Risk at Time to Time to Time to Time to

ID FAB Genetic subgroup MRD Ind1 MRD Ind2  diagnosis  death (days) relapse (days) SCT (days) FUP (days)
AMLO4 M1 NK ND ND IR 534 277 357 534
AMLO6 M7 NUP98::KDM5A pos pos HR 254 154 no SCT 254
AMLO7 Mb5b KMT2A::MLLT3 pos neg IR alive no relapse no SCT 979
AML12 M2 NUP98::NSD1 pos neg HR alive 463 159 463
AML13 M2 KMT2A::MLLT1 pos neg IR alive 326 625 938
AML17 M4 NUP98::NSD1 pos pos HR alive no relapse 137 137
AML20 M1 NK pos neg IR alive no relapse no SCT 603
AML23  Mb5a KMT2A::MLLT1 pos neg IR alive 293 no SCT 1,441
AML24 M4 trisomy 8 ND ND IR alive 421 519 2,191
AML26 M4Eo CBFB::MYH11 ND ND SR alive no relapse no SCT 2,457
AML28 M1 NK ND ND IR 472 314 394 472
AML29 M2 NUP98::NSD1 ND ND HR alive 397 146 4,190
AML31 M7 BCR::ABL1 ND ND HR alive no relapse 139 2,230
AML34  M6/M7 NUP98::KDM5A pos pos HR alive no relapse no SCT 258
AML37 Mb5a KMT2A::MLLT1 neg neg IR alive no relapse no SCT 1,091
AML39 M4 DEK::NUP214 pos pos HR alive no relapse 134 322
AML43 M2 NK (CEBPAdm) ND ND SR alive no relapse no SCT 1,735
AML44 M7 NUP98::KDM5A pos neg HR alive no relapse no SCT 911
AML47  MA4Eo CBFB:MYH11 neg neg SR alive no relapse no SCT 237
AML50 M7 CBFA2T3::GLIS2 pos neg HR alive no relapse no SCT 1,368
AML52 M5 KMT2A::MLLT10 neg neg HR alive no relapse 153 956
AML54 M5 KMT2A::MLLT3 neg neg IR 342 237 175 342
AML55 M5 NUP98::KDM5A neg neg HR alive no relapse 181 543
AML57 M2/MDS  trisomy 8 pos pos IR alive no relapse 67 246
AML58 M2 NK (CEBPAdm) neg neg SR alive no relapse no SCT 555
AML59  M4Eo CBFB:MYH11 pos neg SR alive no relapse no SCT 2,313
AML60  M4Eo CBFB::MYH11 neg neg SR alive 1,069 1,175 1,667
AML62 M4 DEK::NUP214 ND neg HR alive no relapse 134 1,362
AML63 Mba NUP98::NSD1 neg neg HR alive 973 973 1,635
AML64 M1 NK neg neg IR alive no relapse no SCT 1,868
AML65 M5 KMT2A::MLLT3 neg neg IR alive no relapse no SCT 410
AML66  M4Eo CBFB::MYH11 neg neg SR alive no relapse no SCT 1,207
AML67 Mb5a KMT2A::MLLT3 neg neg IR alive no relapse no SCT 1,730
AML74 M4 NK pos neg IR 745 303 no SCT 745
AML76 M5 KMT2A::MLLT3 neg neg IR alive no relapse no SCT 1,583
AML77 M4 trisomy 8 pos pos IR 66 no relapse 63 66
AMLS81 M4 Other ND ND IR alive no relapse no SCT 2,961
AML82 M1 NK neg neg IR alive 798 no SCT 1,358
AML84 M7 Complex neg neg HR alive no relapse no SCT 607
AML87 M7 NK pos neg IR 949 413 no SCT 949
AML88 M5 monosomy 7 neg neg HR alive no relapse 32 2,190
AML89 M2 RUNX1::RUNX1T1  ND ND SR alive no relapse no SCT 3,499
AML93 MO ETV6::MNX1 ND ND HR 668 480 100 668
AML95 M4 inv(3)(921926) ND pos HR 319 190 93 319

RPN1::MECOM
AML98  MA4Eo CBFB::MYH11 ND neg SR alive no relapse no SCT 2,343

Overview of patient clinical characteristics for each retrospective sample. Abbreviations are as follows: FAB, French American British classification;
NK, normal karyotype; MRD, measurable residual disease; SR, standard risk; IR, intermediate risk; HR, high risk; SCT, hematopoietic stem cell trans-
plantation; FUP, follow-up; ND, not determined.
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Clustering of compounds indicated two main clusters that
seemed to drive variation. One cluster comprised venetoclax
combinations, together with bortezomib, the SLC9 degrader
D9A2, and the cereblon modulator CC885, whereas the other
comprised first-line chemotherapy compounds such as dauno-
rubicin alone, mitoxantrone alone, or either drug in combination
with cytarabine. While daunorubicin and doxorubicin clustered
closely together and were in the same cluster as mitoxantrone,
idarubicin was placed in a different cluster apart from these
drugs. This is also reflected in the correlation coefficients for
these compounds, where scaled RBF-AUC scores of daunoru-
bicin and doxorubicin responses correlate significantly with
each other, but this is not the case for the other anthracyclines,
which may reflect different off-target toxicities of these drugs
(Figure S4B). These compounds were also among the com-
pounds with the highest variation of RBF-AUC values across
all tested compounds (Figure S4C), indicating that these were
drivers of variation. Previous work has already established a
link between apoptotic priming and response to chemotherapy
and more specifically topoisomerase inhibitors.*” Given the
additional established link between apoptotic priming and vene-
toclax response,”® we investigated potential correlations be-
tween chemotherapy response and response to venetoclax.
We did not observe any strong correlations between venetoclax
and chemotherapy for our scaled RBF-AUC score, which may
reflect the differential off-target effects between these com-
pounds. However, using the AUC score on the absolute blast
fraction, without consideration of the personalized healthy
(non-malignant) control cells, revealed significant correlations
between venetoclax response and response to the topoisomer-
ase inhibitors daunorubicin and idarubicin, and the combinations
of cytarabine with daunorubicin or mitoxantrone, whereas re-
sponses to cytarabine did not correlate with venetoclax re-
sponses using either quantification approach (Figures S5A and
S5B), indicating that apoptotic priming may also be a determi-
nant of chemotherapy response in pedAML but not necessarily
informative of off-target effects. Intriguingly, the two targeted
FLT3 inhibitors quizartinib and gilteritinib were also among the
compounds driving variation, but neither of these agents clus-
tered with venetoclax combinations or standard chemothera-
peutics of the induction regimen. Thus, we investigated the cor-
relations of RBF-AUC scores for the compounds that drive
variation. Compounds in the venetoclax combination cluster
formed one cluster of strongly correlating compounds and corre-
lated significantly with several chemotherapy drugs and combi-
nations, further indicating that these compounds jointly drive
variation. Intriguingly, the FLT3 inhibitors gilteritinib and quizarti-
nib correlated negatively with a majority of compounds in that
cluster, indicating that combined BCL2 inhibition and FLT3 inhi-
bition posed opposing axes of vulnerability in our cohort
(Figure 4A). These intriguing correlations prompted us to further
investigate the correlations between different drug classes
(STAR Methods). By filtering for the most consistent correlations

Cell Reports Medicine

between drug-class pairs, we identified general trends of posi-
tive correlations between HDAC inhibitors and proteasome in-
hibitors with venetoclax combinations and negative correlations
between FLT3 inhibitors and venetoclax combinations as well as
several other consistent pairs (Figure 4B). These results indi-
cated that venetoclax may not be effective in patients who
benefit from FLT3 inhibitors, whereas proteasome inhibitors,
HDAC inhibitors, and venetoclax combinations may be effective
in similar patient populations.

Chromatin accessibility analysis delineates cellular
hierarchy states

Given these observations, we set out to identify the molecular
drivers of the observed chemosensitivity patterns. Recent
work has identified distinctive associations of known and newly
defined genomic classes with leukemic stem cell states.®
Another recent study identified a trajectory toward a more prim-
itive cell state upon relapse.® Together, these results indicated
that leukemic cells that are more similar to hematopoietic stem
cells (HSCs) may drive resistance to chemotherapy. Therefore,
we hypothesized that cellular differentiation states and their un-
derlying gene-regulatory phenotypes may drive differential re-
sponses to induction chemotherapy and that chemosensitivities
in pedAML undergo profound changes along the differentiation
trajectory.

Accordingly, we leveraged our ATAC-seq data to gain insights
into cellular differentiation states in our cohort. First, we mapped
ATAC-seq data against a healthy reference.** Principal compo-
nent analysis (PCA) after batch correction placed a majority of
pedAML samples in proximity to several progenitor populations
(Figure 5A), whereas samples with an FAB M7 phenotype with
characteristic lesions such as NUP98 rearrangements and the
CBFA2T3::GLIS2 fusion clustered mainly with each other in
proximity to erythroblasts and megakaryocyte erythroid progen-
itor cells. Variation seemed to be mainly driven by differences be-
tween undifferentiated progenitor populations and differentiated
lymphoid cells on the first principal component and differences
between M7 pedAML samples and monocytes on the second
principal component, suggesting that the pedAML cells largely
assume precursor-like identities.

Given these observations and previous data that suggested a
transition toward more stem cell-like phenotypes upon relapse,®
we applied a support vector classifier to map pedAML samples
in our cohort to their closest healthy counterpart. Our model was
able to reliably distinguish all healthy cell types except multipo-
tent progenitors and hematopoietic stem cells (Figure S6A).
Overall, the model classified a majority of samples as granulo-
cyte-macrophage progenitors (GMPs) (n = 19) or monocytes
(n = 8), followed by megakaryocyte erythroid progenitors
(MEPSs) (n = 5) and common myeloid progenitors (CMPs) (n =
5). HSCs, erythroblasts, and lymphoid-primed multipotent pro-
genitors (IpPMPPs) were predicted only once (Figure S6B). We
further confirmed the validity of these predictions using

Figure 3. The chemosensitivity landscape of pedAML

Scaled RBF-AUC scores for n = 45 samples of the retrospective cohort and each compound and combination.
Positive values (red) indicate sensitivity. Negative values (blue) indicate resistance. Row and column annotations are indicated in the legend on the right.
Compounds were tested at three concentrations with two technical replicates per concentration (STAR Methods).
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Figure 4. Correlations analyses identify axes of vulnerability

(A) Pairwise Spearman correlations of RBF-AUC scores for the 58 drugs with activity in at least 3 samples. Drugs are ordered by hierarchical clustering. Significant
correlations after Benjamini-Hochberg multiple testing correction ((p,qj < 0.05) are highlighted with a star.

(B) Bubble plot of the seven drug classes with consistently correlating pairs where all pairs have either positive or negative correlations. Colors indicate the
average Spearman correlations across all pairs between the two classes. Sizes indicate the fraction of significant pairs after Benjamini-Hochberg multiple testing

correction (paq; < 0.05).

chromVAR analysis,*® which demonstrated strong associations
of CEBP-family transcription factor (TF) motifs with monocytic
identities, RUNX-family motifs with precursor identities, and
GATA-family motifs with erythroid and precursor identities
(Figure S6C). ChromVAR scores for the respective TFs also

correlated strongly with expression of the respective genes,
further supporting the validity of cell type and TF analyses
(Figure S6D). Globally, we observed intriguing changes in TF ac-
tivity along the differentiation trajectory, with partial overlaps
along specific trajectories. HSC-like states were associated
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with GATA-family TFs and TFs of the forkhead box (FOX) family
(Figure S7A). The association with GATA-family TFs was largely
retained for the CMP-, MEP-, and erythroblast-like states,
whereas the association with FOX TFs partially changed and
was finally lost in the erythroblast state (Figures S7B-S7D).
Intriguingly, FOX TFs have mainly been implicated in lymphoid
homeostasis,*® indicating that lymphoid gene-regulatory pro-
grams may be co-opted for leukemic development in these
states.® Monocytic and GMP-like states on the other hand
were more associated with activity of interferon regulatory fac-
tors (IRFs) and STAT or CEBP-family TFs, respectively
(Figures S7E and S7F), whereas IpMPP-like states had a distinct
pattern of TF co-regulation (Figure S7G).

Intriguingly, the comparison of probabilities between genetic
groups revealed group-specific patterns of similarity that reca-
pitulated other recent work® (Figure 5B): UBTF-TD and DEK::
NUP214 leukemias were predicted to be more similar to HSCs
than others, and CBFB::MYH11 leukemias more similar to
GMPs. Furthermore, KMT2A-rearranged samples in our cohort
were predicted to be particularly similar to monocytes when
compared to other samples.

Cellular hierarchy states are associated with distinct
clinical responses and ex vivo chemosensitivities

Given these associations with genetically defined risk groups,
we hypothesized that the position along the differentiation tra-
jectory from HSCs to monocytes may be associated with patient
risk and outcome. Plotting the probabilities of HSCs and mono-
cytes revealed an intriguing pattern, where the majority of sam-
ples had low probabilities for both HSC and monocyte identities.
Samples with MRD or higher risk seemed to deviate from this
state toward either a monocytic or an HSC-like state
(Figure 5C). A more monocyte-like state was associated with in-
termediate- to high-risk KMT2A-rearranged AMLs, whereas a
more HSC-like state was associated with NUP98 fusions and
UBTF tandem duplications. These data indicated that there
was a higher propensity for high-risk genetics and non-response
toward either end of the differentiation spectrum such that both
the most differentiated and least differentiated cell states are
associated with higher patient risk. Thus, we aimed to quantify
this phenomenon by devising a Mono-HSC propensity score
that quantifies this propensity away from the average phenotype
in our cohort and toward a more HSC-like or more monocytic

identity as max (%, %) with the monocyte proba-

bility Prmono @and the HSC probability Pysc. In line with our expec-
tations from the observed genetics at either ends of the differen-
tiation spectrum, we found this score to be significantly
associated with both patient risk and MRD after induction 1
(Figures 5D and 5E). Additonal correlative analysis of our differ-
entiation state probabilities and CIBERSORT scores from a
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recent large-scale cohort study identified similar associations
between genetic risk groups and differentiation states. We found
significant correlations for primitive states and GMP-like states,
whereas only the pro-monocytic state correlated significantly
with our monocyte probability but not the monocyte score
derived in the related work (Figures S8A-S8G). Devising a similar
Mono-HSC propensity score as described earlier for the primi-
tive score and the pro-monocytic score, we found significant
differences between MRD-positive and -negative samples and
between the different risk groups as defined by the AIEOP-
BFM-AML study group (Figures S8H-S8I).

