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Abstract

Krali, O. 2025. Deciphering the molecular landscape of childhood acute lymphoblastic
leukemia through multiomics data integration. Digital Comprehensive Summaries of Uppsala
Dissertations from the Faculty of Medicine 2179. 61 pp. Uppsala: Acta Universitatis
Upsaliensis. ISBN 978-91-513-2588-0.

Pediatric acute lymphoblastic leukemia (ALL), the most common childhood cancer, is
characterized by aberrant lymphopoiesis that disrupts normal hematopoiesis in the bone
marrow. Diverse genetic drivers, and epigenetic and transcriptomic alterations contribute to
disease heterogeneity. By applying standard clinical diagnostic procedures and next generation
sequencing (NGS) methods, 22 B-cell precursor ALL (BPC-ALL) and 15 T-cell ALL (T-
ALL) subtypes have been identified. The aim of this thesis is to integrate molecular, clinical,
and ex vivo drug response data from pediatric ALL patients diagnosed and treated in the
Nordic countries to identify cross-modal interactions underlying therapy responses and clinical
outcomes. Ultimately, this work aims to provide insights that support treatment optimization,
with the dual goal of preventing relapses and reducing toxicity. The datasets included DNA
methylation (DNAm), gene expression (GEX), somatic single nucleotide variants (SNVs),
fusion genes, copy number alterations (CNA), ex vivo drug response (EVDR) data, and clinical
variables from over 1,000 patients. Bioinformatic approaches included supervised classification,
survival analysis and modelling, differential DNAm and GEX analyses, and data integration.

In paper I, we built ALLIUM, a multimodal machine learning classifier that predicts 17
ALL subtypes using either DNAm or GEX data. Applied to 1,131 ALL patients, ALLIUM
successfully subtyped previously unclassified cases, usually aligning with existent molecular
findings. In paper II, we designed two DNAm-based risk prediction models, the relapse risk
predictor (RRP) and the mortality risk predictor (MRP), which outperformed the traditional risk
stratification models and generalized well to independent cohorts. In paper 111, we integrated
EVDR data with DNAm and GEX data and found pre-treatment epigenetic and transcriptomic
differences between ex vivo resistant and sensitive BCP-ALL patients. The resulting signatures
were enriched in pathways commonly altered in cancer. In paper IV, we utilized a framework
to integrate DNAm, GEX, SNV, and EVDR data from 1,231 BCP-ALL patients. We identified
cross-modal signatures and associations, reducing feature dimensionality and enabling pathway,
correlation, and network analyses. These signatures improved risk modelling beyond standard
clinical stratification.

Together, these studies enhance our understanding of the molecular underpinnings of ALL
and may form a basis for supporting future clinical decision-making, particularly in ambiguous
cases.
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Abbreviations

Al Artificial Intelligence

ALL Acute lymphoblastic leukemia

ALLIUM Acute lymphoblastic leukemia subtype identification using
machine learning

AML Acute myeloid leukemia

BCP-ALL B-cell precursor acute lymphoblastic leukemia
BM Bone marrow

CGI CpG island

c-index Concordance index

CIMP CpG island methylator phenotype

CME Cross-modal element

CNA Copy number alteration

CpG Cytosine-phosphate-guanine

DEA Differential expression analysis

DEG Differentially expressed gene

DL Deep learning

DMA Differential methylation analysis

DMC Differentially methylated CpG site

DNAm DNA methylation

DNMT DNA methyltransferase

ETP ALL Early T cell precursor acute lymphoblastic leukemia
EVDR Ex vivo drug response

FMCA Fluorometric microculture cytotoxicity assay
GEX Gene expression

HeH High hyperdiploidy

HSC Hematopoietic stem cell

HSCT Hematopoietic stem cell transplantation
1AMP21 Intrachromosomal amplification of chromosome 21
ICC International Consensus Classification

ICys Inhibitory concentration 25

LCso Lethal concentration 50

log,FC log?2 fold change

ML Machine Learning



MOFA
MSC
MTT

MRD
mRNA
MRP
ncRNA
NGS
NOPHO
NSC

(0N}

PB

PCA
RFS
RNA-seq
RRP
scRNA-seq
SI

SNV
T-ALL
TK

TKI
UMAP

WBC
WGBS
WES
WGS

Multi-Omics Factor Analysis

Mesenchymal stem cell
3-(4,5-dimethylthiazol-2-yl)-2,5-diphenyl tetrazolium bro-
mide

Minimal residual disease

messenger RNA

Mortality risk predictor

non-coding RNA

Next-generation sequencing

Nordic Society of Pediatric Oncology and Hematology
Nearest Shrunken Centroid

Overall survival

Peripheral blood

Principal component analysis

Relapse free survival

RNA sequencing

Relapse risk predictor

Single-cell RNA sequencing

Survival index

Single nucleotide variant

T-cell acute lymphoblastic leukemia

Tyrosine kinase

Tyrosine kinase inhibitor

Uniform Manifold Approximation and Projection for Di-
mension Reduction

White blood cell

Whole genome bisulfite sequencing

Whole exome sequencing

Whole genome sequencing



Introduction

Childhood leukemia

Acute lymphoblastic leukemia (ALL) is the most common malignancy in chil-
dren worldwide', accounting for approximately 80% of all childhood leuke-
mia cases’. It is characterized by the uncontrollable growth of immature lym-
phoid cells, known as lymphoblasts, in the bone marrow. This expansion dis-
rupts normal lymphopoiesis (Figure 1), and impairs overall hematopoiesis,
reducing the production of other essential blood cells and leading to a range
of pathological conditions, such as severe infections, anemia, and bleeding.
As a fast-progressing disease, ALL leads to dismal outcomes if not treated in
time. Based on the lineage of the affected cells, ALL is classified into B-cell
precursor ALL (BCP-ALL) and T-cell ALL (T-ALL). ALL is diagnosed using
immunophenotyping (e.g., flow cytometry) on bone marrow (BM) aspirates
or peripheral blood (PB) samples. In contrast to healthy individuals, who have
<5% of blasts in the BM and no blasts in the PB, ALL patients have >20% of
lymphoblasts in the BM.

Hematopoietic
stem cell

Lymphoid
progenitor cell

Lymphoblast
)
T cell B cell NK cell

Figure 1. Lymphopoiesis in the bone marrow (created with Biorender.com).
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In the Nordic countries, approximately 200 children are diagnosed with ALL
every year!. BCP-ALL is the most common immunophenotype accounting
for ~85-90% of all ALL cases. Despite the high survival rates (~90%), the
chances of cure decrease significantly after relapse to approximately 50%"*°.
In addition, T-ALL, which is more aggressive and until recently less charac-
terized™, requires refined risk stratification to achieve similar survival rates
as BCP-ALL'™!", Except for relapse, patients with ALL are at substantial risk
of experiencing treatment-related toxicities and adverse effects, which can be
immediately life-threatening or lead to serious health issues later in life.

