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Abstract

Acute Myeloid Leukemia (AML) accounts for approximately 25%
of all leukemias in adults in the Western world, and therefore is
the most frequent form of blood neoplasia. Leukemic stem cells
show abnormal proliferation, activation of antiapoptotic pathways
and the impairment normal cell differentiation resulting in the
dysregulated production of not functional blood cells, known as
blast. AML is an aggressive disease, with a relative survival rate
for all ages 5 years after diagnosis of ~ 29.5%, the clinical mani-
festations of AML reflect the accumulation of malignant, poorly
differentiated myeloid cells within the bone marrow, peripheral
blood and in other organs. Diagnostic tests are mainly constituted
by blood cells count and morphology, AML diagnosis is established
by the presence of >=20% myeloid blasts in the bone marrow
or peripheral blood. The prognostic assessment of AML patients
is of capital importance for the management of the disease and
to set up risk adapted therapies. Although clinical factors play
an important role in disease development, karyotype is the most
independent prognostic factor to forecast patients’ survival and
it is adopted to provide the framework for risk-adapted treat-
ment approach (Deschler and Liibbert, 2006; De Kouchkovsky and
Abdul-Hay, 2016). The Furopean Leukemia Net (ELN) guidelines
aims to standardize risk stratification in adult AML patients by
incorporating cytogenetic and known molecular abnormalities in
hot spot genes. Accordingly, AML patients could be stratified into
distinct prognostic risk groups (favorable, intermediate or adverse)
based on their cytogenetic and molecular profile. Although this
classification is the gold standard for the stratification of patients,
it is fulfilled for only the 75% of AML whereas it is poorly satisfying
for those patients resulted with normal karyotype (nk) at the con-
ventional cytogenetic analysis. normal karyotype AML (nkAML)
patients mostly belong to the intermediate risk category but they
experience an extremely heterogeneous outcome that represents
an unmet needs in the clinical context of AML (De Kouchkovsky
and Abdul-Hay, 2016; Dohner et al., 2017). In the last few years,
large-scale tumour-sequencing studies have demonstrated that the
majority of cancers, including hematologic neoplasia, are driven by
Structural Variants (SVs) that are, for instance, genomic rearrange-
ments larger than 50 bp. SVs include insertions, translocations,
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inversions and Copy Number Alterations (CNAs) (deletions and
duplications). The recent development of high-throughput se-
quencing platforms provided impressive insights into leukemia
pathogenesis and contributed to consider SVs as the hallmark of
the genome instability leading to the establishment of the neo-
plasia. Beside karyotype, SVs detection is currently addressed by
Next Generation Sequencing (NGS) technologies that allow the
simultaneous and accurate detection of recurrent SVs breakpoints
(Schiitte et al., 2019), nothwithstanding, NGS faces inaccuracy
and limitations when applied to resolve wide and structurally com-
plex SVs due to the short length (100-500 bp) of the sequencing
read employed (Norris et al., 2016).

In this study, we exploited the long-reads Oxford Nanopore Se-
quencing technology to explore the genome of a cohort of 152
AML patient with normal cytogenetics, aiming to address the
genomic analysis challenges and to identify new potential genomic
biomarkers able to refine the prognostic forecasting for nkAML
patients. Of 152 bone marrow samples collected at diagnosis, 85
referred to the hematology unit of the A.O.U.Careggi and 67 were
prospectively collected for the AML #1310 study by the Italian
Hematologic Network GIMEMA (Venditti et al., 2019).

The DNA purified from nkAML samples was used to sequence the
whole genome by the nanopore long-reads approach and further
analysed by the bioinformatic pipeline specifically developed for
SVs calling. Two SVs caller, Sniffles (Sedlazeck et al., 2018) and
cuteSV (Jiang et al., 2020), were employed for the identification
of an high-confidency call-set of SVs that were further clustered
and filtered before correlating them with patients’ outcome data.
We employed an univariate Cox proportional-hazards analysis to
weight the correlation between patients’ survival and each predic-
tor variables. Further, to better estimate the cumulative impact
of multiple genome and clinical variables, we developed a multi-
variate Cox regression model including those SVs selected by Cox
univariate model (pvalue <.05) and other predictors such as age,
white blood cells count and the known molecular abnormalities
in specific hotspot genes included in the ELN guidelines (Fms
related Receptor Tyrosine Kinase 3 (FLT3)-ITD, Nucleophosmin
1 (NPM1), CCAAT Enhancer Binding Protein alpha (CEBPa)).
Multivariate analysis allowed to select 12 SVs, represented by
genomic deletions or insertions, with high impact on patients’