Associations between cellular differentiation state and patient
risk and drug responses have been observed in a number of
works in both pediatric and adult AML.

Given these associations of cellular hierarchies and clinical
response, we hypothesized that these phenotypic differences
would be mirrored in the blast chemosensitivities. Indeed, anal-
ysis of the top compounds for the more HSC-like MRD-positive
samples (HSC-MRD+) and the more monocyte-like MRD-posi-
tive samples (Mono-MRD+) revealed distinct profiles, with pano-
binostat and the combination of venetoclax and idasanutlin as
specific vulnerabilities of HSC-MRD+ samples, whereas chemo-
therapeutics such as irinotecan and thiotepa inhibited Mono-
MRD+ samples more specifically. Previous research has identi-
fied monocytic cell states and RAS mutations as drivers of
venetoclax resistance in adult AML,*"**® prompting us to test
whether there would be a differential influence of RAS mutations
or monocytic cell states on venetoclax sensitivity. Indeed, our
analysis indicated lower sensitivity to venetoclax in RAS-mutated
monocytic samples than in GMP-like RAS wild-type samples or
other samples (Figure S9A). Notably, combinations of venetoclax
had an effect that was highly dependent on the combination part-
ner, and combinations with kinase inhibitors showed less activity
in HSC-MRD+ samples (Figure 5F). We further expanded this
analysis to all predicted hematopoietic differentiation states
and found venetoclax sensitivity to be most strongly associated
with HSC and erythroblast states, whereas other states seemed
to be more resistant to venetoclax as a single agent (Figure S9B).
Intriguingly, the combinations of venetoclax with other agents
had additional higher activity in CMPs, indicating that combina-
tion with other agents broadens the efficacy spectrum to more
gene-regulatory backgrounds. Several compounds, such as qui-
zartinib or pazopanib, showed inconsistent activity with respect
to differentiation states, indicating that for some of these, other
drivers may be more relevant for response.

Chemosensitivity data are predictive of patient
response

To better understand the potential clinical utility of our drug sensi-
tivity profiling approach, we set out to further investigate the

(B) Boxplots of probabilities per genetic group as defined by Umeda et al. Boxes indicate the quartiles of the distribution and whiskers extend to points that are
within 1.5 interquartile ranges. Dots indicate individual samples (n = 39) Top: probabilities for hematopoietic stem cells (HSCs). Middle: probabilities for gran-

ulocyte-macrophage precursors (GMPs). Bottom: probabilities for monocytes.

(C) Scatterplot of HSC probability (x axis) against monocyte probability (y axis), colored by MRD1 (n = 39).

(D and E) Scaled probability of monocytic/HSC identity by risk group (n = 39) and MRD status (n = 26). Significance was tested with the Mann-Whitney U test.
Boxes and whiskers are indicated as in (B). Dots indicate values for individual samples.

(F) Heatmap of scaled average RBF-AUC scores for top 10 drugs of MRD-positive monocyte-like and MRD-positive HSC-like samples.

Cell Reports Medicine 6, 102304, September 16, 2025 11




Please cite this article in press as: Haladik et al.,

Image-based drug screening combined with molecular profiling identifies signatures and drivers of
therapy resistance in pediatric AML, Cell Reports Medicine (2025), https://doi.org/10.1016/j.xcrm.2025.102304

¢? CellPress

OPEN ACCESS

12

Compound.Class

=17)

SR (n=9)
HR (m

I Methotrexate

Elacytarabine

Cytarabine

Pentostatin

I Clofarabine

Thiotepa

6-Mercaptopurine

5-Fluorouracil

Pralatrexate

Amsacrine

Idarubicin hydrochloride

Pixantrone

Cytarabine+Etopside

Fludarabine

5-Azacytidine

Etoposide

Aminopterin

I Thioguanine

Busulfan

Mitoxantrone

I Doxorubicin

Cytarabine+Mitoxantrone

Daunorubicin

Cytarabine+Daunorubicin

Hydroxyurea

I Capecitabine
Palifosfamide
Melphalan
Irinotecan
Venetoclax+Dinaciclib
Venetoclax+ldasanutlin
Venetoclax+Trametinib

| I Venetoclax+Dasatinib

Venetoclax+Ruxolitinib

Venetoclax

Venetoclax+Quizartinib

Idasanutlin

B Pinemetostat (EPZ-5676)
ORY1001

B JQ1=(+)

[ GsK126
Panobinostat

I Molibresib (I-BET762)

Mivebresib

Tazemetostat (EPZ-6438)

Guadecitabine

Decitabine

Romidepsin

Belinostat

Palbociclib

Cediranib

Cobimetinib

I Sorafenib
Lestaurtinib
Alisertib
Ceritinib
Dasatinib
Ruxolitinib
Glasdegib
Dabrafenib
Quizartinib
Ibrutinib
Semaxanib
Tofacitinib
Pazopanib
Dinaciclib
Gilteritinib
TAK-733
Idelalisib
Vemurafenib
Abemaciclib
Nintedanib

I Crizotinib

PKC-412(Midostaurin)

AP24534 Ponatinib

Neratinib

Crenolanib

Volasertib

Imatinib

I Trametinib

I Bosutinib

[ Bafetinib

I Sunitinib

I Cabozantinib

I Erlotinib

I Vismodegib

I VVandetanib

I Nilotinib

I Duvelisib (IP1-145)

I Pacritinib

I Gefitinib

I Regorafenib
Everolimus
Rapamycin
MLNO0128

N Telaglenastat (CB-839)

I Ivosidenib

N Pevonedistat (MLN4924)

I Temsirolimus

I Carfilzomib

I Lovastatin

I 1xazomib

Devimistat

Rosuvastatin
WOA

Enasedinib
Bortezomib
Bexarotene
CC885

I Veliparib
I Alitretinoin

Scaled average

More sensitive

Cell Reports Medicine

Jili® Compound class
st Cell death signaling (+/~ Kinase inhibitor)
8 0.5 Chemotherapeutics
> 0 Epigenetic
T..-05 Kinase inhibitors
2 I_1 Metabolic drug
15 I Other
Less sensitive
B
1.0 [ 1)
[ J o,
3 —eb0—
© [ 1]
—
3
o 0.6
<C
]
=
°
2 04
o
f
o
0.2
0.0
MRD Ind1 (1%) Non-Standard Risk Relapse
MRD+ specific Quigartinio
1.0
5-Fluorouracil
‘anobinostat ¢y tarabine+Etopside
CCE!E Vene(oclaxddasanutlm
0.5 Devlmlstat Rcmidepsin
[ORY 100
g %9
=]
g
L0 G-~~~ m—m—m e m === == ———
3
g ldéublcm hydmchlonde
o GSK126
P <]
N Eto oslde
O PKC-412(Midostaurin)
05 bine+Mitoxantrone
%’evonednsﬁat (MLN4924)
Bgsu unitinib
rizotinib ytarabine+Daunorubicin
Daunorubicin Doxorubicin
Tramethib Cenl%b
- Duvell (IP1-145)
0 qutlnlb %
. 2
MRD- SpeCIﬁC Aminopterin
0.00 0.25 0.50 0.75 1.00
Normalized Random Forest feature importance
© Chemotherapeutics @ Other © Metabolic drug
CompoundClass

O Kinase inhibitors

Cell Reports Medicine 6, 102304, September 16, 2025

O Epigenetic O Cell death signaling (+/- Kinase inhibitor)

(legend on next page)



Please cite this article in press as: Haladik et al., Image-based drug screening combined with molecular profiling identifies signatures and drivers of
therapy resistance in pediatric AML, Cell Reports Medicine (2025), https://doi.org/10.1016/j.xcrm.2025.102304

Cell Reports Medicine

relationship between chemosensitivity, as quantified by RBF-
AUC scores, and key clinical characteristics such as MRD,
non-standard risk as defined in the AIEOP-BFM-AML 2020 trial,
and early relapse. Specifically, we aimed to identify key differ-
ences in sensitivity patterns between risk groups by comparing
RBF-AUC values and generating predictive models for MRD,
risk, and early relapse.

We hypothesized that chemosensitivity differences between
risk groups, as defined by the AIEOP-BFM-AML study group,
may reveal actionable vulnerabilities. Analysis of responses by
risk group revealed intriguing differences that were often
concordant with compound mechanism of action between the
standard-risk (SR), IR, and HR groups (Figure 6A). SR samples
showed stronger responses to chemotherapy than HR samples
in a majority of cases, particularly for nucleoside analogs such as
6-mercaptopurine or 5-fluorouracil, whereas cytarabine and an-
thracyclines such as idarubicin and daunorubicin seemed to be
less specific to individual risk groups (Figure 6A). Furthermore,
several targeted agents that are mainly considered in high-risk
and relapse settings did not show the strongest activity in the
HR group. Venetoclax alone and in combination most frequently
showed activity in the IR group, and tyrosine kinase inhibitors
showed stronger activity in the SR and IR groups than in the
HR group. We found only a few vulnerabilities that were specific
to the HR group, such as sensitivity to the CDK inhibitor palbo-
ciclib and the DOT1L inhibitor pinometostat (Figure 6A). Palboci-
clib is a CDK4/6 inhibitor, and CDK6 has been shown to be
an essential target in both NUP98- and KMT2A-rearranged
AML.“9%° NUP98 rearrangements are the most common genetic
background among high-risk samples in our cohort.

More generally, our data indicate that chemotherapy sensi-
tivity varies broadly by agent and that response profiles of genet-
ically defined risk groups may only partially converge on individ-
ual targets, further emphasizing that drug sensitivity data do not
simply recapitulate genetically defined risk. In line with these ob-
servations, our analysis of cluster concordance between drug
sensitivity profiles and genetic status did not yield any associa-
tions between the two but rather indicated MRD and patient
risk to be similarly concordant with drug sensitivity profiles
(Figure S3A), indicating that drug sensitivity profiles reflect func-
tional aspects of patient risk that are not recapitulated by
genetics.

Given these differences between risk groups, we hypothe-
sized that simple machine learning models may be able to pre-
dict key clinical parameters from RBF-AUC scores. Thus, we
aimed to predict MRD status, non-standard risk, and early
relapse from drug sensitivity profiles using RBF-AUC scores as
input for random forest models in a cross-validation setting. Pre-
dictive accuracies ranged from 85.2% for the prediction of 1%
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MRD after induction 1 to 79.9% for non-standard risk, further
highlighting the predictive power of our approach (Figure 6B).
Accuracy scores for the prediction of early relapse—defined as
relapse within the first 12 months after diagnosis—were 79.2%
and therefore slightly lower than those for MRD, indicating that
chemosensitivity screening may be most predictive for events
that are closer in time not at least because of inter-individual di-
vergences in later treatment, such as stem cell transplantation.
Overall, these results indicate that drug sensitivity profiling
may have clinical utility for the early identification of non-re-
sponders and thus provide an additional tool for patient risk
stratification—beyond the identification of promising treatments
in high-risk settings.

Analyzing the relationship between feature importances and
relative inhibition revealed drugs such as the antifolate aminop-
terin and the receptor tyrosine kinase inhibitors erlotinib and
ceritinib to be more active in these MRD-negative samples
(Figure 6C). The increased sensitivity to the antifolate aminop-
terin may indicate a stronger dependency on folate metabolism
in low-risk patients, whereas the increased sensitivities to the
unspecific tyrosine kinase inhibitors erlotinib and ceritinib may
be more indicative of a broad dependency on tyrosine kinase
signaling. The higher sensitivities in MRD-negative samples
overall may indicate an increased susceptibility to apoptosis,
which has been linked to better patient outcomes in earlier
studies.®' These results further support the observed predictiv-
ity of ex vivo testing for response from previous studies?®-27-3%-32
and provide additional rationale for early integration of func-
tional screening to predict response and identify early vulnera-
bilities in high-risk disease.

DISCUSSION

Because of its rigorous logic, precision and personalized medi-
cine have inspired the biomedical community over the last
decade to achieve a patient-specific treatment rationale.*”
Indeed, our molecular mechanistic understanding of disease in
a variety of cancers has tempted us to consider the granular
stratification of patients based on genomic data and more
recently additional -omics as an achievable goal.”®> However,
recent experiences in adult cancers such as adult leukemia
and lymphoma indicate that genetics-focused precision medi-
cine approaches may not faithfully recapitulate the functional
heterogeneity within samples from patients with cancer.?® These
observations imply that there are additional determinants of
functional drug responsiveness that would be key to integrate
into precision medicine-based approaches. Hence, the field of
functional precision medicine has started to tackle these chal-
lenges by direct functional testing of cancer cells, either as an

Figure 6. Chemosensitivity screening is predictive of key clinical parameters

(A) Heatmap of scaled averaged responses per AIEOP-BFM-AML risk group as quantified by RBF-AUC scores for n = 45 samples in our cohort.

(B) Accuracy scores for each prediction target of 1% MRD (n = 32 evaluable samples), non-standard risk (n = 45 evaluable samples), and early relapse (n = 39
evaluable samples) over the 5-fold cross-validation. Dots indicate accuracy scores per fold. The height of the bars indicates the mean accuracy over all folds, and

error bars indicate the 95% confidence interval.