The Nordic countries were among the first to introduce treatment protocols
including risk-based stratification into treatment groups™*'*'"*. Specifically,
ALL patients treated according to the Nordic Society of Pediatric Hematology
and Oncology (NOPHO) protocols are stratified into risk groups, based on
white blood cell (WBC) count, age at diagnosis, and cytogenetic subtype. In
the NOPHO ALL-2008 protocol’, minimal residual disease (MRD) was in-
corporated as a clinical variable used for treatment stratification. Multiple
studies highlight MRD at the end of induction as a prognostic marker for
ALL'*" The treatment is risk adapted and involves the administration of sev-
eral types of chemotherapeutic agents in combination with glucocorticoids
and in some selected cases targeted agents. For some high-risk patients, hem-
atopoietic stem cell transplantation (HSCT) is an important option for achiev-
ing lasting remission. Immunotherapy, such as chimeric antigen receptor T
cell or blinatumomab (bispecific T-cell engager), may also be administered to
children with refractory or relapsed disease'. A recent phase 3 trial demon-
strated that blinatumomab combined with induction chemotherapy improved
disease-free survival in children compared to those who received chemother-
apy alone'’. The aim of the treatment is to quickly eliminate leukemic cells
from the body and prevent recurrent disease. Although these intensive treat-
ment protocols have resulted in significant improvements in survival rates,
this progress is accompanied by serious toxicities and other effects that impact
the overall health and quality of life of pediatric leukemia survivors'®. To ad-
dress these challenges, new initiatives aim to reduce overtreatment in patients
at particularly low risk of relapse, and thereby minimizing toxicity, while sim-
ultaneously enhancing treatment strategies for improving outcomes for high-
risk patients, who currently face poor outcomes. Achieving these goals re-
quires large-scale international collaborations, such as the ongoing European
ALL protocol, ALLTogether'’, which enhances statistical power for studying
rare subtypes. Additionally, analyzing retrospective cohorts remains a valua-
ble tool for identifying ways to optimize treatment.
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Childhood ALL subtypes

Most of the pediatric leukemia subtypes are characterized by large-scale chro-
mosomal alterations, including missing or extra chromosomal copies, intra-
chromosomal amplifications, or translocations, which may lead to expressed
fusion genes (Figure 2). Such recurrent aberrations are subtype defining in
ALL and have been widely used to aid treatment stratification and monitoring
of therapy response””*!. Cytogenetic analyses were previously performed with
the help of Giemsa banding karyotyping, fluorescence in situ hybridization,
and reverse transcription polymerase chain reaction’>?*. However, many pa-
tients carry non-recurrent aberrations or complex karyotypes, which pose
challenges for interpreting molecular genetic subtypes with the traditional
clinical diagnostic methods®*.
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Figure 2. Examples of chromosomal abnormalities found in ALL cells. These include
numerical aberrations as a) abnormal number of chromosomes (extra or missing cop-
ies), b) intrachromosomal amplifications (e.g., iIAMP21), or structural aberrations c)
such as translocations, and d) expression of fusion genes (created with Bioren-
der.com).

The introduction of next-generation sequencing (NGS) techniques has led to
the discovery of recurrent genetic aberrations, allowing the classification of
patients into new subtype groups”®*'#>?7_ This has resulted in a more compre-
hensive understanding of the oncogenic subtypes in BCP-ALL and T-ALL™,
resolving a large proportion of previously unclassified cases (Figure 3).
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Figure 3. Distribution of ALL subtypes in 1,131 pediatric patients diagnosed in the
Nordic countries between 1996 and 2013, as determined by traditional methods at
diagnosis (left) and after molecular screening (right, Paper I). On the right panel,
dic(9;20) has been re-labelled as PAXalt .

Subtype-defining alterations in BCP-ALL

According to the latest International Consensus Classification (ICC), there are
22 molecular genetic subtypes and five provisional entities of BCP-ALL*.
The canonical subtypes are defined by large-scale recurrent chromosomal al-
terations, such as aberrant chromosomal numbers, e.g., high hyperdiploidy
(HeH, > 50 chromosomes), or hypodiploidy subtypes (< 40 chromosomes).
Furthermore, translocations with expressed fusion genes appear in
t(12;21)(p13.2;q22.1)/ETV6::RUNXI (ETV6::RUNXI), 1(9;22)(q34.1;q11.2)
/BCR::ABL1 (BCR::ABLI), t(1;19)(q23.3;p13.3)/TCF3::PBXI (TCF3::PBX1),
and t(v;11923.3)/KMT2A-rearranged (KMT2A-r) cases. Additionally, intrachro-
mosomal amplifications may occur, such as the amplification of chromosome
21 IAMP21).

During the last decade, NGS methods such as RNA sequencing (RNA-seq)
enabled the identification of non-canonical subtypes with expressed fusion
genes. These involve the genes DUX4*¥ MEF2D***', ZNF384°*3* and
NUTM1I?*3% genes, or subtypes similar to their canonical counterparts, i.e.,
BCR::ABLI-like/"Ph-like"’**  ETV6::RUNXI-like/"ER-like"***’.  Finally,
PAX5-driven subtypes, i.e., PAX3 alteration (PAX5alt) and point mutations in
PAXS5 P80R were also identified**.

Subtype-defining alterations in T-ALL

T-ALL includes a well-defined subtype known as early T cell precursor ALL
(ETP ALL), with approximately a third of the cases harboring BCL1 1B rear-
rangements. A phenotypically similar group, referred to as near-ETP ALL,
shares clinical features with ETP ALL but is genetically distinct. The
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remaining T-ALL cases are characterized by the aberrant activation of various
transcription factors®’. These subtypes are not commonly utilized for risk strat-
ification in current clinical treatment protocols, largely due to technical chal-
lenges in detecting the subtype-defining aberrations at diagnosis, and are
therefore referred by ICC as provisional entities. However, Polonen et al.”®
employed whole genome sequencing (WGS), whole exome sequencing
(WES), and RNA-seq and identified 15 distinct molecular genetic T-ALL sub-
types. Unlike the current ICC stratification for T-ALL, the P6lonen-based
stratification system suggests a more biologically relevant and prognostic
classification, emphasizing data integration to reveal both coding and noncod-
ing alterations.

Collectively, these findings underscore the importance of integrating diverse
molecular datasets to unravel the genetic complexity of pediatric ALL.

Molecular and functional profiling
DNA methylation

A cytosine-phosphate-guanine (CpG) site is a DNA sequence region, where a
cytosine nucleotide is followed by a guanine in the 5' to 3' direction, separated
by a phosphate group. There are approximately 28 million CpGs in the human
genome™®, some of which cluster into CpG-rich regions known as CpG islands
(CGI). There are ~30,000 CpG islands in the human genome*, spanning at
least 200 base pairs and containing more than 50% C+G content*. CGIs can
be found in promoter regions, within gene bodies (intragenic) or between
genes (intergenic)*’. Methylation of CpG dinucleotides (DNAm) is an epige-
netic modification that does not alter the DNA sequence, but can influence
gene expression (GEX) by affecting the DNA structure and accessibility. In
mammals, the most common type of DNAm involves the addition of a methyl
group on the 5" carbon of the cytosine in CpG dinucleotides by DNA methyl-
transferases (DNMTs), resulting in the formation of 5-methylcytosine (Figure
4a). Two de novo DNMTs, DNMT3A and DNMT?3B, create new methylation
patterns, while DNMT1, known as maintenance DNMT, is responsible for
copying the DNAm patterns to the replicated DNA* (Figure 4b). DNAm
plays an essential role during cellular development and differentiation. It con-
tributes to gene silencing, genomic imprinting, X-chromosome inactivation,
tissue- and cell-type specific regulation, and maintenance of genomic stability
during mitosis***’. In most genomic contexts, CpGs are methylated, including
CGls in intragenic and intergenic regions, as well as CGI promoters of re-
pressed genes, such as imprinted genes and genes on the inactive X chromo-
some*®47%3! However, CGIs in and around transcription start sites often re-
main unmethylated and are associated with the expression of essential genes,
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including housekeeping genes and those important for development and dif-
ferentiation, as well as cell-type or tissue-specific genes*® ™. To date, the pro-
gression between DNAm and gene silencing remains a subject of debate.
Some studies suggest that DNAm occurs after gene silencing, maintaining the
silent state™>>*. In contrast, Challen et al. provided evidence that DNAm is
necessary for initiating gene silencing rather than preserving it. Their study
showed that the loss of DNMT3A compromised hematopoietic stem cell dif-
ferentiation (HSC) and led to the accumulation of HSCs in the BM of mice™.
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Figure 4. a) The addition of a methyl group at the 5% carbon of cytosine is catalyzed
by DNA methyltransferases (DNMTs). b) DNMT3A and DNMT3B mediate de novo
methylation (top), while DNMT1 maintains methylation during DNA replication (bot-
tom, created with Biorender.com).