leukemia free and Owverall Survival (OS). Of those, 8 resulted with
an HR >1 (also referred as High Risk SVs (hrSVs)), thus associ-
ated with an increased risk of death, the other with an Hazard
Ratio (HR) <1 (also referred as Low-risk SVs (IrSVs)) were as-
sociated to a reduced risk of death. The following stratification
of the study cohort based on the presence of hrSVs enabled the
identification of a high risk group of patients (accounting for the
17% of the cohort) with an extremely poor survival (median OS
time 8.27 months for the group harbouring the hrSVs compared to
62.7 month fo the other, LogRank pvalue <.0001) and a low rate
of response to therapy (46% for the patients with hrSVs compared
to the 80%, pvalue <.0001). Taking together, these data suggest
that the employ of an emerging long-reads sequencing technology
capable to detect wide SVs together with a dedicated analysis
pipeline could represent a powerful tool to accurately screen the
whole genome of AML patients and identify new genomic biomark-
ers for the prognostic assessment of nkAML patients capable to
refine the actual ELN prognostic assessment in our cohort.
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Introduction 1

1.1 Acute Myeloid leukaemia

1.1.1 Definition

AML is an hematological neoplasia originated by the clonal pro-
liferation of stem precursors of the myeloid lineage residing in the
Bone Marrow (BM) and leading to the production of erythrocyte,
platelets and white blood cells (Deschler and Liibbert, 2006). The
clinical manifestations of AML reflect the accumulation of poorly
differentiated myeloid clones, conventionally known as blast cells
(Dohner et al., 2015)(Figure 1). The myeloid blasts are character-
ized by a maturative arrest, preventing physiological hemopoiesis
and leading to BM failure. Malignant blast can spread to other
organs as brain and lung, this is particularly true for patients with
high peripheral blast count (e.g, >50000/uL) (Estey, 2018).
AML classification relies on the blast morphology and the type
of physiological precursor it most closely resembles. The term
"acute" refers to the rapid disease progression, often resulting in
poor survival.
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INTRODUCTION

1.1.2 Epidemiology

Taking into the account the whole human cancers, AML repre-
sents the 1.2% of all new cancer diagnosis per year in the United
States (U.S.) and it accounts for about one third of all leukaemia
cases, thereby constituting the most common leukaemia in adults
(Pelcovits and Niroula, 2020). The age-adjusted incidence of AML
in U.S. is 4.3 per 100000 subjects with a mortality-related of 2.8
per 100000 every years. The median age at diagnosis is 65 years
with an incidence rate in people age <65 of only 2 per 100000
people while the incidence rate in people age >65 is 20 per 100000
people. (Shallis et al., 2019) (noa).

AML in adults has a male predominance, in the Surveillance,
Epidemiology, and End Result (SEER) database is reported that
males are 1.6 times more likely to be diagnosed with AML than
females (age-adjusted incidence of 5.42 and 3.47 per 100000 people
per years in males and females) (Shallis et al., 2019).

1.1.3 Etiology

The onset and the development of AML has been associated with
several perturbations (summarized in Table 1) of hematopoietic
progenitors which boost the clonal and the malignant expan-
sion of immature myeloblasts. Increasing age, genetic disorders,
physical and chemical exposure, radiation exposure and previous
chemotherapy are the most frequently AML-associated factors.
In the majority of cases, AML appears as a de novo malignancy
through a multistep process, called leukemogenesis, leading to
the leukemic transformation of hematopoietic progenitor stem
cells caused by the accumulation of genetic mutation (Shlush
et al., 2014; De Kouchkovsky and Abdul-Hay, 2016). A consid-
erable number of patients with chronic myeloid disorders, as
Myelodysplasia (MDS), Myeloproliferative Disorder (MPN) or
Aplastic Anemia (AA), could evolve to a Secondary AML (sAML),
regardless previous treatments or exposure to a proven leuke-
mogenic chemotherapeutic agents (therapy-related AML) (Boddu
et al., 2017). sAML accounts for 10-30% of all cases of AML, but
this varies from study to study, given the heterogeneity and the
high percentage of cases arising from undiagnosed MDS. (Soulier,
2020).
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1.1.4 Pathogenesis

The pathogenesis of AML is a multistep process through which the
genetic lesions accumulate in hematopoietic stem cells (Rubnitz
et al., 2008) and give rise to a malignant haemopoietic clone with
deregulated cell functions able to outcompete or suppress normal
haemopoiesis. (Merker et al., 2012).