(C) Scatterplot of Z score of inhibition for MRD1-positive (top) compared to MRD-negative (bottom) samples (y axis) against random forest feature importance (x
axis), where compounds to the right contribute more to predictivity based on cross-validation over n = 32 evaluable samples. Compounds are colored by

compound class as in Figures 1 and 4.

Cell Reports Medicine 6, 102304, September 16, 2025 13




Please cite this article in press as: Haladik et al., Image-based drug screening combined with molecular profiling identifies signatures and drivers of
therapy resistance in pediatric AML, Cell Reports Medicine (2025), https://doi.org/10.1016/j.xcrm.2025.102304

¢? CellPress

OPEN ACCESS

alternative or conversely as a complementary approach to geno-
mics-based precision medicine approaches.’*** However, the
heterogeneity and relatively small sample sizes in pediatric tu-
mors challenge the notion of clinical trial designs with ge-
netics-based disease classification and treatment strategies.

In this study, we set out to study pedAML as a model disease to
assess the feasibility of state-of-the-artimage-based chemosen-
sitivity profiling for integration into the clinical management of
pedAML and to elucidate functional-genomic patterns of patient
risk that may transcend genetically defined risk groups. Building
upon our previously established approach with demonstrated
clinical efficacy”®?” —albeit with a relatively short incubation
time—we here established an image-based screening platform
that enables fast turnover times for a vast array of drugs with clin-
ical relevance, such as chemotherapeutics in first-line therapy,
compounds that target epigenetic regulators, BCL2 inhibitors,
and a vast number of kinase inhibitors. Recent efforts have pur-
sued similar goals with flow cytometry-based assays in diverse
hematological malignancies®*%~*"°> with a similar intention of
employing single-cell readouts to define leukemic blast-specific
drug response measurements. In our own experience, an im-
age-based drug response platform as showcased here comes
with the need of professional computational image analysis skills
but arguably bears advantages when it comes to scalability with
regard to costs per sample or the relative ease to expand or adapt
platforms to individual patients or novel drugs to be included in a
screen. The application of simple machine learning models
enabled us to accurately predict key clinical parameters, such
as non-standard risk, and MRD after the first induction cycle
from drug sensitivity profiles, thus demonstrating the potential
applicability of functional screening approaches for the early
detection of patients at risk. While the detailed mechanistic and
biological basis of the predictivity of drug sensitivity profiling is
still a subject of active research and cannot be sufficiently ad-
dressed in this study due to sample size and the lack of a valida-
tion cohort, our work highlights the potential use of advanced
drug sensitivity profiling for early identification of patients at risk
and the identification of promising treatments. Future studies
may overcome these hurdles and validate these findings by using
this predictive approach in a prospective setting, where ex vivo
screening will be performed at diagnosis and predictiveness
can be evaluated at the respective time points for risk stratifica-
tion, MRD assessment, and upon eventual relapse. Thus, while
most functional profiling studies focus on patients with late-stage
disease,’®?%°° our study provides a rationale for testing patients
at early time points, in line with the observation that early
response in pedAML is a long-term predictor of outcome.?' 2

The genetic heterogeneity of pedAML—with recent work dis-
tinguishing more than 20 genetically distinct entities®°° —makes
it a particularly attractive target for functional precision medicine
approaches. These approaches enable both targeted personal-
ized treatments®® and the elucidation of the corresponding dis-
ease-specific functional landscapes.®*°""°® Several studies
have highlighted functional heterogeneity in pedAML and other
pediatric cancers®'**° but did not identify any functional group-
ings that could be motivated from a molecular perspective.
These heterogeneous results may be due to the relatively high
percentages of healthy cells that are being screened together
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with blasts in these assays. In contrast, our targeted and
blast-specific approach indicates that response heterogeneity
converges on sensitivity to conventional chemotherapy, HDAC
inhibition, or sensitivity to BCL2 inhibition with or without kinase
inhibition. Future studies will need to also comparatively test
different emerging molecular and drug testing platforms with
different treatment times and culturing conditions to understand
platform- or technology-dependent advantages and disadvan-
tages of various approaches.

Heterogeneity in treatment responses within genetically
defined risk groups has been observed in several large pedAML
cohorts.®?" However, the determining factors of this functional
heterogeneity have remained elusive. On the epigenetic level,
we observe that a propensity toward either more monocytic or
more HSC-like states is indicative of risk and poor response. As-
sociations of HSC-like gene expression signatures with patient
risk in pediatric and adult AML are well known,°=%? and recent
data indicate a trajectory toward more primitive states upon
relapse.® Several targeted treatment options for HSC-like states
have been proposed,®® but successes have been limited to few
agents such as venetoclax. Indeed, we observed higher sensi-
tivity to the combination of venetoclax and idasanutlin in HSC-
like states and additionally higher sensitivity to the HDAC inhib-
itor panobinostat. HDAC inhibitors have been previously applied
in clinical trials, but the results have been mixed,®*®> which may
be due to the lack of predictive biomarkers. Our results indicate
that HDAC inhibition may be a promising route to target HSC-like
states, thus providing a rationale for targeted evaluation of this
agent. Furthermore, we observed higher sensitivity to the
chemotherapeutic agents clofarabine and fludarabine in more
monocyte-like states, indicating that especially this subset may
profit from these chemotherapeutics. Hence, our results indicate
that cellular differentiation is a targetable state in pedAML and
suggest that selective chemotherapy may improve outcome in
more differentiated leukemias and that targeted treatments
with BCL2 or HDAC inhibition may improve outcome in more
HSC-like leukemias. Collectively, our results implicate cellular
differentiation states as a driver of treatment response heteroge-
neity and identify cell state-specific vulnerabilities that may
enable personalized targeted treatments of poor responders.

Overall, our study underlines the feasibility and predictivity of
ex vivo functional profiling for pedAML and other malignancies.
The implementation of functional profiling in clinical practice
has been in continuous discussion, and recent technological
advances finally enable functional profiling in prospective set-
tings.?%**%%%” Our data demonstrate that functional profiling en-
ables risk prediction and the identification of targeted treatments
for molecularly defined subgroups at even earlier time points,
clearly showcasing the added value of functional profiling for pa-
tient stratification and response assessment. Looking forward,
we envision that systematic application of functional profiling
over the disease course will enable earlier identification of pa-
tients at risk and of promising drugs and has the potential to
improve treatment outcome for broader patient populations.

Limitations of the study
While our study highlights the potential of advanced drug sensi-
tivity profiling at diagnosis for patient stratification and risk
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prediction and reveals intriguing associations of drug response
and cellular differentiation state in pedAML, it does come with
limitations. Given the rarity of pedAML, our patient cohort—while
covering the broad spectrum of pedAML driving lesions —bears
limitations for identifying associations between genetic back-
ground and drug response due to insufficient statistical power.
Furthermore, our study is retrospective and does not provide
an independent validation cohort to fully validate our findings.
Prospective studies in larger cohorts are needed to demonstrate
the utility of functional profiling in the clinics. Studies like ours
bridge this gap by demonstrating the feasibility of functional
profiling for patient stratification and treatment prioritization.
Future efforts to implement functional profiling for personalized
treatment prioritization will require international collaboration.
Such efforts may further advance the substantial improvements
in outcome for patients with pedAML that large-scale interna-
tional trials achieved over the past decades.>>?" Despite these
limitations, our study provides substantial new data on the func-
tional and epigenetic landscape of pedAML and provides a tem-
plate for establishing advanced functional profiling for rare pedi-
atric malignancies.
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REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

CD117-PE BD Biosciences Cat# 555714; RRID:AB_396058
CD34-APC BD Biosciences Cat# 555714; RRID:AB_396058
CD3-FITC BD Biosciences Cat# 345763; RRID:AB_2811220
CD3-APC BD Biosciences Cat# 345767; RRID:AB_2833003
CD11a-APC BD Biosciences Cat# 550852; RRID:AB_398466
CD33-PE BioLegend Cat# 366608; RRID:AB_2566107
HLA-DR-FITC BioLegend Cat# 307604; RRID:AB_314682
CD13-PE EXBIO Praha Cat# 1P-396-T100; RRID:AB_10736238
Critical commercial assays

CellTiter-Glo Promega Cat# G7573

Qiagen AllPrep DNA/RNA mini kit Qiagen Cat# 80204

Twist Library Preparation EF Kit Twist Biosciences Cat# 104207

Tagment DNA TDE1 Enzyme and Buffer Kits lllumina Cat# 20034198

Deposited data

Healthy reference ATAC-seq data from Corces et al.
ATAC-seq data from this study

RNA-seq data from this study

Exome sequencing data from this study

Gene Expression Omnibus
Gene Expression Omnibus
Gene Expression Omnibus

European Genome
Phenome Archive

GEO: GSE74912

GEO: GSE282258

GEO: GSE282423

EGA: EGAD50000001572

Software and algorithms

Code repository for main analyses in this study
Code repository for image-based screening pipeline

Code repository for models to predict
cell types and cell viabilities

GitHub
GitHub
GitHub

DOI: https://doi.org/10.5281/zenodo.16368448
DOI: https://doi.org/10.5281/zenodo.16330001
DOI: https://doi.org/10.5281/zenodo.16330095

Other

SpectraMax i3 plate reader

Molecular Devices
Perkin Elmer

N/A
RRID:SCR_021100

Opera Phenix High Content Screening System

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Fresh-frozen samples of primary bone-marrow mononuclear cells (MNCs) were acquired from the biobank of the St. Anna Chil-
dren’s Hospital Vienna, Austria covering a total of 45 patients. All patients or their respective legal guardians gave written informed
consent prior to the study. Samples are standardized to contain 10 million MNCs per vial. Fresh samples for testing and optimization
of 5 additional patients aged 0-18 years were taken from leftover material that was obtained during routine diagnostic procedures.
Of these, one sample with the ID fAMLO1 was used for assessing correlations between Image-based viability assessment and
CellTiterGlo, two samples with the IDs fAML02 and fAMLO3 were additionally used for viability model training and two samples
with the IDs pAMLO1 and pAMLO2 were additionally used to train the cell type model. These samples were only used for the tech-
nical benchmarking in this study and thus not subjected to further characterization. All samples were acquired under the appro-
priate ethics approval by the independent ethics committee of the Medical University of Vienna (institutional review board vote
No.1500/2014). Patients were aged 0-18 years at the time of sample acquisition, selected in a gender- and sex-balanced fashion
(n = 20 female, n = 25 male) and are of European descent. More information on individual samples can be found in Table S2.

METHOD DETAILS
Drug treatment

Screening plates were acquired from the Molecular Discovery Platform of the Center for Molecular Medicine of the Austrian Academy
of Sciences (CeMM) and stored at —80°C until screening.

Cell Reports Medicine 6, 102304, September 16, 2025 el


https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE282258
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE282423
https://doi.org/10.5281/zenodo.16368448
https://doi.org/10.5281/zenodo.16330001
https://doi.org/10.5281/zenodo.16330095

Please cite this article in press as: Haladik et al., Image-based drug screening combined with molecular profiling identifies signatures and drivers of
therapy resistance in pediatric AML, Cell Reports Medicine (2025), https://doi.org/10.1016/j.xcrm.2025.102304

¢? CellPress Cell Reports Medicine

OPEN ACCESS

Every sample was screened on two screening plates spotted with a total of 115 compounds in 3 concentrations and duplicates. All
compounds were dissolved in DMSO. Additionally, each plate contains 32 control wells spotted with DMSO. Compounds were
spotted onto plates in a randomized layout. Plates were thawed in the dark for 3 h before screening.

Bone-marrow mononuclear cells (MNCs) were either thawed from frozen vials or isolated from fresh bone marrow via Ficoll
gradient separation. Subsequently, cells were resuspended in IMDM with 10% FCS and 1% Penicillin and Streptamycin and seeded
onto plates at a density of 9.000 cells per well and incubated at 37°C with 5% CO2 for 24 h.

Additional drug treatment for benchmarking of Pharmacoscopy and CellTiterGlo (Figure 1G) was performed using the compounds
described in the respective figure in quadruplicates at concentrations of 10 nM, 100 nM, 1 pM and 10 pM.

Staining and image acquisition

Treatment incubation was stopped by adding 15 pL of fixation-permeabilization buffer (PBS with 0.5% Formaldehyde, 0.1% X-114),
incubating for 15 min and subsequently washing three times with PBS. Then, 15 pL of PBS were added to all wells. Subsequently,
cells were stained with sample specific staining solution containing 10 mM solutions of DAPI and Hoechst in a concentration of
1:1500 each, leading to a total concentration of 1:750, and the appropriate antibody cocktail to among the following antibodies:
CD117-PE (BD Biosciences Cat# 555714, RRID:AB_396058), CD34-APC (BD Biosciences Cat# 345804, RRID:AB_2686894),
CD3-FITC (BD Biosciences Cat# 345763, RRID:AB_2811220), CD3-APC (BD Biosciences Cat# 345767, RRID:AB_2833003)
CD11a-APC (BD Biosciences Cat# 550852, RRID:AB_398466), CD33-PE (BioLegend Cat# 366608, RRID:AB_2566107), HLA-DR-
FITC (BioLegend Cat# 307604, RRID:AB_314682), CD13-PE (EXBIO Praha Cat# 1P-396-T100, RRID:AB_10736238). The antibodies
for CD3 and CD13 were added in a concentration of 1:150. CD11a was added in a concentration of 1:200. All other antibodies were
added in a concentration of 1:250. 15 pL of staining solution were added to each well. The first plate was incubated for 6 h at room
temperature and the second one overnight at 4°C until imaging with 4 h at RT before imaging for the second plate. Images were ac-
quired with a PerkinElmer Opera Phenix microscope at 20x resolution, leading to 25 images at a resolution of 1080x1080 pixels,
covering the full well for each well and each channel.

Viability staining was performed with Live-or-Dye fixable viability staining kit (Biotium, San Francisco, CA, USA) according to the
manufacturer’s recommendations. In brief, cells were washed 2x with PBS. Subsequently, 15 pL of viability dye solution at a con-
centration of 1:300 was added to each well. After 30 min of incubation away from light, cells were prepared for imaging as described
in before in this paragraph.