Methylation patterns are altered in various diseases, including cancer, where
hypermethylation of CGIs that facilitates gene silencing often co-occurs with
a global loss of methylation®®®, In contrast to other cancer types, ALL
methylomes have been shown to retain high levels of DNAm globally’, but
differences are observed among subtypes®“®!. Strong associations between
DNAm and recurrent chromosomal aberrations (subtype), as well as outcome,
have been observed in pediatric ALL**%*%% Additionally, a distinct hyper-
methylation pattern that occurs on multiple CGIs in cancer is referred to as the
CpG island methylator phenotype (CIMPs). CIMPs have been associated with
variable outcomes across different cancer types®, including pediatric T-
ALL'"6% and BCP-ALL®". In T-ALL, it has been proposed that the combi-
nation of CIMP and MRD status has potential utility in guiding risk stratifica-
tion''. These findings highlight the value of incorporating DNAm as a bi-
omarker, especially in diseases where genetic alterations do not fully explain
heterogeneity''. In addition, DNAm has been used as a proxy for assessing the
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mitotic history and evolutionary dynamics of various hematological malig-
nancies, underscoring its pivotal role in tracking disease progression from an
epigenetic perspective®®,

The association between leukemic subtypes and DNAm modifications is
well established’®’?. DNA is stable and less prone to degradation compared
to RNA, making DNAm profiling a promising analyte for investigating bi-
obanked, degraded, or low-quality samples’. Such retrospective studies are
important for analyzing rare subtypes and for investigating subtype-specific
outcomes with the help of long follow-up patient data.

Several methods exist for DNAm profiling, including targeted methylation
sequencing, whole genome bisulfite sequencing (WGBS), and microarrays.
These approaches rely on bisulfite conversion, although bisulfite-free alterna-
tives such as enzymatic methyl-seq and long read sequencing have been de-
veloped’*"®. Among the bisulfite-based methods, the Infinium BeadChip as-
says (450k and EPIC arrays from Illumina, Inc.) have been widely used in
epigenetic studies’®”’ and served as the platform for generating DNAm data
analyzed in Papers I-IV. A key step to both array-based and sequencing-
based methylation methods is bisulfite conversion, in which unmethylated cy-
tosines in CpG sites are chemically converted to uracils, while the methylated
cytosines remain unchanged. Despite arrays only cover ~5% of CpG sites,
they continue to provide cost and computationally effective, high-throughput
profiling of multiple samples in a single run, covering most promoter, en-
hancer regions, and CpG islands across the genome, and are supported by
many computational packages for data normalization and analysis***’.

Array-based methylation platforms, such as the Illumina 450k and EPIC
arrays, enable the interrogation of the methylation status of ~450K and ~800K
CpG sites, respectively. Each CpG site is assayed by a 50-base probe designed
to hybridize to bisulfite-converted DNA. The arrays utilize two types of
probes, Type I and Type II, which differ in detection chemistry and genomic
coverage. Type I uses two separate bead types, one for methylated and one for
the unmethylated state, and rely on a single fluorescent channel for detection.
In contrast, Type Il probes use a single bead type and determine the methyla-
tion status through single base extension, requiring two channels for the quan-
tification of the methylated (green channel) and unmethylated (red channel)
signals. This design difference can introduce technical variability, particularly
because Type II probes have compressed dynamic range and constitute the
majority of the probes on the array. Therefore, appropriate normalization is
crucial to ensure comparability across probes and reduce bias.

The intensities of the methylated and unmethylated signals are quantified
and further used to calculate either beta or M values, which are further utilized
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in downstream analyses. Beta values represent the ratio of methylated signal
to the total signal, ranging from 0 (fully unmethylated) to 1 (fully methylated).
A constant value @ (commonly set to 100) is usually added to the denominator
to prevent division errors by small intensity values (1). M values represent the
log ratio of the methylated to the unmethylated intensities (2). An M value of
0 indicates that a CpG site is equally methylated and unmethylated, while pos-
itive and negative values indicate hypermethylation and hypomethylation, re-
spectively. M values are often used for statistical analysis, as they offer im-
proved interpretability and more suitable statistical properties for modelling
differences between groups compared to beta values.

Methylated
Methylated+ Unmethylated+a

beta value = (1)
Methylated

M value = logZ(W

) ()

Finally, the signal intensities can additionally be used to infer copy number
alterations (CNAs)**®’. This gives the arrays an additional modality read-out
by providing data on chromosomal aberrations. These include large-scale an-
euploidies as well as focused gene-level deletions or amplifications, given the
gene of interest is covered by enough probes, and potential fusion gene break-
points.

Gene expression

The human genome contains approximately 20,000 protein-coding and 40,000
non-coding genes*®. GEX refers to the transcription of DNA (genes) into RNA
products, which include messenger RNAs (mRNA) that are translated into
proteins, and functional non-coding RNAs (ncRNA). Together, these RNA
molecules comprise the transcriptome. GEX patterns can be cell type-specific
or ubiquitous, and their disruption may signal disease onset.

Among protein-coding genes, tumor suppressors and oncogenes play a crit-
ical role in maintaining normal cell growth and division. Genetic alterations
affecting those genes, such as loss-of-function mutations in tumor suppressors
or gain-of-function mutations in oncogenes, can drive tumorigenesis®’.
ncRNAs include long non-coding, ribosomal, transfer, micro, and small RNAs
such as small nucleolar, small nuclear, small interfering, and piwi-interacting
RNAs. These molecules constitute important regulators of GEX and are often
implicated in cancer®®”".

Approximately 60% of genes have CGI promoters, which are typically un-
methylated, and their expression levels are regulated with the help of tran-
scription factors*. Some promoters, however, are methylated, contributing to
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transcriptional silencing®®®. While these findings suggest the significant role

of DNAm on gene regulation, the DNAm levels of the majority of CpG sites
do not appear to directly influence GEX levels***,

Genome-wide GEX profiling can aid in assessing the functional impact of
genetic, epigenetic, and other regulatory factors on GEX. This can be achieved
using, for example, microarrays (e.g., Affymetrix) or RNA-seq. In both meth-
ods, RNA molecules are reverse-transcribed into cDNA, typically using ol-
igo(dT) primers to capture poly-A RNA or random primers to provide broader
transcript coverage. In Affymetrix arrays, GEX is quantified by measuring the
fluorescent signal produced after the hybridization of labeled cDNA frag-
ments to the oligonucleotide probes on the microarray®. In RNA-seq, GEX is
profiled by high-throughput sequencing of cDNA fragments after poly-A se-
lection, ribosomal RNA depletion, or size selection®. Compared to microar-
rays, RNA-seq offers several advantages, including the ability to detect novel
transcripts, quantify rare or lowly expressed genes, identify fusion genes, and
expressed mutations in coding regions* . In a growing number of centers,
RNA-seq is being used to aid diagnosis of patients with ALL and was applied
to generate the GEX data for Papers L, I11, and V.