The first insights into AML pathogenesis was furnished by patients’
karyotype (also known as conventional cytogenetics) showing chro-
mosomal alterations by the visual inspection of chromosomal
banding. Notwithstanding these aberrations affect large sequences
of DNA, and the pathologic effects are still likely to be due to
changes in just one or a few genes that are disrupted by the
alteration. Recurrent chromosomal abnormalities was found in
approximately 55% of adult patients with AML, they are classified
into different groups based on type (Meyer and Levine, 2014):

e Translocations, these are the most common chromosomal
aberrations found in AML. In this type of alteration a piece
of chromosome breaks off and fuse with part of another
chromosome, thus originating a "new" chimeric chromosome.
The point at which the breakpoints occur can affect nearby
genes;

e Deletions, in this type of chromosomal aberrations a piece
of chromosome is lost;

e Inversions, in this type of chromosomal aberrations a part
of chromosome is reversed end to end. This type of alter-
ations could result in the loss of one or more genes caused
by the alteration of coding sequence;

e Duplications, in this type of chromosomal aberrations a
part of chromosome is duplicated.

Such chromosomal aberration are found in about the 50% of
AML, conversely, about half of diagnosed patients result normal
karyotype, since they lack structural variations at cytogenetics
inspection by karyotyping, high-density comparative genomic hy-
bridization or SNPs arrays..
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1.1.4.1 Multi-step hypothesis of AML development

In 2002, Speck and Gilliland proposed a model of leukemogenesis
termed "two hit model" according to which leukaemia is the conse-
quence of the accumulation of subsequent genetic lesions ascribable
to two broad classes of mutations (Figure 2). The Class I one
mutation (mutations of FLT3, tyrosine-protein kinase KIT (KIT),
oncogenic Rat Sarcoma Virus (RAS) and Protein Tyrosine Phos-
phatase non-receptor Type 11 (PTPN11), and the Breakpoint
Cluster Region (BCR)/ Tyrosine-protein kinase ABL1 (ABL1) and
FEts Variant Gene 6 (ETV6)/Platelet Derived Growth Factor Re-
ceptor beta (PDGFRb) gene fusions), are mutations that con-
fer survival advantages but do not affect cellular differentiation,
while the Class IT mutations (Runt-related Transcription Fac-
tor 1 (RUNX1)-RUNX1 Partner Transcriptional Co-Repressor
1 (RUNX1T1) and Promyelocytic Leukemia (PML)-Retinoic Acid
Receptor o« (RAR) fusions, Mized Lineage Leukaemia (MLL)
rearrangements, and mutations in CEBPa, Core Binding Fac-
tor (CBF), Homeobox Genes (HOX) family members, CREB
Binding Protein (CBP)/E1A Binding Protein P300 (P300), and
co-activators of RRN3 Homolog, RNA Polymerase I Transcription
Factor (TIF)) impair cell differentiation and apoptosis. The accu-
mulation of both Class I and Class II mutations in the genome of
the hematopoietic stem cells cause the clonal transformation of
myeloid progenitors, leading to the onset of neoplasia (Speck and
Gilliland, 2002).