Image analysis

After image acquisition and export, images were analyzed with CellProfiler (v4.2.1, RRID:SCR_007358).°® We added custom mod-
ules for nuclear segmentation - described further below - and gamma correction with corresponding function from the scikit-image
library (v0.18.1). CellProfiler outputs were written to sqlite databases for further analyses. Subsequently, we performed quality control
by first excluding images that were likely to be improperly stained by excluding wells with average intensities at least 4 standard de-
viations away from the average well intensity for each imaged channel. Furthermore, we excluded artifacts and improperly
segmented cells by thresholding on morphological descriptors for intensity, texture and cell-shape. After this QC step, we applied
our AAE models for cell type and viability prediction as described in the following section. Our pipeline then enumerated all viable
cells for each marker and wrote them into a single table for further analysis. More details can be found in the code repository refer-
enced in the data and code availability section.

Nucleus segmentation and segmentation model training

We adapted a Mask-R-CNN implementation®®©° with pre-trained ImageNet weights for nucleus segmentation and compiled a
custom training dataset from 4 different sources’®"%, as well as a small selection of images that were annotated in-house. The
training dataset comprises a total of 1523 images and 43519 nuclei. We randomly split the dataset into 80% training images and
20% testing images, subsequently trained the model for 100 epochs and picked the weights from the epoch with the lowest com-
bined loss value on the testing dataset as our final model for further segmentation tasks.

Cell type prediction

To train a predictive model to classify cells by their marker expression profile, we generated an in-house dataset comprising of 16553
cellsimaged over 550 fields of view from 11 samples. Samples were selected to cover all cell surface markers that were stained across
the full cohort. We then randomly sampled 50 image patches with sizes of 500x500 pixels per plate and manually annotated cells as
positive or negative for the given markers using the VGG image annotator. Subsequently, we trained an adversarial autoencoder (AAE)
with hyperparameter optimization to derive a model that predicts marker positivity from image data. Our model receives two-channel
patches with a size of 32x32 pixels as input that contain the DAPI channel and the current channel of interest. Models were trained with
tensorflow (v2.11.0) and keras (v2.11.0). Model hyperparameter optimization was performed with keras-tuner (v1.1.0).

Viability prediction

We performed automated labeling of nuclei for semi-supervised viability learning based on morphology and viability dye intensity
jointly. Assuming that distinct cell-subpopulations have different protein contents, and will therefore have different viability dye
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intensities, we first performed UMAP dimensionality reduction of nuclei morphology features, followed by unsupervised clustering of
nuclei in the reduced feature space using HDBSCAN (v0.8.38.post2). Subsequently, we fit Gaussian mixture models comprised
of two independent Gaussian distributions on the viability dye intensities for each cluster. To finally derive high-confidence labels
of cell viability, we performed two additional filtering steps. First, we only assigned labels to cells that were at least 3 standard de-
viations away from the respective positive or negative distribution respectively. Then, we fit a K nearest neighbors (KNN) model on the
data using the distribution fits as labels, and only kept labels were distribution fits and KNN clusters agreed with each other. The
model was then trained on 1000 randomly sampled fields of view from 5 samples, yielding roughly 1.8 million cells with a labeling
rate of 29.5%.

Hyperparameter optimization for adversarial autoencoders

We performed hyperparameter optimization using keras-tuner (v1.1.0) with Bayesian optimization on patches of a size 32x32 pixels
for an adversarial autoencoder with a set of convolutional layers, followed by dense layers with 500 neurons and used the following
hyperparameter ranges: Number of dense layers: 2,3; z-dimensionality:25,100,500; Number of filters per convolutional layer: [16,
128, 16, 128, 16], [128, 16, 128, 16, 128], [128, 128, 64, 64, 16], [128, 128, 64, 64, 16, 16], [128, 64, 128, 16, 64, 16], [16, 16, 64,
64, 128], [16, 16, 64, 64, 128, 128], [16, 16, 128, 128, 128]; class learning rate: 0.0001, 0.00001; Optimizer: Adam, Nadam; Augmen-
tation: Flip only, flip and random brightness changes. We additionally set a dropout rate of 0.2. We subsequently selected the archi-
tecture with the lowest classification loss. The final architecture for cell type prediction had a z-dimensionality of 100, a learning rate of
10~ afilter size of 3, 3 dense layers, used the Nadam optimizer, had [16,128,16,128,16] filters and was trained with flipping only. The
final architecture for viability prediction had a z dimensionality of 25, a learning rate of 10~ a filter size of 5, 2 dense layers, used the
Adam optimizer, had [16, 16, 128, 128, 128] filters and was trained with flipping only.

Benchmarking of image-based screening and CellTiterGlo data

Cells were incubated in compound concentrations ranging from 10 nM to 10 uM in quadruplicates for 24 h in different densities
ranging from 9000 cells per well to 2250 cells per well. Treatment was performed in two 384 well plates per experiment. After the
incubation period, CellTiterGlo (Promega) was performed according to the manufacturer’s protocol. Fluorescent viability readouts
were measured on a plate-reader (SpectraMax i3, Molecular Probes). Image-based screening was performed in parallel as described
above.

Processing of dose response values and compound activity scoring

Dose response values were first filtered for outliers by filtering wells with total cell numbers that were more than 4 standard deviations
higher than the average number in the DMSO control. Subsequently, we filtered out outlier replicate values, by filtering out values that
were 50% above the average value for the previous concentration point. We additionally filtered out concentrations with more than a
50% difference between replicates.

We scored compound activity using an approximate area under the curve (AUC) metric. First, we used linear interpolation to map all
dose response values to the same concentration range. Then, we calculated relative blast fractions (RBFs) for each treated condition
as described previously,?®?” by dividing the viable blast fraction in treated wells by the mean viable blast fraction in negative control
wells. Subsequently we calculated the approximate AUC by integrating over the average RBFs per concentration point and calcu-
lated the final RBF-AUC inhibition score as 1 - AUC, such that higher values indicate stronger inhibitions. We fit dose-response curves
as shown in Figure 3 using a 3-parameter dose response model and normalized absolute blast fractions to the average of the negative
DMSO control. RBF-AUC values were scaled by subtracting the mean and dividing by the standard deviation for cohort-level depic-
tions such as Figures 4, 5, and 6. Absolute response values - denoted as Blast AUC as shown in Figure S4B - were calculated anal-
ogously, but instead of dividing the viable fraction of blasts in treated wells by the mean viable blast fraction in negative control wells,
we divided the absolute number of viable blasts in treated wells, by the mean absolute number of viable blasts in negative control
wells, thus ignoring non-malignant populations.

Drug-drug correlation analysis

To derive the most robust drug-drug pairs for subsequent correlation analysis, we first filtered for drugs with at least approximately
50% inhibition in at least 3 samples, by only keeping drugs with a Blast AUC value of 0.25 or higher in at least 3 samples. This analysis
led to 58 of 115 drugs or combinations being kept. We quantified strength of correlation with Spearman correlation coefficients for
each drug pair. For the analysis of correlation by drug-class, we manually annotated drugs to their respective classes (Table S2) and
subsequently kept all pairs of classes where all drug-pairs between the two classes have either positive or negative Spearman Cor-
relation coefficients.

Immunophenotyping for identification of markers for leukemic blasts

Immunophenotyping has been performed at diagnosis on erythrocyte-lysed whole bone marrow (BM) samples using multiparameter
flow cytometry (MFC). As in our previous work, we used a 10-color format cocktail across two tubes®*: Tube 1 included HLA-DR,
CD45, CD15, CD34, CD117, CD33, CD14, and CD11b, while Tube 2 contained HLA-DR, CD45, CD38, CD371, CD34, CD117,

Cell Reports Medicine 6, 102304, September 16, 2025 €3




Please cite this article in press as: Haladik et al., Image-based drug screening combined with molecular profiling identifies signatures and drivers of
therapy resistance in pediatric AML, Cell Reports Medicine (2025), https://doi.org/10.1016/j.xcrm.2025.102304

¢? CellPress Cell Reports Medicine

OPEN ACCESS

CD33, CD99, CD123, and CD45RA. Patient-specific LAIP antigens, such as lymphoid markers (e.g., CD2, CD4, CD7, CD19, CD56) or
other aberrant markers (e.g., CD11a, CD13, CD71, CD99, NG2), were included as “drop-ins” only in tube 1.

FACS staining for cell sorting

Cells were washed using PBS with 2% FBS. After spinning down at 400g for 8 min at either room temperature or 4°C, the supernatant
was removed, and the cells were resuspended in 300 pL of PBS/2% FBS. Of this suspension, 250 pL was transferred to a filter-cap
FACS tube (Ref. nr. 352235). Patient-specific markers for leukemic blasts together with CD3, CD19 and CD45 were used to sort
normal CD3 T cells or CD19 B cells and leukemic blasts. Following a brief vortex and 15-min incubation at room temperature in
the dark, the cells were washed once, and the supernatant was removed. The cells were resuspended in PBS/2% FBS/25 mM
HEPES and sorted using a FACS Aria (BD Biosciences) cell sorter.

Cell number and cell viability assessment via flow cytometry

For determining absolute cell numbers and viability we used Trucount tubes (BD Biosciences) in conjunction with 7-AAD and CD45
staining as well as with antibodies for identification of leukemic blasts (as identified with immunophenotyping, i.e., CD117, CD34 or
CD33) as well as normal T cells (CD3). Measurements were conducted on a FACS Symphony (BD Biosciences) analyzer.

Transcriptome, exome and accessible chromatin sequencing

RNA and DNA from FACS isolated blasts and DNA healthy lymphoid cells were isolated using the Qiagen AllPrep DNA/RNA mini kit
(Cat. No 80204) according to the manufacturer’s protocol. Amplification of cDNA was performed using the SmartSeq?2 protocol. Li-
brary construction was performed using the Twist Library Preparation EF Kit (Twist Biosciences). DNA for ATAC-seq was isolated
from 50.000 sorted blasts using the Tagment DNA TDE1 Enzyme and Buffer Kits (lllumina, CA, USA) RNA from isolated blasts.

mRNA sequencing data analysis

We merged the unaligned.bam files using Picard v3.0.0 (RRID:SCR_006525) and extracted UMI sequences for each read from "BC"
tags (which contained sample index reads and UMIs) into "RX" tags using a custom Python script. We converted the unaligned.bam
files to.fastq format using Picard v3.0.0, filtered according to quality and length with fastp v0.23.3, and aligned to the GRCh38
genome reference (Ensembl v102) with STAR v2.7.10. We then sorted the aligned reads using Picard v3.0.0, and transferred the
RX tags containing the UMI sequences from the unaligned to the aligned.bam files using GATK v4.4.0. We added read mate infor-
mation, grouped reads by UMIs, and called molecular consensus sequences using fgbio v2.1.0, then converted the resulting.bam
files to.fastq format using SAMtools v1.17 (RRID:SCR_002105) and subsequently quantified read counts using Salmon v1.9.0 in
mapping based mode against a salmon index built from the GRCh38 transcriptome.

ATAC-seq analysis

ATAC-seq data was analyzed as described in Casteels et al.®®"* In brief, sequence adapter trimming and initial filtering were per-
formed with fastp v0.20.1 and alignments to the GRCh38 human reference genome were performed using bowtie2 v2.4.4 with
the —very-sensitive parameter. PCR duplicates were marked using Samblaster v0.1.24. Sorting, filtering of ENCODE blacklisted re-
gions and subsequent indexing was performed using samtools v1.12 and peaks were called using MACS2 v2.2.7.1. Only samples
with at least 40% of mapped reads, a duplication rate below 50% as detected via Samblaster and fractions of reads in peaks as de-
tected by MACS2 of more than 10% were considered for futher downstream analysis. Identified peak summits were then merged to
generate a consensus region set. This analysis was performed for the dataset from this study and the healthy reference dataset from
Corces et al.* independently, and reads from this study were subsequently quantified for the consensus regions derived from the
healthy reference. Subsequent unsupervised analyses were performed on CQN normalized read counts using the CQN package and
trimmed mean of M normalized library sizes as provided by the edgeR package. Batch correction was performed using reCombat.

WES analysis

Raw sequencing reads were processed using the nf-core sarek WES pipeline version 2.7.2. Variant calling was conducted in a tumor-
normal matched mode, utilizing CD3 or CD19 FACS-sorted cells as the matched normal samples. Three variant callers - Mutect2”®,
Strelka’®, and Manta’” - were employed for comprehensive variant identification. The resulting VCF files from Mutect2 and Strelka
(following the best practices workflow) were normalized using bcftools norm (bcftools v1.9) and subsequently annotated with the
Ensembl Variant Effect Predictor (VEP) (VEP v99.2). A coordinate-based filtering was conducted using the start and end coordinates
of genes listed in an in-house AML gene panel.

Predictions of healthy cell types and clinical variables

Predictive models for mapping to healthy references and for clinical variables were implemented using the scikit-learn (v1.3.2).
Random Forest models for clinical variable prediction were initialized with balanced class weights, without bootstrapping and
with 101 estimators. Support vector machines for healthy cell type prediction were initialized with radial-basis function kernels
and balanced class weights on the 1000 most variable consensus regions.
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QUANTIFICATION AND STATISTICAL ANALYSIS

All statistical tests of were performed using scipy (v1.13.0) in Python (v3.11.6). Significance of differences between quantitative mea-

surements was assessed using the Mann-Whitney-U test unless otherwise indicated. Multiple testing correction was performed us-

ing Bonferroni correction unless otherwise indicated.