Subtype-specific GEX dysregulation is widely observed in ALL”. Apart
from expression-level changes, other aberrations are associated with ALL sub-
types, including fusion genes, are detectable by RNA-seq. For example, when
chromosomal rearrangements occur, fusion genes can emerge’®. These fusion
events are typically mutually exclusive across BCP-ALL subtypes, suggesting
their role in disease etiology’™®. The data produced by RNA-seq are particu-
larly valuable for patient subtype identification, including cases for which
standard cytogenetic analyses fail”*>'°*"'% Importantly, some fusions also en-
code oncogenic proteins that are clinically relevant, underscoring the im-
portance of their detection. For instance, in BCR::ABLI BCP-ALL leukemia,
the BCR::ABL1 fusion gene encodes an active tyrosine kinase (TK), which
contributes to uncontrollable cell growth and proliferation. Such cases can be
treated using targeted agents, such as tyrosine kinase inhibitors (TKI)'%. In
contrast, in BCR::ABL1-like BCP-ALL leukemia, which shares gene expres-
sion profiles with BCR::ABL]I cases but lacks the BCR::ABL] fusion gene, is
characterized by diverse kinase-activating fusions. The wide variety of under-
lying genetic lesions poses a challenge in evaluating individual therapy re-
sponses. Patients who harbor expressed ABL-class fusions, or JAK-STAT al-
terations can benefit from TKIs'". As BCR::ABLI-like is classified as high-
risk, it is critical to identify this subtype at diagnosis, although not all of the
patients carry such actionable alterations. Systematic identification of these
lesions may support the development of more effective treatment strategies'®’.
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Ex vivo drug screening

Ex vivo drug response profiling is a technique that evaluates how patient-de-
rived cells respond to pharmacological agents outside the body (ex vivo). Nu-
merous studies have shown that ex vivo responses are associated with in vivo
responses and clinical outcomes, making ex vivo screening a promising tool
for assessing the risk of treatment resistance and failure'® ', In pediatric
ALL, a recent pharmacotyping study demonstrated that molecular subtypes
often exhibit distinct ex vivo responses to different drug classes, while treat-
ment response, measured by MRD levels, was significantly associated with ex
vivo drug sensitivity for certain drugs. Altogether, these findings highlight the
additive value of integrating ex vivo profiling, molecular characterization, and
in vivo response data to guide precision therapeutic strategies'®®.

Ex vivo drug response profiling is commonly performed using cell viability
assays'', including the 4-day in vitro 3-(4,5-dimethylthiazol-2-yl)-2,5-diphe-
nyl tetrazolium bromide (MTT) drug resistance assay'®!'>!'® or the mesen-
chymal stem cell (MSC) co-culture system assay with flowcytometry'®!!7,
These methods enable the determination of the lethal concentration 50 (LCsy),
the drug dose that kills 50% of the leukemic cells. Other cell viability-based
methods include the fluorometric microculture cytotoxicity assay
(FMCA)""*!"® and ATP-based assays'®, which measure esterase activity and
cellular metabolic activity, respectively, to quantify the percentage of surviv-
ing cells after drug exposure. Similar to LCso, the inhibitory concentration 25
(ICss) reflects the concentration that reduces the metabolic activity of a cell by
25% and has been used to assess drug response in leukemia cells''’. Among
these methods, FMCA offers several advantages, including short incubation
period (2-4 days), high sensitivity due to fluorescence-based detection, and a
simplified staining procedure''*. FMCA, as a cell viability assay, measures the
proportion of surviving cells after 72h of drug exposure. Cells with intact
plasma membranes produce fluorescent signal due through the conversion of
fluorescein diacetate to fluorescein by esterases. The survival index (SI) is
calculated as the ratio of the mean fluorescent signal from drug-treated leuke-
mic cells to that of untreated cells (controls), with the background fluores-
cence from the blank wells (culture medium) subtracted '"’. These data were
used in Papers III-1V as a proxy to assess ex vivo cellular drug responses.

Computational applications in biomedical research
Machine learning and survival modelling

Machine learning (ML), a subset of artificial intelligence (Al), involves train-
ing models capable of performing intelligent tasks (Figure Sa). Within ML,
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Deep Learning (DL) uses multi-layered neural networks to learn hierarchical
patterns from data. These deep architectures typically demand substantial
computational power but excel in handling large volumes of unstructured data,
making them particularly valuable for complex pattern recognition tasks. ML
approaches are versatile, with applications ranging from email spam detec-
tion'?, stock market prediction'?', and weather forecasting'?, to the develop-
ment of intelligent agents powered by language models'**'**. In biomedical
research, ML is particularly well poised for analyzing high-dimensional NGS
data, array-based measurements, and clinical records. The application of ML
has demonstrated promising results for disease outcome prediction'*>!?®, cell
type annotation'?”'*® and biomarker discovery'?. Specifically in leukemia,
ML-based methods have shown promising results for subtype classification
and clinical decision support’®’"19-10%195 Byilding on this knowledge, such
computational approaches hold the potential to become fast, accurate, and
cost-effective diagnostic and prognostic tools, supporting both fundamental
research and clinical translation.
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Figure 5. a) The relationship between artificial intelligence (Al), machine learning
(ML), and Deep learning (DL). b) Overview of the two ML types (unsupervised vs.
supervised learning) that are explored in this thesis with examples. The supervised
methods are extended to classification, regression, and survival models (Created with
Biorender.com).

ML techniques are categorized into four types—unsupervised, supervised,
semi-supervised, and reinforcement learning'*. Unsupervised learning does
not rely on labeled data to identify underlying patterns and structures, whereas
supervised learning leverages labeled data to build models. Semi-supervised
learning combines unlabeled and labeled data to improve performance when
the annotated data are scarce. Reinforcement learning employs an internal re-
ward-and-penalty system to improve its learning capacity from feedback and
is commonly applied in tasks such as autonomous vehicle navigation'*'. This
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thesis focuses on unsupervised and supervised learning, given their relevance
to the scientific questions explored herein (Figure 5b).

Unsupervised learning includes methods such as clustering algorithms and
dimensionality reduction techniques, which are fundamental for exploratory
analysis and data preprocessing. Hierarchical clustering is often employed for
generating heatmap visualizations or identifying sample groupings. Dimen-
sionality reduction methods, such as principal component analysis (PCA)'*?
and Uniform Manifold Approximation and Projection for Dimension Reduc-
tion (UMAP)'**!*enable the projection of complex, high-dimensional data
into a two dimensional space, revealing potential hidden structures within the
data. When the resulting clusters are well-defined, these methods can aid the
identification of previously unrecognized subgroups”®.

Supervised learning uses labeled data to develop predictive models, with
performance evaluation based on the capacity of the model to predict the cor-
rect labels on unseen data. Classification tasks involve discrete categorical
outcomes (e.g., ALL subtypes), while regression tasks predict continuous nu-
merical variables (e.g., drug response).