1.1.4.2 Modern Genomic Landscape in AML

The co-occurence of genetic alterations with different functional
effects and the stepwise acquisition of genetic changes by malig-
nant cells paved the way to the concept of clonal architecture
and the related heterogeneity of the developing subclones. Beside
diagnostic and therapeutic implications, increasing clonal diversity
is associated with adverse outcome, mostly due to the probability
that one of the subclones acquire resistance to therapy (Bochtler
et al., 2013). The study of Li Ding and colleagues evaluated AML
samples at diagnosis and relapse and found two major clonal evo-
lution patterns during AML progression: (1) the founding clone
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evolving into relapsed clone by acquisition of mutations, (2) a
subclone of the founding clone gained additional mutations and
expanded at relapse (Ding et al., 2012). In another study it has
been demonstrated that in most patients the karyotype aberra-
tions found at diagnosis were stable at the time of relapse except
for patients with unfavorable aberrations at diagnosis. Anyhow
the acquisition of mutation appears to be less important that the
incomplete eradication of the founding clones. Taking together,
these findings suggest that AML relapse emerges from incom-
pletely eradicated founder clones, rather than from development
of new malignant clones (Kern et al., 2002; Ding et al., 2012).
In 2013, the Cancer Genome Atlas profiled 200 de novo AML
cases obtained by Whole Genome Sequencing (WGS) and Whole
Ezome Sequencing (WES), along with RNA and microRNA se-
quencing and DNA-methylation analysis (Cancer Genome Atlas
Research Network et al., 2013). This study identified 2585 somatic
mutations in coding regions of AML, of which 24 were have a
putative role in AML pathogenesis: These 24 gene were divided
into 7 functional categories (summarized also in table Table 1)
(Roussel et al., 2020):

e signaling genes: FLT3, Kirsten Rat Sarcoma (KRAS),
Neuroblastoma RAS wviral oncogene homolog (NRAS) and
KIT mutations;

e epigenetic homeostasis genes: Putative Polycomb group
protein ASXL1 (ASXL1) and Enhancer of Zeste Homolog
2 (EZH2), MLL fusions, DNA Methyltransferase 8 Alpha
(DNMT3A), Tet methylcytosine diozygenase 2 (TET2), Isocitrate
dehydrogenase 1 (IDH1), and Isocitrate dehydrogenase 1
(IDH2) mutations;

e NPM1 mutations;

e spliceosome-complex genes: Splicing factor, arginine/serine-
rich 2 (SRSF2), Splicing factor 3B subunit 1 (SF3B1), U2
Small Nuclear RNA Auziliary Factor 1 (U2AF1), and U2
small nuclear ribonucleoprotein auxiliary factor 35 kDa subunit-
related protein 2 (ZRSR2) mutations;

e cohesin-complex genes: RAD21 Cohesin Complex Com-
ponent (RAD21), Stromal Antigen 1 (STAG1), Stromal Anti-
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gen 2 (STAG2), Structural maintenance of chromosomes pro-
tein 1A (SMC1A), Structural Maintenance Of Chromosomes
3 (SMC3) mutations;

e myeloid transcription factors: RUNXI!, CEBPa, and
GATA Binding Protein 2 (GATA2) mutations, RUNX1-
RUNXI1T1, PML-RAR, Myosin Heavy Chain 11 (MYH11)-
CBFp fusions;

e tumor suppressive genes, WTI Transcription Factor
(WT1), Tumor Protein P53 (TP53) mutations with Phosphatase
and tensin homolog (PTEN) and Dynamin 2 (DNM2) dereg-
ulations.

Two or more of these driver mutations have been identified in 86%
of the patients. By the way, the "two hit model" proposed by
Speck and Gilliland was no longer sufficient to classify all known
“AML-alleles” (Moss, 2016; Meyer and Levine, 2014).

1.1.4.3 Clonal Hierarchy

The patterns of mutations seem to follow specific and temporally
ordered trajectories. Mutations in genes encoding epigenetic mod-
ifiers, such as DNMT3A, ASXL1, TET2, IDHI1, and IDH2, are
commonly acquired early and they are often present in the found-
ing clone. The same genes are frequently found mutated in elderly
subjects together with the condition of a clonal hematopoiesis and
both these factors are known to increase the risk of hematologic
cancers. Such mutations may persist after therapy-driven remis-
sion and further lead to a clonal expansion, eventually resulting
to the relapse of disease. In contrast, mutations involving NPM1
or signaling molecules (e.g., FLT3, RAS) are typical secondary
events that occur later during leukemogenesis. Genetic data are
now being used to inform disease classification, risk stratifica-
tion, and clinical care of patients. Two new provisional entities,
AML with mutated RUNXI and AML with BCR-ABL1, have
been included in the current update of the WHO classification
of myeloid neoplasms and AML with mutations in three genes
RUNX1, ASXL1, and TP53 have been added in the risk stratifi-
cation of the 2017 ELN recommendations for AML. Integrated
evaluation of baseline genetics and assessment of minimal residual
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disease are expected to further improve risk stratification and
selection of postremission therapy.