ADDITIONAL RESOURCES

Risk stratification for samples in this study was performed according to the criteria established by the AIEOP-BFM-AML consortium:
EUCT: 2022-500783-35-00.
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Figure S1: Pharmacoscopy technical benchmarkings. Related to Figure 1

A Confusion matrix for marker-positivity across all cells in the testing dataset for the celltype model. B Bargraph of F1 scores per
surface antigen in the testing dataset. The bottom number indicates the number of cells C Left: Correlation between CTG
inhibition scores and Pharmacoscopy inhibition scores for 6 drugs and 9 samples for a cell-density of 2.250 cells per well. Right:
same as left, but with 4.500 cells per well. D Correlation between replicates across readouts for the AUC score on all cells (left),
target cells only (middle) and the RBF-AUC score (right).



Figure S2

Classification in this study Classification according to Umeda et al.
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Figure S2: Molecular re-classification of our cohort. Related to Figure 2

Sankey chart indicating matchings between the classification in this study for the n=45 samples in our cohort and the classification
in Umeda et al.



Figure S3
AML37 - KMT2A::MLLT1

A B C Venetoclax+Quizartinib
- 2 084
—J Venetoclax+dasanutlin - 2
v 2 0.6
-g Mitoxantrone - 5 041 L] o
3
o Clofarabine - 0.2 -] °
Q.
g Glertni - o ouM  00luM  01uM  10uM
u .01 ul Lu ou
v Concentration
e Venetoclax
<y Idarubicin hydrochloride
K RBF-AUC 124 [ e e
[ D3AZ -
1.04
\g ! 04 z
~ Venetoclax+Dasatinio g 0.84
s
D 0z Bexarotens I 2061
= ]
o T 0.4 °
80% 00 Thictepa I = 0o o °
g I 0z Pralatrexate I 004
Lt 60% A “ 0uM 0.01uM 0.1uM
E 5 Thioguanine Concentration
c
e g Ibrutinio I Venetoclax+Idasanutlin
= oz 4 [ e e -1y
o 40% g’ Carfilzomio I 124 7
c
= 1.04
ES 8 Busulfan I %' o8
- - s V.01
§ 20% 1 g‘ 8 Volasertio I ;: 0.64
= = °
é = Vandetanib l S 0.4 .
<) F— 0.2 ° ° °
S -
N 00
-0.20.00.2040.6 0umM 0.01uM 0.1uM 1.0uM
02 00 02 04 06
RBF-AUC score Concentration
RBF-AUC score
—
—— Icellsy | . Idelalisib
- 4
" — T ——
° = TAK-733 . 12 =
3 1.0 -] (-]
0 Quizartinib 4 . % P T
[eN 508
g Cobimetinib 4 . % 0.6 ° °
v] B
4&'- Molioresib (I-BET762) 4 . 204
0.2
g Lestaurtinib 4 l 0.0
e .
5 R— l ouM 0.01uM  0.1uM 1.0uM
Concentration
n
[Te) RBF-AUC Melphalan 4 l TAK-733
[ ———ry
H BE o Nintedarib 4 l 12 — s
10
5-Azacylidine 4 l £
0.00 208
80% WoA 1 l ; 0.6
025 B
= I vismodegib o . g 04
] 0.2
5 60%1 050 Trametiib 1 . oo
€ ) -
2 40% 1 2
8_ Veliparib Quizartinib
£ E m— Wedion responders n=10)
& o Telaglenastat (CB-839) 4 . 1.2 [—ry
k7] v} 10 °
wn 0/
3 20% ~ | z > °
m Sos8
[®)] [ ]
‘,G 1§ Doxorubicin . ; 0.6 o
= — 2
o — 2
0% o N N % — Cytarabine+Daunorubicin - - 204
BN
5 & & s —
o > S 00
< & & 04 02 00 02 Tt GuM  00luM  O1uM  10uM
RBF-AUC score RBFAUC score Concentration

Figure S3: Case vignettes illustrating our drug sensitivity profiling reporting format. Related to Figure 3

A Bone marrow smear of sample AML37 (good responder). The patient had a monoblastic M5a phenotype and a

KMT2A::MLLTI fusion. B Left: Bar chart of RBF-AUC scores for all tested compounds. Right: Bar chart of RBF-AUC scores for
the 10 compounds with the highest and lowest RBF-AUC scores respectively and the induction regimen drugs Idarubicin and
Mitoxantrone among the top 10 compounds. C Dose response curves for the patient (red) and 10 patients with RBF-AUC scores
closest to the median score for the respective drug. Lines indicate the fit of the dose response curve. Dots indicate blast viability
relative to the average of the DMSO control for each replicate after QC. The shaded grey area indicates the standard deviation
around the curve fit for the 10 median responders. D Barplots of blast percentages at diagnosis and at MRD time points after
induction 1 and 2 as determined by flow-cytometry (FCM) indicating complete response after the first induction cycle. E Bone
marrow smear of sample AMLS57 (poor responder). The patient had an M2 phenotype, trisomy and mutations in NRAS, WT1, and
FLT3 F Barplots of RBF-AUC scores analogous with induction compounds Daunorubicin, Doxorubicin and the combination of



Cytarabine and Daunorubicin among the lowest scoring drugs analogous to B. G Dose response curves for top 3 drugs analogous
to C. H Barplots of blast percentages at diagnosis and at MRD time points analogous to D indicating highly resistant disease.



Figure S4: Clustering analysis of chemosensitivities
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Figure S4: Clustering analysis of chemosensitivities. Related to Figure 3

A Silhouette coefficients of drug sensitivities per sample based on sample classification by cytogenetic group (n=45), FAB
classification (n=45), risk group (n=45), and MRD status (n=32) respectively. P-values calculated with Mann-Whitney-U test.
Dots indicate individual samples. Boxes represent quartiles. Whiskers extend to points that are within 1.5 interquartile ranges. B
Correlations of RBF-AUC scores for selected chemotherapeutics for the n=45 samples profiled in this study. Individual dots
indicate the scaled RBF-AUC score for individual samples and the respective compounds. Lines indicate a linear model fit.
Shaded areas around lines indicate the 95% confidence interval. C Variation per compound for the 25 most variable compounds.
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Figure S5: Correlation of Venetoclax and selected chemotherapeutic agents. Related to Figure 3

A Scatterplots and Spearman correlations between Venetoclax on the horizontal axes and selected chemotherapy compounds on
the vertical axes for n=45 samples in the cohort. Individual dots indicate the scaled RBF-AUC score for individual samples and



the respective compounds. Lines indicate a linear model fit. Shaded areas around lines indicate the 95% confidence interval. B
Same as A, but dots indicate the absolute AUC score that only reflects responses of the blast population (Methods).



Figure S6
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Figure S6: Mapping pedAML samples to their most similar healthy cell-types. Related to Figure S

A Performance of the support vector classifier. Left: F1 scores per run and celltype in 5-fold cross-validation. Dots indicate F1
scores per run. Bar heights indicate mean F1 scores over all folds. Error bars indicate 95% confidence intervals. Right: Averaged
confusion matrix over all runs. B Numbers of predicted healthy cell-types for samples in the ExTrAct-cohort. C Clustered
heatmap of Spearman correlations for predicted probabilities of healthy cell-types and chromV AR deviation scores of key
hematopoietic transcription factors D Spearman rank correlation for chromVAR scores for TF motifs from Supplementary Figure
S4B and normalized expression levels of key hematopoietic transcription factors



Figure S7

A HSC TF network B CMP TF network C MEP TF network

D erythroblast TF network

G IpMPP TF network

Figure S7: Transcription factor activity networks for predicted cell states. Related to Figure 5

Networks represent the largest connected component correlating TF-activities that are significantly associated with the respective
cell states for the n=38 samples with ATAC-seq data after QC. Node sizes are proportional to correlation between TF activity and



cell state probability. Edges represent Spearman correlations of at least 0.8 between individual TF activities (STAR methods).
Edge widths and colors are proportional to correlation value. A HSC TF network. B CMP TF network. C MEP TF network. D
erythroblast TF network. E GMP TF network. F monocyte TF network. G JpMPP TF network.



Figure S8
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Figure S8: Validation analysis of cell type differentiation states. Related to Figure 5

A-D CIBERSORT scores from Umeda et al (x-axis) plotted against probabilities for cell differentiation states from this study (y-
axis). Dots indicate median values per genetic subtype for KMT2Ar (n=6 this study; n=236 Umeda et al.), DEK::NUP214 (n=2
this study, n=17 Umeda et al.), CBFB::MYH11 (n=6 this study, n=102 Umeda et al.), CEBPA (n=2 this study, n=63 Umeda et al.),
NUP98r (n=5 this study, n=77 Umeda et al.), MECOM (n=1 this study, n=11 Umeda et al.), RUNXI::RUNXITI (n=1 this study,
n=141 Umeda et al.), GLISt (n=1 this study, n=20 Umeda et al.), UBTF (n=2 this study, n=45 Umeda et al.), MNXI (n=1 this
study, n=4 Umeda et al.) Black lines indicate linear model fit regression line. A Averaged LSPC CIBERSORT score and HSC
probability B GMP-like CIBERSORT score and GMP probability C Mono-like CIBERSORT score and monocyte probability D
Pro-Mono like CIBERSORT score and monocyte probability. E-G Dots and lines as in A-D. E HSC probability plotted against
monocyte probability F averaged LSPC CIBERSORT score and Mono-like CIBERSORT score G averaged LSPC CIBERSORT
score and Pro-Mono-like CIBERSORT score H Violin plot of Pro-Mono HSC score by AIEOP-BFM risk group I Violin plot of
Pro-Mono HSC score by MRD status after induction 1. Widths are proportional to the number of samples within the
corresponding value interval. Dashed lines in H and I separate the quartiles of the data.



Figure S9
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Figure S9: Associations of drug response and cellular differentiation states. Related to Figure 5

A Comparative analysis of Venetoclax response by RAS-mutation status and differentiation status for monocytic samples with
mutated RAS (n=4), one monocytic sample with wild type RAS (n=1), one GMP-like sample with mutated RAS (n=1), GMP-like
samples with wild type RAS (n=8) and samples that are neither GMP-like nor monocytic and have been termed Other (n=23). P-
values were calculated using the Mann-Whitney-U Test. Dots indicate RBF-AUC values for individual samples. Boxes represent
quartiles. Whiskers extend to points that are within 1.5 interquartile ranges. B Heatmap of scaled averaged RBF-AUC values for
predicted differentiation states.



Supplementary Tables

Supplementary Table 1: Compound library overview. Related to Figure 1.

Compound Compound MoA Compound class ConcPoint1 ConcPoint2 ConcPoint3
(micromolar) (micromolar) (micromolar)
Adenosine deaminase
Pentostatin inhibitor Chemotherapeutic 1 0.1 0.01
Thiotepa Alkylating agent Chemotherapeutic 1 0.1 0.01
Palifosfamide Alkylating agent Chemotherapeutic 1 0.1 0.01
Busulfan Alkylating agent Chemotherapeutic 1 0.1 0.01
Melphalan Alkylating agent Chemotherapeutic 1 0.1 0.01
Aminopterin Antimetabolite, Antifolate Chemotherapeutic 1 0.1 0.01
Pralatrexate Antimetabolite, Antifolate Chemotherapeutic 0.7 0.07 0.007
Methotrexate Antimetabolite, Antifolate Chemotherapeutic 1 0.1 0.01
Antimetabolite, DNA
Doxorubicin intercalater Chemotherapeutic 1 0.1 0.01
Antimetabolite, DNA
Idarubicin hydrochloride intercalater Chemotherapeutic 1 0.1 0.01
Antimetabolite, DNA
Daunorubicin intercalater Chemotherapeutic 1 0.1 0.01
Antimetabolite, DNA
intercalater, Topoisomerase 2
Mitoxantrone inhibitor Chemotherapeutic 1 0.1 0.01
Antimetabolite, DNA
intercalater, Topoisomerase 2
Pixantrone inhibitor Chemotherapeutic 1 0.1 0.01
Antimetabolite, DNA
Etoposide synthesis inhibitor Chemotherapeutic 2 0.2 0.02
Antimetabolite, DNA
sythesis inhibitor, other
Hydroxyurea effects Chemotherapeutic 1 0.1 0.01
Antimetabolite, DNA-
Amsacrine intercalater Chemotherapeutic 1 0.1 0.01
Thioguanine Antimetabolite, Purines Chemotherapeutic 1 0.1 0.01
6-Mercaptopurine Antimetabolite, Purines Chemotherapeutic 0.1 0.01 0.001
Clofarabine Antimetabolite, Purines Chemotherapeutic 1 0.1 0.01
Fludarabine Antimetabolite, Purines Chemotherapeutic 1 0.1 0.01
5-Fluorouracil Antimetabolite, Pyrimidines Chemotherapeutic 1 0.1 0.01
Cytarabine Antimetabolite, Pyrimidines Chemotherapeutic 1 0.1 0.01
Elacytarabine Antimetabolite, Pyrimidines Chemotherapeutic 1 0.1 0.01
Capecitabine Antimetabolite, Pyrimidines Chemotherapeutic 1 0.1 0.01
Antimetabolite, Pyrimidines,
5-Azacytidine Hypomethylating agent Chemotherapeutic 3 0.3 0.03
Antimetabolite,
Irinotecan Topoisomerase 1 inhibitor Chemotherapeutic 1 0.1 0.01
Cell death signaling (+/-
Venetoclax BCL2-inhibitor Kinase inhibitor) 1 0.1 0.01
Molibresib (I-BET762) BET inhibitor Epigenetic 1 0.1 0.01
JQI-(+) BET inhibitor Epigenetic 0.96 0.096 0.0096
Mivebresib BET inhibitor Epigenetic 1 0.1 0.01
Cell death signaling (+/-
Venetoclax+Dasatinib Combination Kinase inhibitor) 0.5+0.5 0.05+0.05 0.005+0.005
Cell death signaling (+/-
Venetoclax+Ruxolitinib Combination Kinase inhibitor) 0.5+0.5 0.05+0.05 0.005+0.005
Cell death signaling (+/-
Venetoclax+Idasanutlin Combination Kinase inhibitor) 0.5+0.5 0.05+0.05 0.005+0.005
Cell death signaling (+/-
Venetoclax+Dinaciclib Combination Kinase inhibitor) 0.5+0.5 0.05+0.05 0.005+0.005
Cell death signaling (+/-
Venetoclax+Trametinib Combination Kinase inhibitor) 0.5+0.5 0.05+0.05 0.005+0.005