Depending on the research question, linear models can be employed to cap-
ture simple, direct relationships between the input features (independent vari-
ables) and the target (dependent variables), while non-linear models are suited
to detect complex interactions, which are commonly encountered in real-
world datasets. The Nearest Shrunken Centroid (NSC) classifier exemplifies
a supervised learning approach that combines a linear model with integrated
feature selection capabilities'*. Initially developed for GEX microarray data,
NSC has demonstrated robust performance when applied to RNA-seq'*® and
DNAm for ALL subtype prediction’', and was successfully used in Paper I
of this thesis for both DNAm (450k array) and GEX (RNA-seq) data. NSC
works by applying a shrinkage threshold to the standardized differences be-
tween the class-specific feature means (centroids) and the overall centroid
across all classes, shrinking small differences toward zero. As a result, the
shrunken centroids are pulled closer to the overall centroid. Features with low
centroid variability across all classes are considered non-informative and ex-
cluded, retaining only those with substantial differences across classes for
model training (Figure 6). This shrinkage-based approach allows the model
to focus on putative clinically relevant signals, while reducing the noise. Al-
ternative feature-selecting classifiers include decision trees, random forests,
k-nearest neighbors, and support vector machines—each of which offering lin-

ear or non-linear configurations'’.
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Figure 6. The Nearest Shrunken Centroid (NSC) classifier workflow, a core compo-
nent of Paper I, operates in three steps. STEP 1: For each feature, a shrinkage thresh-
old (soft thresholding hyperparameter) is applied, pushing the mean (centroid) of each
class toward the overall centroid of the whole dataset. STEP 2: Features with low
variability for all class centroids are excluded, keeping those with clear differences
for at least one class. STEP3: The selected features are used to train a nearest centroid
model that assigns new samples to the class with the nearest centroid in Euclidean
distance. This approach removes noisy, non-informative features from a dataset and
highlights those of potential clinical importance'?® (Created with Biorender.com).

Class 2

Algorithms that support regression tasks include linear regression, decision
trees, random forests, k-nearest neighbors, and support vector machines'?’. A
notable exception is logistic regression, which, despite its name, functions as
a classification model for binary or multinomial cases (multiple classes). Be-
yond generating discrete class predictions, logistic regression provides proba-
bility estimates for each class—a feature shared by many classification algo-
rithms including NSCs.

Cox proportional hazards regression is a statistical method widely used in
survival analysis, designed to evaluate the hazard ratio or relative risk of an
event occurrence (e.g., relapse or death) over time while accounting for one
or more covariates (univariate and multivariate, respectively). Cox regression
does not directly yield probability estimates, but instead identifies covariates,
features correlated with increased or decreased risk of events. Random sur-
vival forests and gradient boosted models'** extend traditional survival analy-
sis by incorporating ensemble trees specifically adapted for time-to-event
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datasets. These models can predict event risk based on molecular or/and clin-
ical input data. Cox Regression and survival models were used in Papers II-
Iv.

Ultimately, by using class probabilities alongside model performance met-
rics, such as accuracy, sensitivity (recall), specificity, precision, and F1-score
for classification tasks, and the concordance index (c-index) for survival anal-
ysis, the models can support robust and interpretable predictions. This is a
critical step toward developing tools that may adapted for clinical decision-
making.

Differential analyses

The increasing availability of high-throughput data from microarrays (e.g.,
450k array) and NGS methods such as RNA-seq has led to the development
of various computational tools for identifying disease biomarkers and poten-
tial therapeutic targets'**'*'. While ML-based methods demonstrate consider-
able power for performing such tasks, they often rely on large training datasets
to perform reliably in high-dimensional feature spaces and necessitate external
validation to ensure generalizability. In contrast, differential analysis methods
offer a robust alternative, particularly for smaller yet complex datasets.

Among these, DESeq2'*” has become a widely used method for differential
expression analysis (DEA) and was employed in Paper I1I (Figure 7) to iden-
tify genes differentially expressed between ex vivo drug-sensitive and drug-
resistant patients. DESeq?2 provides several advantages, including reproduci-
bility, suitability for small sample sizes, and outlier detection that reduces
false positives (Type I error). These characteristics allow DESeq2 to accom-
modate both straightforward comparative studies and complex multi-factorial
study designs. Another software package limma'"', originally developed for
microarray-based DEA, has been extended to accommodate RNA-seq data.
Beyond gene expression, /imma is also compatible with DNAm arrays, and
was employed in Paper I1I for differential methylation analysis (DMA, Fig-
ure 7).
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Figure 7. Differential analysis workflow followed in Paper III. DESeq2!* and
limma'*' R packages were utilized to identify differentially expressed genes (DEGs)
and differentially methylated CpG sites (DMCs) that differentiate ex vivo drug-sensi-
tive from drug-resistant patients (Created with Biorender.com).

Log? FC

While conventional statistical tests such as the non-parametric Mann-Whitney
U test can handle simple two-group comparisons, they lack the flexibility re-
quired to model complex experimental designs or incorporate covariate ad-
justment, as DESeq?2 and /imma do. Both DESeq?2 and /imma are implemented
as R/Bioconductor packages and are supported by extensive documentation
and regular updates, making them accessible and reliable tools for the research
community. Notably, both methods employ shrinkage techniques to stabilize
variance estimates, with /imma using empirical Bayes moderation to shrink
gene-wise variance toward the common variance, and DESeq2 applying em-
pirical Bayesian shrinkage to shrink gene-wise dispersion (within-group vari-
ability) estimates toward the predicted values. These approaches enhance sta-
tistical power and reduce false discoveries, particularly in studies with limited
sample sizes, where outliers might otherwise skew results.

The final output of DESeq2 and /imma are log, fold change (log,FC) val-
ues, which quantify the logarithmic (base 2) difference in expression or meth-
ylation levels between two groups. This logarithmic transformation provides
an intuitive interpretation: a logFC of 1 indicates a two-fold increase in the
treatment group relative to the controls, while a logFC of -1 represents a two-
fold decrease, meaning that the treatment group exhibits half the expression
or methylation levels compared to the controls. The effect size values are com-
puted for each feature (gene or CpG site) included the analysis.

29



Complementing the fold estimates, both methods provide statistical parame-
ters, such as raw p-values and adjusted p-values, the latter of which account
for multiple testing correction.

Data Integration

While diseases such as cancer are multifactorial in nature'*?, studies that inte-
grate multiple data modalities remain relatively scarce. This gap persists due
to several challenges, including the lack of standardized integration frame-
works, heterogeneous data pre-processing requirements, partially overlapped
datasets, and computational complexity. Nonetheless, recent efforts have be-
gun to uncover the molecular heterogeneity of hematological malignancies
through a multiomic lens'*'*".

Integrating multiomic data offers a more comprehensive approach to in-
crease understanding of the molecular dependencies and their associations
with clinical variables, such as therapeutic responses. Integration strategies
can vary from simple pairwise comparisons, as performed in paper III, to
more complex frameworks capable of simultaneously analyzing multiple mo-
dalities, such as the one used in paper IV. The latter yields a latent space, a
low-dimension representation of feature combinations across multiple data
modalities.

Overall, data integration can support downstream analyses including path-
way enrichment, multimodal network construction, ML-based predictions,
and the discovery of clinically relevant molecular subgroups. The analyses
can be performed by either using the latent integrative space or extracting top
features (Figure 8).
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Figure 8. Multiomics integration as a framework for downstream analyses. Following
integration, either the latent integrative space (top), or selected top features (bottom)
can be leveraged to various downstream applications, including dimensionality reduc-
tion, multimodal network analysis and pathway enrichment, ML-based prediction
models, and molecular subgroup discovery with clinical significance (bottom, Created
with Biorender.com).