In conclusion, the identification of disease alleles will guide the
development and use of novel molecularly targeted therapies
(Bullinger et al., 2017; Dohner et al., 2017).

1.1.5 Diagnosis

The variety of AML manifestations in related to the leukemic
infiltration of the BM and extramedullary sites. The replacement
of normal BM hematopoietic cells with malignant blasts results
in neutropenia, anemia (normochromic and normocytic), throm-
bocytopenia and often in altered number of white blood cells.
The diagnosis and classification of AML are based on different
tests: morphologic, flow cytometric immunophenotyping, cytoge-
netics and Fluorescent in situ Hybridization (FISH), and molecular
testing (Rubnitz et al., 2008).

The initial diagnostic framework relies on morphological tests
aiming to evaluate both BM aspirate and BM biopsies (Schiffer
and Stone, 2003). BM aspirate is preferentially performed, while,
in cases of dry tap or diagnostic uncertainty (e.g., distinguishing
whether peripheral pancytopenia is related to AML or MDS),
bioptic specimens should be evaluated. The biopsy is always
indicated in those patients with AML suspect and no circulating
blasts in the peripheral blood. The diagnosis of AML requires
a blast count (myeloblasts, monoblasts, and megakaryoblast) of
at least 20% except for AML with t(15;17), t(8;21), inv(16), or
t(16;16) (Dohner et al., 2017). Immunophenotyping identifies a set
of cellular marker associated with AML. Cellular markers allow
a proper definition of hematological malignancies’ lineage and
differentiation, whereas cytogenetic or molecular abnormalities
further characterize subsets of AML (Vardiman et al., 2009).

1.1.6 Classification

The different classification systems for AML are based on etiology,
morphology, immune-phenotype and molecular abnormalities. In
1976 Bennet and colleagues proposed a uniform system of classifica-
tion and nomenclature for AML, known as the FAB classification,
based on blast morphology and the expression of surface antigens
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(Bennett et al., 1976). The 8 AML subtypes (FAB MO to M7,
Figure 3) distinguish by the grade of maturation of leukemic
cells. The more recent WHO classification and the following up-
dates (the latest in 2016) distinguishes AML in several different
categories (Arber et al., 2016):

e AML with recurrent genetic abnormalities and with gene
mutations:

— AML with with a translocation between chromosomes
8 and 21 (RUNX1-RUNXI1T1 t(8;21)(q22;q22));

— AML with a translocation or inversion in chromosome
16 (CBF-MYH11 inv(16)(p13.1¢q22) or inv(16));

— AML with a translocation between chromosomes 9
and 11 (Lysine Methyltransferase 24 (KMT2A)- Mized-
Lineage Leukemia Translocated To Chromosome 8 (MLLT3)
t(9;11)(p21;923));

— AML with a translocation between chromosomes 6
and 9 (DEK Proto-Oncogene (DEK)- Nucleoporin 21}
(NUP214) t(6;9)(p23;q34));

— AML with a translocation or inversion in chromosome
3 (Ribophorin I (RPN1)-MDS1 And EVI1 Complex
Locus (MECOM) t(3;3)(q21;q26) or inv(3));

— AML with a translocation between chromosomes 1
and 22 (RNA Binding Motif Protein 15 (RBM15)-
Myocardin Related Transcription Factor A (MKLI)
t(1;22)(p13;q13));

— AML with a translocation between chromosomes 9 and
22 (BCR-ABL1 t(9;22)(q34;q11));

— AML with a translocation between chromosomes 15
and 22 (PML-RAR t(15,17)(q22;q12));

— AML with MLL 11g23 abnormalities;

— AML with NPM1 mutations;

— AML with bialellic mutation of the CEBPa gene;
— AML with RUNX mutations.

e AML with myelodysplasia-related changes;
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e Therapy-related myeloid neoplasms;

e Myeloid sarcoma (also known as granulocytic sarcoma or
chloroma);

e Myeloid proliferations related to Down syndrome;

o AML Not Otherwise Specified (This includes cases of AML
that don’t fall into one of the above groups, and is similar
to the FAB classification):