Cell death signaling (+/-

Venetoclax+Quizartinib Combination Kinase inhibitor) 0.5+0.5 0.05+0.05 0.005+0.005
Cytarabine+Daunorubicin Combination, Antimetabolite | Chemotherapeutic 0.5+0.5 0.05+0.05 0.005+0.005
Cytarabine+Etopside Combination, Antimetabolite | Chemotherapeutic 0.5+0.5 0.05+0.05 0.005+0.005
Cytarabine+Mitoxantrone Combination, Antimetabolite | Chemotherapeutic 0.5+0.5 0.05+0.05 0.005+0.005
Pinemetostat (EPZ-5676) Epigenetic drug Epigenetic 1 0.1 0.01
Epigenetic drug, HDAC
Romidepsin inhibitor Epigenetic 2 0.2 0.02
Epigenetic drug, HDAC
Belinostat inhibitor Epigenetic 1 0.1 0.01
Epigenetic drug, HDAC
Panobinostat inhibitor Epigenetic 5 0.5 0.05
Epigenetic drug, Histone
ORY1001 demethylase inhibitor Epigenetic 1 0.1 0.01
Epigenetic drug, Histone
Tazemetostat (EPZ-6438) methyltransferase inhibitor Epigenetic 1 0.1 0.01
Epigenetic drug,
Guadecitabine hypomethylating agent Epigenetic 1 0.1 0.01
Epigenetic drug,
Decitabine hypomethylating agent Epigenetic 1 0.1 0.01
Epigenetic drug,
GSK126 Methyltransferase inhibitor Epigenetic 1 0.1 0.01
Prednisolone glucocorticoid Other 1 0.1 0.01
Vismodegib Hedgehog pathway inhibitor Kinase inhibitor 2 0.2 0.02
Glasdegib Hedgehog pathway inhibitor Kinase inhibitor 1 0.1 0.01
Ivosidenib IDH inhibitor Metabolic drug 1 0.1 0.01
Enasedinib IDH inhibitor Metabolic drug 1 0.1 0.01
Ceritinib Kinase inhibitor, ALK Kinase inhibitor 1 0.1 0.01
Crizotinib Kinase inhibitor, ALK Kinase inhibitor 2 0.2 0.02
Alisertib Kinase inhibitor, Aurora Kinase inhibitor 1 0.1 0.01
Bafetinib Kinase inhibitor, BCR-ABL Kinase inhibitor 1 0.1 0.01
Imatinib Kinase inhibitor, BCR-ABL Kinase inhibitor 1 0.1 0.01
AP24534 Ponatinib Kinase inhibitor, BCR-ABL Kinase inhibitor 1 0.1 0.01
Dasatinib Kinase inhibitor, BCR-ABL Kinase inhibitor 1 0.1 0.01
Nilotinib Kinase inhibitor, BCR-ABL Kinase inhibitor 2 0.2 0.02
Bosutinib Kinase inhibitor, BCR-ABL Kinase inhibitor 1 0.1 0.01
Vemurafenib Kinase inhibitor, BRAF Kinase inhibitor 2 0.2 0.02
Dabrafenib Kinase inhibitor, BRAF Kinase inhibitor 1 0.1 0.01
Ibrutinib Kinase inhibitor, BTK Kinase inhibitor 1 0.1 0.01
Dinaciclib Kinase inhibitor, CDK Kinase inhibitor 1 0.1 0.01
Palbociclib Kinase inhibitor, CDK Kinase inhibitor 1 0.1 0.01
Abemaciclib Kinase inhibitor, CDK Kinase inhibitor 1 0.1 0.01
Neratinib Kinase inhibitor, EGFR RTK inhibitor 1 0.1 0.01
Erlotinib Kinase inhibitor, EGFR RTK inhibitor 2 0.2 0.02
Gefitinib Kinase inhibitor, EGFR RTK inhibitor 1 0.1 0.01
Gilteritinib Kinase inhibitor, FLT3 RTK inhibitor 0.1 0.01 0.001
Quizartinib Kinase inhibitor, FLT3 RTK inhibitor 1 0.1 0.01
Crenolanib Kinase inhibitor, FLT3 RTK inhibitor 1 0.1 0.01
Lestaurtinib Kinase inhibitor, FLT3 RTK inhibitor 1 0.1 0.01
Ruxolitinib Kinase inhibitor, JAK Kinase inhibitor 1 0.1 0.01
Tofacitinib Kinase inhibitor, JAK Kinase inhibitor 1 0.1 0.01
Pacritinib Kinase inhibitor, JAK Kinase inhibitor 1 0.1 0.01
Trametinib Kinase inhibitor, MEK Kinase inhibitor 1 0.1 0.01
Cobimetinib Kinase inhibitor, MEK Kinase inhibitor 1 0.1 0.01




TAK-733 Kinase inhibitor, MEK Kinase inhibitor 1 0.1 0.01
Idelalisib Kinase inhibitor, PI3K Kinase inhibitor 1 0.1 0.01
Duvelisib (IPI-145) Kinase inhibitor, PI3K Kinase inhibitor 1 0.1 0.01
Volasertib Kinase inhibitor, Plk Kinase inhibitor 1 0.1 0.01
Sunitinib Kinase inhibitor, RTK RTK inhibitor 1 0.1 0.01
Nintedanib Kinase inhibitor, RTK RTK inhibitor 1 0.1 0.01
Cabozantinib Kinase inhibitor, unspecific RTK inhibitor 2 0.2 0.02
Regorafenib Kinase inhibitor, unspecific Kinase inhibitor 2 0.2 0.02
PKC-412(Midostaurin) Kinase inhibitor, unspecific RTK inhibitor 1 0.1 0.01
Sorafenib Kinase inhibitor, unspecific Kinase inhibitor 1 0.1 0.01
Vandetanib Kinase inhibitor, VEGFR RTK inhibitor 2 0.2 0.02
Semaxanib Kinase inhibitor, VEGFR RTK inhibitor 1 0.1 0.01
Pazopanib Kinase inhibitor, VEGFR RTK inhibitor 0.443 0.0443 0.00443
Cediranib Kinase inhibitor, VEGFR RTK inhibitor 1 0.1 0.01
Cell death signaling (+/-
Idasanutlin MDM2 inhibitor Kinase inhibitor) 1 0.1 0.01
Temsirolimus mTOR inhibitor Metabolic drug 1 0.1 0.01
Everolimus mTOR inhibitor Metabolic drug 1 0.1 0.01
Rapamycin mTOR inhibitor Metabolic drug 1 0.1 0.01
MLNO0128 mTOR inhibitor Metabolic drug 1 0.1 0.01
MLN2480 mTOR inhibitor Metabolic drug 1 0.1 0.01
Pevonedistat (MLN4924) NEDD inhibitor Metabolic drug 1 0.1 0.01
Veliparib PARP inhibitor Epigenetic 1 0.1 0.01
Olaparib PARP inhibitor Epigenetic 1 0.1 0.01
Carfilzomib Proteasome inihibitor Metabolic drug 0.000117 0.0000117 0.00000117
Ixazomib Proteasome inihibitor Metabolic drug 1 0.1 0.01
Bortezomib Proteasome inihibitor Metabolic drug 1 0.1 0.01
Bexarotene Retinoid Other 2 0.2 0.02
Alitretinoin Retinoid receptor activator Other 2 0.2 0.02
SLC9AL1 degradation
CC885 toxicitiy control Other 1 0.1 0.01
D9A2 SLC9AI1 degrader Metabolic drug 1 0.1 0.01
W9A SLC9AL inhibitor Metabolic drug 1 0.1 0.01
Rosuvastatin Statin Metabolic drug 1 0.1 0.01
Lovastatin Statin Metabolic drug 1 0.1 0.01
TCA cycle inhibitor, targets
Telaglenastat (CB-839) Glutaminase Metabolic drug 1 0.1 0.01
TCA cycle inhibitor, targets
Devimistat Pyruvate Dehydrogenase Metabolic drug 1 0.1 0.01




Supplementary Table 2: Extended patient information. Related to Figure 2.

Extended information on patient samples in the cohort. (WES) next do detected mutations in the Additional alterations column indicates that the alterations have been
identified via whole-exome sequencing. Abbreviations are the following: NK: Normal Karyotype; WES: Whole exome sequencing; ND: not detected/not assessed; Dx:
Diagnosis; SCT: stem cell transplantation; FUP: follow up; MRD: Measurable residual disease; SR: Standard risk; IR: Intermediate risk; HR: High risk; pos: positive; neg:
negative

Sex Age at FCM
Dx -
(years) MR RISK Umeda
D MR BFM Time Time 2024
(d21 PCR D PCR MRD Risk 2019 to to Time Time category
Sample Additional or MRD vote | FCM-MRD MRD vote BFM post death | relapse | to SCT | to FUP | Treatment
1D FAB Cytogenetics alterations d28) d28 Ind1 ds6 ds6 Ind2 2019 Ind1 (days) (days) (days) (days) | protocol
AML-
7.50 BFM 04 UBTF
AML74 male 17,8 M4 NK FLT3-ITD % ND pos ambiguous nd neg IR HR 745 303 | no SCT 745 mod
AML-
FLT3-ITD 0.53 no BFM NPMI
AML20 female 3.8 M1 NK NPM1 % ND pos ambiguous nd neg IR HR alive relapse | no SCT 603 2012
AML- CBFB-
BFM GDXY
AMLS2 female 16,5 Ml NK neg ND neg neg neg neg IR IR alive 798 | no SCT 1358 2013
AML- .
o BFM unclassifi
AML64 male 5,7 Ml NK neg ND neg neg nd neg IR IR alive relapse | no SCT 1868 2004 ed
no AMLO4 BCR-
AML31 male 11,8 M7 BCR::ABLI ND ND ND nd nd ND HR HR | alive | relapse 139 | 2230 | Interim ABLI
AMLO4 | MNXI
AMLI3 female 7.4 MO ETV6::MNX1 ND ND ND nd nd ND HR HR 668 480 100 668 Interim
AML-
<0,01 no BFM KMT2Ar
AML37 male 1,4 M5a KMT2A::MLLTI neg % neg neg neg neg IR IR alive relapse | no SCT 1091 2012
AML- 1 NUPOs:
10.6 BFM AMKL
AMLO06 male 1.4 M7 NUP98::KDMSA 0% 2% pos 0.104% 0.09% pos HR HR 254 154 | no SCT 254 2012
AML-
M2/MDS NRAS, no BFM UBTF
AMLS7 male 18,3 ! trisomy 8 WTI 20% ND pos 70% nd pos IR HR alive relapse 67 246 2004
AML- .
o BFM uncletjsmﬁ
AMLS84 female 1,4 M7 complex neg ND neg neg nd neg HR HR alive relapse | no SCT 607 2012 ¢
FLT3-ITD, AML-
DNMT3A, | 0.09 <0,01 BFM KMT2Ar
AMLI13 male 17,7 M2 KMT2A::MLLTI RAD21 % 0.70% pos neg % neg IR HR alive 326 625 938 2012
AML- DEK-
3.10 no BFM NUP214
AML39 female 0,1 M4 DEK::NUP214 FLT3-ITD % ND pos 2.20% nd pos HR HR alive relapse 134 322 2012
AML- NUP98r
0.38 no BFM AMKL
AML44 female 12,8 M7 NUP98::KDM5SA KIT % ND pos neg nd neg HR HR alive relapse | no SCT 911 2012




AML-

CBFB-
ne BEM MYHI1
AML66 female 8,9 M4Eo CBFB:MYHI11 neg ND neg neg nd neg SR SR alive relapse | no SCT 1207 2012
ambi AML- CBFB-
guou no BFM MYHI1
AMLA47 male 17,4 M4Eo CBFB::MYHI11 NRAS, KIT s ND neg ambiguous nd neg SR SR alive relapse | no SCT 237 2012
AML-
no BFM CEBPA
AMLSS male 4,4 M2 NK CEBPAdm neg nd neg neg nd neg SR SR alive relapse | no SCT 555 2012
ambi
FLT3-ITD, | guou AML- NUP98r
AMLG63 male 4,6 M5a NUP98::NSD1 GATA2 s ND neg ambiguous nd neg HR HR alive 973 973 1635 BFM 04
AML- DEK-
no BEM 1 NuUp214
AMLG62 female 14,2 M4 DEK::NUP214 FLT3-ITD nd ND ND neg nd neg HR HR alive relapse 134 1362 2004
0.10 no AML04 | CBFB-
AMLS59 male 7,6 M4Eo CBFB:MYHI11 % ND pos neg nd neg SR IR alive relapse | no SCT 2313 Interim MYHI1
1.50 no AML- unclassifi
AML77 male 8,5 M4 trisomy 8 GATA2 % ND pos 0.36% nd pos IR HR 66 | relapse 63 66 | BFM 04 ed
1o AMLO4 | CBFB-
AML26 | female 6,1 M4Eo CBFB:MYHI1 ND ND ND nd nd ND SR SR alive | relapse | no SCT 2457 | Interim | MYHII
AML- .
o BFM unclassifi
AMLSS male 5,1 M5 monosomy 7 NRAS neg ND neg neg nd neg HR HR alive relapse 32 2190 2004 ed
inv(3)(q21q26) AML- | MECcOM
AMLI5 male 15,4 M4 RPN1/MECOM ND ND ND 38% nd pos HR HR 319 190 93 319 | BFM 04
ambi
gous AML-
0.17 | <001 prM | KMT2Ar
AMLS54 male 0,1 M5 KMT2A::MLLT3 % % neg 0.01% 0.03% neg IR IR 342 237 175 342 2012
AML-
<0,01 no BFM KMT2Ar
AMLO7 female 15,3 M5b KMT2A::MLLT3 neg 0.20% pos neg % neg IR HR alive relapse | no SCT 979 2012
AML04 | CBFB-
AMLG60 male 9,8 M4Eo CBFB:MYHI11 neg nd neg neg nd neg SR SR alive 1069 1175 1667 Interim MYHI1
no AML04 | CBFB-
AMLY98 | female 14 M4Eo CBFB:MYHI1 ND ND ND neg nd neg SR SR alive | relapse | no SCT 2343 | Interim | MYHII
RUNXI1-
RUNXI1::RUNX1 no AMLO04 RUNXIT
AMLS9 female 4,5 M2 T1 ND ND ND nd nd ND SR SR alive relapse | no SCT 3499 Interim 1
AML-
no BFM KMT2Ar
AML76 male 16,8 M5 KMT2A:MLLT3 neg neg neg neg neg neg IR IR alive relapse | no SCT 1583 2004
ETV6, AML- .
JAK3 0.54 prM | unclassifi
AMLS7 male 8,9 M7 NK WTI % 0.30% pos neg neg neg IR HR 949 413 | no SCT 949 2012 ed
AML-
CBFA2T3::GLIS2 GATA2 3.07 HR HR no BFM GLISr
AMLS0 male 33 M7 % 4% pos neg neg neg alive relapse | no SCT 1368 2012
AML-
KMT2ASMLLTE <0,01 HR HR no BFM | KMT2Ar
AMLS2 female 11 M5 neg % neg neg neg neg alive relapse 153 956 2012
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3.Discussion