Among integrative frameworks, Multi-Omics Factor Analysis (MOFA)"#4!43,
is an unsupervised method applicable to both bulk and single-cell data. MOFA
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functions similarly to single-modality dimensionality reduction methods like
PCA, but is designed to detect latent factors across multiple data types. Each
MOFA-derived factor captures variation shared or unique to specific modali-
ties, and ranks features with associated impact values (weights). These
weights can be used to extract the most informative features per factor. In Pa-
per IV, MOFA was applied to integrate molecular profiles, drug response
measurements, and clinical parameters from BCP-ALL patients, enabling the
functional interpretation and annotation of each factor by analyzing its top-
weighted features.

Other integrative tools support both unsupervised and supervised compo-
nents, enabling direct application of their outputs to prediction tasks such as
disease classification '**'*°. These tools apply a variety of computational strat-
egies, including probabilistic, similarity-based, correlation-based, multivari-
ate, network/graph-based, and data fusion approaches'”. They also differ in
how they handle missing data within incomplete multiomics datasets. For ex-
ample, MOFA excludes missing values during integration but can robustly
impute them afterward by leveraging learned factor values and feature
weights'*!*_ In contrast, Integrate Any Omics'** builds modality-specific
similarity networks and facilitates integration through matched samples that
serve as bridges for information flow.

Integration models further differ in their ability to capture linear versus
non-linear relationships among features. MOFA is a linear method unable to
model non-linear interactions, instead offering interpretability and computa-
tional efficiency. This makes it well-suited for exploratory analysis of high-
dimensional omics data, especially when compared to more complex and less
interpretable approaches.

In summary, translational research requires time-efficient and cost-effective
computational methods capable of generating clinically meaningful and inter-
pretable insights, whether in the form of model predictions paired with feature
importances or guidance for functional validation.
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Aim of thesis

The central aim of this doctoral thesis is to map the multi-layered molecular
landscape of childhood ALL using multiomics data from patients diagnosed
and treated in the Nordic countries. By identifying molecular signatures across
diverse biological layers and uncovering shared biological signals between
them, this work seeks to improve our understanding of how these molecular
patterns influence disease etiology, treatment response, and clinical outcomes.
Collectively, the findings aim to support translational research and future pre-
cision diagnostics.
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Summary of papers

Paper I

Title and reference: Multimodal classification of molecular subtypes in pe-
diatric acute lymphoblastic leukemia (Krali,O., et al., 2023 npj Precision On-
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Figure 9. DNA methylation (DNAm, 450k arrays), gene expression (GEX, RNA-
sequencing), and somatic mutation (WGS, targeted sequencing) data were generated
from 1131 patients treated on the Nordic Society for Pediatric Hematology and On-
cology (NOPHO) protocols diagnosed between 1996 and 2013. In total, the subtype
of 281 of the BCP-ALL patients (24.8% of the entire ALL cohort) was unclassified at
diagnosis. Molecular screening was performed based on a combination of cytogenet-
ics, fusion gene screening, mutational analysis, and copy number analysis. Molecular
screening resolved the subtype of 127 BCP-ALL patients. The remaining 154 patients
were denoted “B-other”. A supervised classification method (ALLIUM) was used to
build subtype-specific models based on two modalities (DNAm and GEX) for 17 of
the known molecular subtypes of ALL. ALLIUM re-classified the subtype of 102 B-
other patients. This study expanded the scope of known subtypes across the entire
cohort resulting in 1079 with known subtype (95.4% of the entire ALL cohort). The
52 patients remaining unclassified at the end of the study are referred to as ALLIUM
B-other. From Krali, O. et al., 2023, npj Precision Oncology, reprinted with
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permission from Springer Nature, under the terms of the Creative Commons Attribu-
tion 4.0 International License (CC BY).

Background and Aim

In ALL, molecular subtypes represent a key clinical variable, often guiding
risk stratification. In a cohort of 1,331 patients diagnosed with ALL in the
Nordic countries between 1996 and 2013, 850 patients were assigned to
known subtypes at ALL diagnosis. The remaining 25% were cytogenetically
unclassified at diagnosis due to lacking or inconclusive molecular findings
from traditional cytogenetic-based diagnosis. The rapid adoption of NGS in
the last decade enabled the discovery of new, non-canonical subtypes defined
by distinct GEX patterns, expressed fusion genes, or specific mutations. Given
the strong association between recurrent aberrations, DNAm, and GEX in
ALL, we aimed to develop a supervised molecular classifier, ALL subtype
Identification Using Machine learning (ALLIUM), to predict subtypes using
either DNAm or GEX data.

Methods

We analyzed DNAm (450k arrays) and GEX (RNA-seq) data from 1,131 pa-
tients diagnosed and treated in the Nordic countries between 1996 and 2013.
To resolve unclassified BCP-ALL cases (n = 281), we first integrated fusion
gene screening, CNAs, and mutational data generated for this study and from
our previous work in this cohort?®'>'"13 mapping them to the 2022 ICC clas-
sification for ALL*. The annotated sample set was used to train and optimize
two sets of subtype-specific (16 BCP-ALL and T-ALL) NSC models, with
one set using DNAm and the other using GEX data—from 819 and 207 patients
with known subtypes, respectively. The classifiers followed a hierarchical de-
sign, assigning group predictions before subtype predictions to reduce errors
due to biological similarities. A control classifier was also developed to ensure
that patients with low blast count would be separated from patients with no
classification. The performance of ALLIUM was validated on internal hold-
out and replication datasets, as well as three external datasets.

Results
ALLIUM selected 379 CpGs and 356 genes as the most informative signatures
for defining the subtypes. Known ALL genes were among the subtype-spe-
cific signatures, such as NUTMI for NUTMI-r, PBXI for TCF3::PBXI,
MEF2C for MEF2D-r, CEBPA for ZNF384-r, and CpG sites in CBFA2T3 for
the ETV6-group, the expression of CDKN2A and CpG sites in 4AUTS2 for
PAX5alt, and CpG sites in ETV6, RUNX2, and IKZF1 for PAXS P80OR.

On both internal and external validation datasets, i.e., samples excluded
from the classifier design, ALLIUM correctly classified 83-100% of the cases
using DNAm and/or GEX. For patients with both data modalities available (n
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= 242), 92% (n = 223) were correctly classified by both DNAm and GEX,
demonstrating high biological concordance across data types. ALLIUM
achieved its best performance in the subtypes ZNF384-r, DUX4-r, MEF2D-r,
and TCF3::PBXI, while hypodiploidy (DNAm) and BCR::ABLI-like
(DNAm) were among the most challenging. ALLIUM outperformed two
widely used RNA-seq classifiers, ALLSorts'*> and ALLCatchR'®, for predict-
ing HeH (86% vs. 71% and 86%), iAMP21 (100% vs. 33% and 67%), and
PAX5alt (100% vs. 71% and 71%) in the hold out dataset. By integrating mo-
lecular screening with ALLIUM, 81.5% (229/281) of the previously unclassi-
fied BCP-ALL patients (Figure 3) were assigned to a distinct molecular sub-
type, reducing the proportion of patients labeled as B-other to only 4.6% of
the total cohort (52/1131).