— AML with minimal differentiation (FAB MO);

— AML without maturation (FAB M1);

— AML with maturation (FAB M2);

— Acute myelomonocytic leukaemia (FAB M4);

— Acute monoblastic/monocytic leukaemia (FAB M5);
— Pure erythroid leukaemia (FAB M6);

— Acute megakaryoblastic leukaemia (FAB M7);

— Acute basophilic leukaemia;

— Acute panmyelosis with fibrosis

1.1.7 Prognosis

The prognostic assessment of AML is extremely heterogeneous
and depends either on patient-specific features such as patient
age, medical comorbidities and performance status, and also on
underlying disease-specific features including both cytogenetic
and molecular aberrations. The prognostic stratification of AML
patients according to their risk of treatment resistance or Therapy-
related Mortality (TRM) help to guide physicians in deciding be-
tween standard or increased treatment intensity, consolidation
chemotherapy or allogenic HCT, or in choosing between estab-
lished or investigational therapies. Among clinical factors, in-
creased age and poor performance status are both associated with
lower rates of Complete Remission (CR) and decreased survival
(DiNardo and Cortes, 2016; Liersch et al., 2014; De Kouchkovsky
and Abdul-Hay, 2016).

The ELN prognostic guidelines released in 2010, aimed to pro-
vide a prognostic classification based on cytogenetic and known
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molecular abnormalities. The 4 prognostic categories with differ-
ent survival considered by ELN were: favourable, intermediate I,
intermediate II and adverse (Dohner et al., 2010). In 2017, the lat-
est refinement of ELN recommendations updated the genetic risk
stratification system by incorporating additional cytogenetics and
molecular prognostic factors (). Following the ELN-2017 risk strat-
ification, the number of categories were reduced to three because
of the distinction between the Intermediate-I category (including
only patients with normal cytogenetics) and the intermediate-
1T category (including patients with intermediate-risk abnormal
karyotypes) was eliminated (Figure 4). The adverse risk group
includes also patients with chromosomal rearrangements, such
as t(6;9)(p23;q34.1), £(9;22)(q34.1;q11.2), inv(3)(q21.3q26.2), mo-
somy or a complex karyotype (Three or more unrelated chromo-
some abnormalities in the absence of 1 of the World Health Orga-
nization (WHO)-designated recurring translocations or inversions,
that is, t(8;21), inv(16) or t(16;16), t(9;11), t(v;11)(v;q23.3), t(6;9),
inv(3) or t(3;3); BCR-ABLI). The karyotype rearrangments
1(8;21)(q22;q22.1), inv(16)(pl3.1q22) are considered favourable
events and associate with a better survival. Beside karyotype alter-
ations, the new guidelines include specific leukemia gene mutations
helping the prognostic assessment. In particular, mutations in
ASXL1, RUNX1, TP53 are considered adverse events. Conversely,
bi-allelic mutations in CEBPa associate with favourable outcomes.
The most common mutational events in AML occur in NPM1
and FLT3 genes, the latter is frequently hit by point mutations
in the kinase 2 domain (the most frequent FLT3 D835Y) or by
Internal Tandem Duplication (ITD) in the region coding for the
juxtamembrane and the kinase 1 domain. For instance, the NPM1
mutational status and the FLTS-ITD presence should be consid-
ered together, since NPM1 mutation is considered as a favourable
event in case of FLT-wildtype or FLTS-ITD with a low allelic bur-
den (<50%). A FLTS-ITD burden >50% has a negative impact,
leading to a poor survival (adverse category), partially mitigated
by the presence of mutation in NPM (intermediate category).

The introduction of molecular alterations allowed to refine the
prognostic classification based on karyotype and this is particularly
true for those patients with normal karyotype mostly belonging to
the intermediate risk group. By the way, the growing body of data
on the prognostic relevance of gene mutations, the use of gene
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mutations for risk stratification is no longer restricted to normal
karyotype patients but employed for the survival forecasting of
whole AML diagnosis.