Advances in FPM approaches have propelled a previously nascent field substantially forward
and particularly studies in high-risk adult cancers have demonstrated that FPM approaches
can improve outcome for patients whose disease has progressed beyond standard treatment
protocols (Kornauth et al, 2022; Snijder et al, 2017). Pediatric oncology patients have not
profited from these developments to the same extent, which is at least partially due to their
rarity, but also due to the inherent challenges in treating pediatric patients, such as limitations
in available material and the overall lower number of technologically advanced centers that

specialize in pediatric oncology.

Here, we generated a proof-of-concept for FPM in pedAML — a disease that may particularly
profit from FPM approaches due to its low mutational burden and the lower number of
targetable genetic alterations. Our study demonstrates that FPM in pedAML is feasible and
that the application of FPM at diagnosis may be a valuable tool for patient stratification and to

improve our understanding of the disease biology directly from primary samples.

3.1. Functional Precision Medicine in pediatric cancers

Several open questions around the application of FPM for pediatric cancers remain and while
our study is limited in terms of sample size, lack of a validation cohort and due to its
retrospective nature, it does provide useful guidance for designing future FPM studies. In
particular, our work elucidates several technical and translational aspects of FPM studies that

will need to be carefully considered in future studies.

3.1.1. Technical considerations for functional precision medicine
studies

The major technical deliberations for FPM projects concern the assay setup for drug response
profiling (DRP) in in terms of readout, culturing conditions and choice of drug library, and each

of these aspects may have major implications for the subsequent findings.

We chose an image-based single-cell readout due to several advantages on a technical level.
First, this setup enabled us to profile drug responses on a single-cell level and thus to
accurately measure the responses of the malignant blast populations across patients, rather
than a mixture which may include a substantial fraction of healthy cells. Until recently, studies

using this type of assay were the only ones that could demonstrate improvements in patient
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outcome (Kornauth et al, 2022; Snijder et al, 2017). A more recent study indicates that FPM
studies may also be successful using simpler fluorometric assays across a variety of high-risk
pediatric tumors (Acanda De La Rocha et al, 2024). However, inter-patient variability in
malignant cell fraction may be a confounding factor when evaluating drug responses from such
bulk assays. Our approach enabled the simultaneous measurement of up to three cell surface
markers. The number of markers can be scaled up more easily with FCM-based approaches,
which may be better suited to identify drug responses beyond cell death such as cellular
differentiation, which is an important aspect in pedAML therapy. However, recent studies
indicate that a combination of carefully selected markers and deep-learning based
computational approaches can be used to substantially scale up the number of detectable
markers in image-based screening approaches (Severin et al, 2022). These approaches and
ours require substantial computational infrastructure and the development of dedicated
software and thus may not be easy to establish in different centers. Nonetheless, our setup
allowed us to test a relatively high number of 116 drugs or drug combinations, which is more
than other related studies were able to test (Wang et al, 2022; Strachan et al, 2022;
Kuusanmaki et al, 2020). Additionally, it allowed us to derive blast-specific drug responses
from relatively low cell numbers of 9,000 cells per well with variable blast numbers, indicating
that performing this assay is feasible even for low sample amounts. Collectively, these
observations indicate that high-content drug screening is a well-suited technology for FPM

approaches due to its scalability and the ability to measure single-cell responses.

We chose to perform drug treatment in regular medium without any added cytokines or stromal
cells for 24 hours. While this enabled us to identify meaningful drug response profiles in terms
of predictivity of key clinical parameters, it may have lead to some false negatives for slower
acting drugs, where active drugs could not be identified because the incubation was stopped
before they showed their effect. Similarly, the lack of additional cytokines may lower
proliferation rates and thus artificially decrease responses to drugs that mainly act at specific
cell-cycle stages. Particularly the novel Menin inhibitors are known to act more slowly and
induce differentiation in AML blasts and our assay may not be well suited to evaluate
responses to these drugs. Despite these limitations, our study measured meaningful
responses to venetoclax combinations, chemotherapeutics, FLT3 inhibitors, HDAC inhibitors,
and other drugs, indicating that 24 hours of treatment is sufficiently long to measure treatment
responses to these drugs. Future FPM studies may have dedicated setups with varied
incubation times depending on the target disease and the compounds of interest to overcome

these limitations.

Drug libraries for FPM studies need to be carefully designed to consider both the clinical reality

and the major pathways involved in the disease. While the inclusion of standard of care drugs
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is a common choice in the design of such studies, whether and how to drug combinations
should be included is not obvious and there is little evidence that would clearly indicate whether
drug combinations need to be included in FPM studies. In our study, 58 of 116 different
treatments — including 9 combinations - showed activity in at least three patient samples and
all tested drug combination were among the treatments that showed activity. This may indicate
that combinations are more likely to deliver a signal in DRP studies. Oncology patients only
rarely receive a single drug for their treatment and it is currently unclear whether DRP assays
need to model this explicitly by also applying drug combinations ex-vivo. FPM-guided
treatment in the EXALT trial often contained combinations even though no combinations were
tested ex-vivo (Kornauth et al, 2022). Yet, the study was able to demonstrate clinical benefit
despite the lack of combinations in the ex-vivo assay. This may indicate that testing
combinations is not required to inform patient treatments, but this has yet to be evaluated
quantitatively and comprehensively. The combinatorial complexity of testing drug combinations
at different ratios and the clinical reality that drugs in combination therapy are often
administered at different doses and different schedules and dynamically adjusted based on
patient response further complicates any assessment of whether ex-vivo DRP is a good proxy

for in-vivo treatment response.

3.1.2. Translational considerations for functional precision medicine
studies

In addition to the more technical factors considered above, several insights into key
translational aspects for FPM studies can be derived by contextualizing our work with other
recent studies. Our work highlights that meaningful insights into the biology of patient risk can
be gained from non-prospective FPM studies. Based on these data, one may raise questions
on the optimal time point for FPM study enrollment with respect to disease stage and the

position of FPM studies in clinical decision making.

Most FPM studies focused on the application for high-risk tumors in a relapsed refractory
setting. This is a reasonable approach as it is directly in line with the rationale to also apply
novel drugs in such a high-risk setting first when patients have exhausted all other treatment
options. Indeed, several FPM-based studies were able to demonstrate clinical benefit in these
settings (Snijder et al, 2017; Kornauth et al, 2022; Acanda De La Rocha et al, 2024).
However, it is currently unclear whether this is an optimal time point for performing DRP.
Observational non-interventional studies such as ours and related work (Strachan et al, 2022;
Liebers et al, 2023) demonstrate that DRP profiles are predictive of patient response.

Considering data in pedAML that indicates that early response is a long-term predictor of
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patient outcome (Tierens et al, 2016; Rasche et al, 2021; Brodersen et al, 2020), one may
argue that DRP at early time points may be an effective tool to assign patients to more
promising treatments before resistant disease emerges. Future trials may need to perform
DRP at earlier time points to evaluate the time frame in which DRP results are predictive and
to evaluate the potential benefits of FPM in patient populations which are less heavily pre-
treated and may thus have less broadly resistant malignancies. However, the molecular
changes in tumors under treatment will have to be carefully considered in such settings.
Several studies have identified substantial molecular changes between samples at diagnosis
and matched samples taken at relapse or during disease progression in pedAML (Lambo et
al, 2023; McNeer et al, 2019; Masetti et al, 2016). Similar studies in solid tumors identified
substantial genetic changes in matched samples that can also lead to a change in tumor
classification upon relapse (Worst et al, 2016). These findings illustrate that the long-term
predictiveness of functional assays will have to be carefully investigated and may depend on
the tumor entity. Furthermore, treatment choices based on DRP results may not be
straightforward. Our study used random forest models to predict patient risk and early
response from drug response profiles rather than simply correlating in-vivo response and ex-
vivo response. Furthermore, unsupervised clustering of drug response profiles did not yield
strong associations between drug response profiles and clinical variables, indicating that the
relationships between risk and response of an individual patient and their ex-vivo drug
response profile is complex, just as contributions of individual drugs to the outcome of an
individual patient are often unclear in modern treatment regimens. This may be at least partially
due to the multi-modal nature of modern cancer therapy, where different biomarkers are
usually considered in combination and patients receive drugs in combination, which are
dynamically adjusted based on response and adverse effects. Thus, the interpretation of drug
response profiles for therapy selection may also have to be multi-modal and consider the full

complexity of an individual case.

The retrospective nature of our work and the lack of a validation cohort is a major limitation of
our study. It is clear that prospective studies are needed to evaluate the true clinical benefit of
FPM approaches. However, retrospective studies like ours fill a gap between technology
establishment, biological understanding and translational application, as they enable an
evaluation of feasibility for FPM before a prospective study takes place and may deepen the
understanding of the respective malignancies. A particularly intriguing aspect in FPM studies
is the correlation between targetable mutations and ex-vivo sensitivity. Our study was able to
demonstrate a link between epigenetic cellular differentiation states, patient risk and ex-vivo
drug response for the high-risk groups we identified. Similar findings have been made in adult
AML in a recent study (Bottomly et al, 2022). Collectively, these results and ours indicate that

cellular differentiation states may be an under-appreciated molecular predictor of sensitivity to
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targeted treatments. We did not identify any strong associations between targetable genetic
lesions and ex-vivo sensitivity to targeted agents alone, except for the association between
monocytic RAS-mutated AML and resistance to venetoclax. This may be due to a lack of
statistical power. However, there is good reason to believe that targeted treatment based on
targetable genomic lesions alone may not be the optimal route to improve outcome in high-risk
cancer patients. Only a relatively low number of GPM basket trials have demonstrated clinical
benefit in recent years (Pishvaian et al, 2020; Burd et al, 2020; Sicklick et al, 2019; Lau et al,
2024). Notably, all of these studies applied combination therapies and matched targeted
treatment did not necessarily directly target the actual mutated protein in these studies.
Additionally, there is a relatively high number of reported FPM studies over the past decade
that only report few if any associations between targetable alterations and ex-vivo responses
to the corresponding drugs (Dietrich et al, 2018; Tyner et al, 2018). This may indicate that even
fewer tumors may be susceptible to targeted treatment based on their lesion than currently
thought and warrants an in-depth investigation of additional drivers of therapy resistance for

targeted treatments.

Future studies that apply FPM approaches together with molecular profiling may further
elucidate on the mechanisms of treatment resistance despite presence of a targetable lesion
or vice versa. Comparative studies such as the EXALT-2 trial are a particularly interesting route
to deepen our insight into the relationship between targetable lesions, FPM results and patient
outcome. This study prospectively compares treatment GPM-based treatment, FPM-based
treatment and physician’s choice treatment and may reveal the superiority of either approach
alone (Kazianka et al, 2025). Additionally, studies that combine functional and molecular
characterization and jointly relate these to treatment response are under way and may shed
further light on the predictivity of GPM and FPM approaches alone and in combination (Irmisch
et al, 2021; Malani et al, 2022). The first results from a study of the Tumor Profiler project have
been project have been published recently and indicate that multi-omics trials that combine
several functional and molecular biomarkers are feasible (Miglino et al, 2025), paving the way
for future studies that compare more complex multi-omics biomarkers to better understand
patient risk and response. Molecular profiling studies that incorporated different sequencing
modalities such as the MASTER trial or the PRISM trial were able to identify targeted
treatments and improve diagnoses in a substantial fraction of patients, indicating that multi-
modal data collection is feasible and informative in clinical practice (Wong et al, 2020; Horak
etal, 2021; Lau et al, 2024). Studies that combine different sequencing modalities with
additional functional characterization may improve these rates even further and improve
outcome through the implementation of multi-disciplinary molecular tumor boards (Irmisch et
al, 2021; Malani et al, 2022).
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3.2. Multi-omics insights into pediatric AML

As outlined previously, a number of novel agents are emerging as viable treatment options in
ped AML, particularly venetoclax, Menin inhibitors and immunotherapy. Our study particularly
highlights venetoclax and venetoclax combinations as treatment options for pedAML, but the
implications of our integrated FPM approach go further. In the context of related work, our
study further elucidates the role of clonality, cellular differentiation and functional cell states in
pediatric AML.