Discussion and future perspectives

We designed ALLIUM, a hierarchical classifier trained and supporting both
DNAm and GEX data modalities, for molecular subtype classification in ALL
using a small, yet biologically relevant set of signatures. Owning to its two
independent modules, ALLIUM is flexible and can operate with either data
modality. This is a unique feature of ALLIUM, which is not included in any
over the other ALL subtyping approaches to date”!!%0-10%105,

To facilitate broader implementation in both research and clinical settings,
we subsequently implemented conformal prediction into ALLIUM"®. This
approach provides statistical guarantees to address uncertainty in subtype clas-
sification. When applied to ALLIUM's GEX-based predictions, the false neg-
ative rate on the known subtypes was reduced, as was the proportion of un-
classified cases among patients with previously unknown subtype.

When we trained ALLIUM, we used RNA-seq generated within a rela-
tively small, but well-characterized cohort of patients from NOPHO. This was
a strength because the subtype membership of all the training samples in our
classifier was well-established, although this came at the expense of a lack or
underrepresentation of some rare subtypes. To date, at least five additional
RNA-seq-based subtype classifiers for ALL have been proposed!'®®'%%1%3,
Most classifiers achieve similar excellent performances, however differences
in diagnostic methods of the various training sets highlights the importance of
large international collaborations to increase the sample sizes, particularly for
rare subtypes, and to establish unified classifier frameworks, trained on har-
monized datasets.

Extending ALL classification frameworks to other data types, such as DNA
methylation from long-read sequencing, is a particularly interesting area for
future research. A recent example of this concept is exemplified by the
DNAm-based classifier ALMA"’, which demonstrated feasibility of applying
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an array-based classifier directly to long-read WGS DNA methylation calls.
This exemplifies growing possibilities to extend pan-acute leukemia classifi-
cation and the development of integrative classifiers that combine DNAm and
GEX data, which will become more important moving forward in the clinical
setting.
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Paper 11

Title and reference: Refining risk prediction in pediatric acute lymphoblastic
leukemia through DNA methylation profiling (Mosquera Orgueira, A., Krali,
0., et al., 2024 Clinical Epigenetics)
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Figure 10. Graphical representation of the study design. The models were trained with
data from 763 ALL patients, all of whom had previously been characterized by
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genome-wide DNA methylation arrays. The dataset was partitioned into a training set
(80% of the patients) and a test set (the remaining 20%). The training set was used to
identify CpG sites with DNA methylation status associated with two key outcomes:
relapse risk and mortality. The selected CpG sites were used to train Random Survival
Forests models. Two models were generated: a Relapse Risk Predictor (RRP) and a
Mortality Risk Predictor (MRP). The test set was utilized for internal validation. Fi-
nally, the models were further validated on two additional datasets. From Mosquera
Orgueira, A., Krali, O., et al., 2024 Clinical Epigenetics, reprinted with permission
from Springer Nature, under the terms of the Creative Commons Attribution 4.0 In-
ternational License (CC BY).

Background and Aim

While DNAm profiling is not currently part clinical practice in ALL, its role
as a disease biomarker has been extensively studied, largely own to its in-
volvement in epigenetic regulation of normal hematopoiesis'*®. Specifically,
in Paper I, we demonstrated that DNAm can be used for differentiating ALL
subtypes at high resolution'”. However, its application in risk stratification
based on pretreatment signatures remains underexplored. Identifying molecu-
lar signatures associated with poor clinical outcomes, such as relapse and mor-
tality, is essential to improve current stratification approaches. We developed
two supervised ML models using DNAm data to predict the risk of relapse
and mortality in pediatric ALL patients.

Methods

We trained two random survival forest models, a relapse risk predictor (RRP)
and a mortality risk predictor (MRP), using DNAm (450k arrays) data and
follow-up information from a training set of 573 ALL patients. Feature selec-
tion involved a combination of univariate Cox regression, correlation filtering,
and model-derived variable importance scores. The final RRP and MRP in-
corporated selected CpG sites, time-to-event data including relapse free sur-
vival (RFS) and overall survival (OS), and event status (relapse or death).
Model performance was evaluated on a test set (n = 190) and validated in two
independent cohorts of pediatric ALL patients (n = 426).

Results

The models included 16 CpG sites for RRP and 53 CpG sites for MRP. Both
models generalized well, achieving a c-index of 0.529-0.677 for RRP and
0.621-0.754 for MRP across internal and external validation cohorts. Interest-
ingly, the MRP model also predicted the risk of relapse with comparable per-
formance to the RRP (c-index: 0.62-0.643). Model performance improved
when combined with clinical risk group data and surpassed traditional risk
group-based models alone. Additionally, by stratifying patients into high- and
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low- groups based on their MRP scores, we observed that the resulting groups
were often represented by high- and low-risk subtypes, respectively.

Discussion and future perspectives

We developed and validated two DNAm-based models, RRP and MRP, that
outperformed traditional clinical risk group stratification and demonstrated
added value when combined. Notably, some patients classified as high-risk by
MRP belonged to canonical low-risk subtypes (e.g. HeH and ETV6::RUNX]),
highlighting that subtype alone may not fully capture heterogeneity in treat-
ment outcomes. These results suggest that DNAm profiling can refine risk
prediction beyond cytogenetics.

Similar efforts have shown that CIMP profiles can identify patients with
inferior outcomes in T-ALL'"*>% and BCP-ALL®". In T-ALL, incorporating
CIMP signatures with MRD status enhanced risk assessment''%>%, further
supporting the value of combining molecular and clinical information for op-
timal risk stratification. In another example focusing on AML, ALMA not
only enabled subtype classification but also performed risk prediction using a
panel of 38 CpG sites'*”. In a previous study, we identified DNAm signatures
that stratified patients within each of the three pediatric AML subtypes into
two subgroups with distinct clinical outcomes'®’. Collectively, these studies
underscore the potential of DNAm as a clinical biomarker.

Future implementations of RRP and MRP should include further explora-
tion into the biological functions of the CpG sites, for instance through path-
way analysis, to clarify mechanisms related to treatment responses and clinical
outcomes. Integration with GEX data could reveal whether these DNAm sig-
natures influence protein coding genes or reflect broader epigenetic programs.
Future models tailored separately to BCP-ALL and T-ALL could help delin-
eate lineage-specific risk predictors and further improve risk stratification.
The introduction of additional DNAm signatures derived from epigenetic'®'
and mitotic® clocks may enhance model performance.
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Paper 111

Title and reference: Ex Vivo Drug Responses and Molecular Profiles of 597
Pediatric Acute Lymphoblastic Leukemia Patients (Enblad, AP., et al., 2025
HemaSphere)

Graphical Abstract
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From Enblad, AP., et al., 2025 HemaSphere, under the terms of the Creative Com-
mons Attribution-NonCommercial-NoDerivatives 4.0 International License (CC BY-
NC-ND).

HemaSphere

Background and Aim

While pediatric BCP-ALL patients generally have excellent outcomes, the
molecular mechanisms underlying differing treatment responses and their
prognostic implications remain inconclusive. Unravelling the biological de-
terminants distinguishing treatment resistant and sensitive leukemic cells is
critical for optimizing therapeutic strategies. This study investigated the asso-
ciation between ex vivo drug responses and clinical outcomes, while integrat-
ing drug response data with epigenomic and transcriptomic profiles in primary
BPC-ALL patient samples.

Methods

We analyzed ex vivo drug response profiles (FMCA, n = 597) for ten treatment
compounds, along with DNAm (450k and EPIC arrays, n = 437) and GEX
data (RNA-seq, n = 119) from treatment-naive samples. Patients were di-
vided into sensitive, intermediate, and resistant response groups based the
SI% values for each drug. Kaplan Meier survival analysis and multivariate
Cox regression were used to assess the association between ex vivo response
groups and clinical outcomes (RFS and OS). The Cox model incorporated

40



relevant covariates, including sex and risk group to adjust for potential co-
founding factors.

DMA and DEA were conducted comparing sensitive and resistant patients
for each drug, adjusting for molecular subtypes. Overrepresentation analysis
was employed to detect pathways in which differentially methylated CpG sites
(DMCs) and differentially expressed genes (DEGs) were overrepresented.
Transcription of the identified DEGs at cellular resolution was verified using
single-cell RNA sequencing (scRNA-seq) data.

Results

Survival analyses demonstrated that for a majority of the drugs, ex vivo re-
sistance was significantly associated with inferior RFS (log rank test p < 0.05),
maintaining statistical significance after adjustment for clinical variables.
Multidrug response groups were observed and were similarly linked to poor
prognosis (RFS and OS, log rank test p < 0.05). Notably, the drug response
groups did not align with the established clinical risk groups (standard, inter-
mediate, and high risk).

Differential analyses identified 1,779 unique DMCs and 1,158 unique
DEGs between ex vivo sensitive and resistant patients across the ten drugs.
These signatures were enriched in biological pathways implicated in cancer
and drug resistance, including heme metabolism, immune response, onco-
genic signaling cascades (e.g., KRAS, TNF-alpha via NF-kB), cell cycle reg-
ulation, and transcriptional control mechanisms. T-cell receptor signaling and
activation pathways were among the top-selected pathways, with single-cell
validation confirming that the corresponding DEGs were expressed in leuke-
mic blasts.

Discussion and future perspectives
This study highlights the clinical relevance of ex vivo drug profiling in pedi-
atric BCP-ALL and its potential to refine risk stratification beyond current
clinical classifications. When combined with longitudinal MRD measure-
ments, this approach may improve the prediction of treatment resistance and
therapy-related toxicities. Moreover, as previously demonstrated, ex vivo drug
profiling can identify subgroups associated with clinical outcomes inde-
pendently of MRD status'®. Since MRD alone cannot indicate which thera-
peutic agents are optimal for treatment, ex vivo drug profiling represents a
valuable complementary approach particularly in patients who exhibit poor
responses' .

Through integrated molecular characterization, we explored the differences
between resistant and sensitive patients and identified molecular signatures
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that extend beyond traditional subtypes, offering new insights into the phar-
macological landscape of BCP-ALL.

Future work may leverage ML-based approaches to prioritize drug combi-
nations for functional screening. Comparisons between untreated and treated
samples could uncover temporal resistance mechanisms, expanding our un-
derstanding of therapy response and molecular changes under treatment pres-
sure. Finally, incorporating molecular data related to cell cycle and B-cell de-
velopment could provide additional information relevant to resistance mech-

anisms'®%.
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Paper IV

Title and reference: An integrative molecular map of pediatric B-cell precur-
sor acute lymphoblastic leukemia (Krali, O., et al., Manuscript under revision)

Background and Aim

While the molecular landscape of pediatric BCP-ALL has been extensively
characterized individually through single omics analyses, systematic integra-
tion of multiomics data with ex vivo drug responses, and clinical outcomes
remains unexplored. Given the heterogeneity BCP-ALL, with its diverse chro-
mosomal and molecular aberrations, high-dimensional multiomics data inte-
gration is a promising approach to increase our understanding of ALL biology,
variable therapy responses and clinical outcomes. Here, we constructed an in-
tegrative molecular map of pediatric BCP-ALL by combining molecular pro-
files, drug response, and clinical data.

Methods

We applied MOFA to integrate somatic DNAm, GEX, SNVs, and ex vivo drug
response (EVDR) data from 1,231 pediatric BCP-ALL patients. MOFA re-
duced the data into a low-dimensional space, represented by cross-modal ele-
ments (CMEs) that captured shared variability. The top contributed features
for each CME were extracted and used for downstream correlation, network,
and pathway analyses, as well as survival modelling to biologically annotate
each CME.

Results

Ten distinct CMEs were identified, capturing either modality-specific or
cross-modal patterns. Analysis of the top-contributing signatures within CME
revealed molecular correlations associated with ex vivo drug resistance and
clinical outcomes. Importantly, we detected drug/DNAm-based subgroups ex-
hibiting poor prognosis within favorable subtypes (log-rank p-value 0.041),
which remained significant after adjusting for risk groups and treatment pro-
tocols (Wald test p-value 0.039). Pathway enrichment analysis of the top
CME-driven genes and CpG sites revealed involvement in fundamental bio-
logical processes including disease development, drug response, cellular reg-
ulation, and metabolism (FDR < 0.01). Integration of clinical risk group in-
formation with ex vivo responses to the top-selected drugs from three CMEs
yielded a significant improvement in the classification performance of the
baseline clinical model (FDR < 0.05).

Discussion and future perspectives

This study reveals molecular dependencies that transcend single-modality
analyses, uncovering otherwise underappreciated relationships and clinically
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relevant subgroups. Together, these findings emphasize the added value of
molecular data integration in refining risk stratification.

A potential limitation is the high cost of generating data across multiple -
omics layers. However, recent initiatives are developing multi-omics profiling
methods capable of analyzing multiple data modalities in a single run'®’. When
these approaches are not feasible, the choice of modality depends on factors
such as material availability, quality, and cost. As a result, clinical implemen-
tation of data integration remains challenging due to incomplete data modali-
ties across patients. Nonetheless, recent advances in graph- and Al-based in-
tegration strategies'*® offer promising solutions for handling partial omics
data.

Despite the drawbacks, multi-omics profiling and integration are expected
to expand, driving the development of robust frameworks for prioritizing mo-
lecular signatures and drug candidates for functional validation and to further
unravel the multi-layer complexity of ALL.
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Conclusions and future directions

Conclusions

In summary, this thesis explores the multiomic molecular landscape of child-
hood ALL by leveraging molecular, ex vivo drug response, and clinical data
from pediatric patients diagnosed and treated in the Nordic countries. Our
ALL-based classifier, ALLIUM, enhanced subtype classification in pediatric
ALL using a subset of CpG sites and genes. ALLIUM accurately predicted
molecular subtypes in both well-characterized and ambiguous (B-other) cases,
offering a fast and reliable tool for patient subtyping. Two predictive models,
RRP and MRP, built on DNAm data, outperformed the baseline clinical risk
group-based models—either individually or in combination, highlighting the
added value of molecular profiling to improve risk stratification. Ex vivo re-
sistance was associated with poorer clinical outcomes and distinct molecular
signatures in treatment-naive BCP-ALL cells, suggesting that some patients
are characterized by molecular profiles linked to treatment resistance. These
findings reveal a more intricate disease behavior that extends beyond subtype
classification alone. Direct integration of multiple data modalities captured
cross-modal signatures and multiomic patterns, revealing associations with
dysregulated pathways and subgroups with potential clinical relevance.

Future directions

Ultimately, the four studies presented in the thesis have built a foundation for
a data-driven approach to studying complex diseases such as pediatric ALL.
The heterogeneity of the disease underscores the need for integrative frame-
works that can leverage patient-specific data not only to benefit the patient but
also to characterize other cases with similar molecular profiles. While each
data modality offers valuable insights on its own, their integration enhances
the impact of each. This work opens possibilities both for retrospective anal-
ysis in historical cohorts and prospective applications in up-front diagnostics,
helping shape the future of precision medicine.
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