3.2.1. Clonality and genomic targetability of pediatric AML

Our study indicated substantial clonality of pedAML blasts at diagnosis as indicated by
differential variant allele frequencies of mutations identified via whole exome sequencing. The
clonality of pedAML has usually been investigated by deep genomic sequencing of matched
samples from diagnosis and relapse (Masetti et al, 2016; McNeer et al, 2019). Both of these
studies and ours suggest the presence of 2-4 subclones at diagnosis — in line with the
assumption that mutations in genes such as RAS or FLT3 are usually secondary events in
pedAML and thus not present in all malignant cells. Our study substantially increases the
available data on pedAML clonality at diagnosis to date and further supports the notion of

pedAML as an inherently clonal disease.

This observation has important implications for targeted treatment in pediatric AML, particularly
for targeted inhibitors for key mutations such as MEK inhibitors for mutations in the RAS
pathway, or FLT3 inhibitors for activating FLT3 mutations. pedAML study protocols usually
only recommend FLT3 inhibitors if the mutation is detected with a variant allele frequency
above a certain threshold — usually 0.4 (Cooper et al, 2023). Given that particularly the KRAS
mutations in our study only occurred in minor subclones, similar thresholds may have to be
applied in trials for other targeted inhibitors, such as MEK inhibitors and future studies may
explore the targeting of several different subclones simultaneously in line with the classical

paradigm of fotal therapy.

Notably, our study did not identify any strong associations between targetable mutations and
presence of the corresponding lesions. This is at least partially due to lack of statistical power.
However, the clonality of targetable mutations may indicate that the next generation of clinical
trials may consider to target individual subclones simultaneously rather than targeting

individual lesions which only present in a fraction of leukemic cells in an individual patient.
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3.2.2. Cellular differentiation states and risk in pediatric AML

Leukemia stem cells (LSCs) are the fraction of leukemic blasts that are considered to be fueling
the blast population observed in a patients’ blood and drivers of relapse and non-response
(Misaghian et al, 2009). LSCs are postulated to be essentially the malignant counterpart of
healthy HSCs and are considered to be largely quiescent and equipped with higher proliferative
potential than the bulk of leukemic cells that can be detected in a regular biopsy. Thus, they
are also postulated to have a more HSC-like transcriptional signature than the remaining
majority of leukemic cells within the same patient. Earlier work identified these cells via serial
transplantation studies and described them as heterogeneous in their capacity for self-renewal
and leukemia generation in transplant recipients (Lapidot et al, 1994; Hope et al, 2004). Based
on these findings, different transcriptional signatures of LSCs that can be detected in bulk AML
samples have been identified and shown to be predictive of patient risk (Ng et al, 2016; Diffner
et al, 2013; Huang et al, 2022).

However, the specificity to different genetic subgroups for these signatures and potential
differential abundancies of LSCs depending on the leukemia subtype are yet to be fully
elucidated. Recent studies in pedAML indicated differential LSC-like transcription between
different genetic subgroups with subtypes that are classified as high-risk usually having a more
HSC-like expression (Umeda et al, 2024). In line with this association of LSC-like expression
and patient risk, another study identified the emergence of a more LSC-like transcriptional
phenotype upon relapse (Lambo et al, 2023). Based on these findings, one may hypothesize
that these phenotypes are either due to an increased LSC fraction, or they are due to a more
LSC-like state in the majority of leukemic cells that were sequenced, indicating that this
expression signature is an inherent feature of higher-risk leukemia regardless of the size of the
LSC fraction.

Similarly to the studies mentioned above, our ATAC-seq data indicate HSC/LSC-like
epigenetic states are associated with more high-risk genetic subtypes. Our ATAC-seq data
were generated from isolated chromatin of 50.000 cells of an individual sample and ATAC-seq
measures open chromatin rather than gene expression as RNA-seq does. Therefore, ATAC-
seq data represents an average over all sequenced cells that weighs individual cells more or
less equally, whereas bulk RNA-seq data can be confounded by over-expression of individual
genes in a subset of cells. Given this context, it is unlikely that the signatures that we reported
were due to an increased fraction of LSCs, but our results rather suggest that a more LSC-like

epigenetic state in the bulk of the leukemia population is more indicative of patient risk.

In our study, we also reported an association between a more monocytic cell state and patient

risk and MRD positivity. Such an association has not yet been reported to our knowledge and
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should thus be considered carefully. Notably, the genetic subgroup with the highest similarity
to monocytes were the KMT2A-rearranged samples. Thus, it should be considered that this
phenomenon could be due to an over-representation of KMT2A-rearranged pedAMLs in our

cohort or the risk-association could be restricted to KMT2A-rearranged pedAML.

Our study further describes the differential vulnerabilities of these risk-associated cellular
differentiation states. Similar associations — although without the patient risk component — have
also been described in adult AML (Bottomly et al, 2022). Successful treatment based on
differentiation states has so far only been described for acute promyelocytic leukemia (Yilmaz
et al, 2021), which is mainly driven by the PML::RARA fusion and thus also provides a genomic
target. It is currently unclear to what extent cellular differentiation states are purely dependent
on the genetic drivers or whether they reflect other independent factors such as the cell of
origin of the leukemia in an individual patient. However, the associations between cellular
differentiation state and patient risk that we and others have described (Lambo et al, 2023;
Umeda et al, 2024) certainly indicate that this approach provides a useful rationale for
considering patient risk and subgroups that may profit from similar treatments, as it provides a
convenient way to abstract from the genomic complexity of pedAML and consider more the

functional commonalities of the different genomic subgroups.

3.2.3. The functional landscape of pediatric AML

Our study provided a substantial amount of functional data on pedAML and highlights
vulnerabilities to venetoclax combinations and chemotherapeutics in standard treatment
protocols among others as drivers of variation in drug response profiles. Two other studies that
describe DRP in pedAML have been published recently (Wang et al, 2022; Strachan et al,
2022). However, ours is the first that aims to identify functional groupings beyond responders

and non-responders and associations with recurrent mutations.

In terms of the functional landscape of pedAML, we describe opposing axes of drug sensitivity
variation, where FLT3 inhibitors, mTOR inhibitors and BET inhibitors consistently correlate
negatively with venetoclax combinations. On the other hand anthracyclines, proteasome
inhibitors and HDAC inhibitors consistently correlate positively with venetoclax combinations.
These results indicate that patient groups who may profit from drugs in either group may not
profit from the other and vice versa. Going further, data in the literature indicates that these
correlations may reflect converging mechanisms of molecular dependencies that are indicated

by these drug sensitivities.

The positive correlations of venetoclax combinations, HDAC inhibitors and proteasome

inhibitors may be due to convergence on the BCL2 pathway. The BCL2 pathway has been
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shown to be the primary cell-death pathway for HDAC inhibitor induced cell death (Matthews
et al, 2012; Inoue et al, 2007). There is no direct data that links sensitivity to proteasome
inhibitors to venetoclax or the BCL2 pathway to our knowledge and resistance to proteasome
inhibitors remains only partially understood. However, the positive correlation between
sensitivity to proteasome inhibition and combined BCL2 inhibition may be due to ATF4-
mediated up-regulation of the BCL2-pathway members BIM and PUMA via the integrated

stress response (Tian et al, 2024).

Consistent positive correlations between sensitivities to FLT3 inhibitors, mTOR inhibitors and
BET inhibitors were overall weaker in our study than the correlations between venetoclax
combinations, proteasome inhibitors, and HDAC inhibitors. However, there are data indicating
that PISBK-AKT-mTOR signaling is a major driver of response for all three groups of
compounds. Sensitivity to mTOR inhibitors has been found to be determined by AKT activity
where increases in phosphorylated AKT have been associated with increased sensitivity to
mTOR inhibition (Gera et al, 2004; Kurmasheva et al, 2006). The pathway has also been
shown to be activated by FLT3 and particularly by constitutively active mutated FLT3 (Masson
& Ronnstrand, 2009). The relationship between BET dependency and the PI3K-AKT-mTOR
pathway is less clear. However, there are data that indicate a co-dependency between BRD4
activity and activity of the PISK-AKT-mTOR pathway, where BET inhibitors lowered PI3K

signaling and reduced expression of receptor tyrosine kinases (Stratikopoulos et al, 2015).

Thus, the opposing axes of sensitivity in our cohort seem to be driven by BCL2 dependency
on the one side and FLT3 mediated dependency on the PI3K-AKT-mTOR pathway on the
other side. Additionally, several studies link FLT3 activity and resistance to venetoclax directly
and may explain the negative correlation between sensitivity to FLT3 inhibitors and sensitivity
to venetoclax combinations. Genomic analysis of patients in a phase Il study for venetoclax in
relapased AML patients indicated that activating mutations in FLT3 or mutations in PTPN11
may confer resistance to venetoclax as patients with the corresponding mutations did not
respond to venetoclax monotherapy (Chyla et al, 2018), thus providing a direct rationale for
the negative correlation between response to venetoclax combinations and response to FLT3
inhibitors. Similarly, another study identified mutations in FLT3 and RAS in samples with
primary resistance to venetoclax and in emergent clones at relapse after venetoclax therapy
(DiNardo et al, 2020b) Signaling downstream of FLT3 may also be involved in venetoclax
resistance via the up-regulation of MCL-1 and BCL-xL. STAT5 has been shown to up-regulate
BCL-xL after activation by constitutive FLT3-ITD activity (Yoshimoto et al, 2009) and in an IL3-
dependent manner (Dumon et al, 1999). Intriguingly, this inverse relationship of FLT3 inhibitor
sensitivity and venetoclax sensitivity has also been described in terms of FLT3 inhibitor

resistance, where over-expression of BCL2 conferred resistance to a FLT3 inhibitor in a cell
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line model (Kohl et al, 2007). These findings and ours further solidify the opposing roles of
FLT3 signaling and the BCL2 pathway in AML that lead to inverse sensitivity patterns that we

observed.

Collectively, these data suggest that venetoclax sensitivity and sensitivity to kinase inhibition,
particularly FLT3 and downstream signaling via the PI3K-AKT-mTOR pathway may be
mutually exclusive dependencies in pediatric AML, where samples are either sensitive to BCL2

inhibition or to inhibition of FLT3 and its downstream signaling targets.

Notably, the relationship between these observations and patient risk in pedAML is not fully
clear and further work is needed to better elucidate these differential dependencies. However,
some further hints on the nature of this relationship can be deduced from our data. We do
observe a higher sensitivity to venetoclax combinations and the HDAC inhibitors panobinostat
and romidepsin in MRD positive HSC-like samples in our cohort, whereas the FLT3 inhibitor
gilteritinib shows higher activity in monocyte-like MRD positive samples. This grouping of
samples does not fully recapitulate the proposed mutual exclusivity of dependencies though,
indicating that this relationship is not fully aligned with clinically defined patient risk. In line with
this observation, we observed sensitivity patterns between risk groups that were often
concordant with mechanism of action, but did not yield any obvious patterns that discriminated
between different risk groups based on pathway-level dependencies, indicating that genetically

defined risk groups may only partially capture pathway-level dependencies.

3.2.4 Conclusions and future prospects

Based on our observations and the studies outlined above, our study makes a clear case for
the benefit of FPM approaches in pedAML. Both clinical and translational studies in ped AML
have been hindered by the rarity of the disease and the heterogeneity of driving lesions. To
date, these limitations have mainly been addressed through large-scale international
collaboration that enabled the dramatic improvements in outcome that we have observed over
the past decades. Further work uncovered converging vulnerabilities for the plethora of
different driving lesions such as the vulnerability to BCL2 inhibition in high-risk and
relapsed/refractory pedAML or the sensitivity to Menin inhibition in AMLs that depend on the
Menin-KMT2A interaction, such as those with NPM1c, KMT2A-rerarrangements, NUP98-
rearrengements or UBTF-TD. These advances have demonstrated the power of international
collaboration and how both rigorous translational research and deep mechanistic insights into

disease biology can inform the next generation of treatments.

Our study is among the first to provide an additional functional layer of understanding to this

dismal disease and particularly highlights the value of functional profiling at diagnosis rather
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than restricting the application of FPM approaches to the relapsed refractory setting. Thus, it
provides a rationale for applying high-throughput FPM approaches for both patient stratification

and biological discovery.

FPM approaches like ours may be used to improve the stratification for high-risk patients in
clinical trials. Particularly outcome for patients receiving venetoclax may be further improved
by this approach. Enroliment of pedAML patients in venetoclax trials has so far mainly been
based on resistance to therapies within the standard of care, rather than truly response
predictive biomarkers. Advanced DRP may provide such biomarkers by testing for resistance
with ex-vivo assays before patients start the treatment, with the added benefit that DRP can
also inform alternative options in case the assay indicates resistance to the intendent
treatment. Similarly, they may also be useful for evaluating promising drugs before patients
are actually being enrolled in a trial and thus provide a useful additional data modality that can

further enhance the pre-clinical data that usually informs such trials.

Similarly, FPM approaches like ours may be useful to identify converging patterns of drug
sensitivity that are indicative of joint vulnerabilities across genomic subgroups. As mentioned
above, the sensitivities to venetoclax or Menin inhibitors across genetically defined subgroups
are clear indicators of common disease mechanisms that can be therapeutically exploited.
Further vulnerabilities like these may exist in pedAML and other rare malignancies and FPM
approaches are an attractive avenue to identify such vulnerabilities directly in patient material
rather than relying on more artificial cell line models or model organisms that may behave
differently. Thus, FPM-based approaches may identify treatment options for pedAML
subgroups that still fare poorly, such as those with oncogenic fusions involving MECOM or

relapsed pedAML for groups without defined genetic targets.

Beyond the treatment of relapsed/refractory patients, we envision FPM-approaches as an
additional tool for patient stratification and biomarker identification. In line with the ambition to
provide comprehensive genetic testing for most cancer patients, additional functional profiling
may provide invaluable information for the identification of promising treatment options for non-

responders and their early detection.
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4.Materials and Methods

Materials and methods for the published manuscript have been extensively described in the

manuscript.
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