1.1.7.1 Normal Karyotype AML patients

AML is an extremely heterogeneous disease driven by a complex
mutational landscape constituted by alterations involving whole
chromosomes or arms and hotspot genes. Among all the genetic
lesions, the karyotype abnormalities are the most important inde-
pendent prognostic factor. However, about the 40-45% of newly
diagnosed patients show normal karyotype and the majority of
nkAML patients are considered as intermediate risk (Nimer, 2008).
A variable amount of intermediate risk patients, ranging from 35%
to 45%, experience a 5-year overall survival, but clinical outcome
may vary greatly. The lack of cytogenetic abnormalities and the
heterogeneous outcome constitute a clinical matter for nkAML,
since the choice of treatment strategy for consolidation therapy
(chemotherapy versus autologous transplantation versus alloge-
nous transplantation) is still debated (Bienz et al., 2005). Despite
the refinement of prognostic stratification made possible by the
analysis of hotspot mutations in NPM1, FLT3, CEBPa, ASXL1,
TP53 and RUNX1, the prognostic assessment for the intermediate
risk patients results unsatisfactory.

Recent studies with nkAML patients provided intriguing insights
on the potential of sequencing approaches applied to the discovery
of new disease-related biomarkers. In example, Valk and colleagues
carried out the gene-expression profiling of 285 nkAML patients
by using Affymetrix U133A GeneChips containing approximately
13,000 unique genes (Valk et al., 2004). nkAML patients were
divided into several clusters based on molecular signatures.

In the study of Bullinger et al. the complementary-DNA microar-
rays were used to profile 116 diagnostic AML. the unsupervised
clustering analysis was applied to nk AML patients identified good-
outcome and poor-outcome classes associated with significant
differences in OS (Bullinger et al., 2004). This unsupervised algo-
rithm developed a clinical outcome predictor that was validated
in an independent data set. Later, the prognostic association of
Bullinger’s signature in normal nkAML patients was validated
using a different platform Affymetrix U133 (Radmacher, 2006).

11
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In this study Compound Covariate Prediction (CCP), statistical
techniques that may be used to assign individual patients to poor
or good outcome groups, was used and to assign patients to poor
or good outcome groups based on molecular signatures found by
Bullinger. Moreover, they developed a classifier that predicts out-
come in terms of Disease-free Survival (DFS) and OS (Bullinger
et al., 2004; Radmacher, 2006). Bullinger et al also profiled gene
expression of 138 samples of adult AML patients with normal kary-
otype using DNA microarray technology (Bullinger et al., 2006).
116 genes comprising expression pattern correlated with NPM1-
mutated and FLTS-1TD-negative nkAML patients were found.
Furthermore, they identified the HOX gene cluster of potential
pathogenic relevance in nkAML with NPMI-mutated/FLT3-ITD-
negative pattern, the expression of HOX genes clearly separated
the NPMI-wild type from the NPMI-mutated cases. On the
other hand the NPM1-unmutated cases displayed higher Brain
And Acute Leukemia, Cytoplasmic (BAALC) and MNI1 Proto-
Oncogene, Transcriptional Regulator (MN1) expression and the
newly defined signature also defined a NPMI-mutated group that
did not contain many FLT3-ITD-positive samples. These data
support a distinct molecular mechanism associated with the favor-
able outcome of NPM1-mutated/FLT3-ITD-negative AML cases,
thus improving the risk stratification and also the clinical mange-
ment of nkAML patients (Bullinger et al., 2006).

In a more recent study the authors profiled 221 nkAML pa-
tients by NGS; acNPM1, DNMTS3A, and acFLTS3-ITD were the
most frequently mutated genes and while DNMTS8A, FLTS3, IDH1,
PTPN11, and RA D21 mutations were more common in the NPM1-
mutated, IDH1R132) mutation was strictly associated with NPM1-
mutated patients and mutually exclusive with RUNX1 and ASXL1
(Salmoiraghi et al., 2020). In conclusion, the authors identified
mutations which are associated with different outcomes and which
help to select the most appropriate consolidation strategies.

It has been demostrated by Ibanez and colleagues that the pres-
ence of Cryptic Cytogenetic Abnormalities (CCAs) (CNAs and
Loss of Heterozygozity (LOH)) detectable by high-resolution SNP-
array and not by conventional cytogenetics had a negative impact
on the outcome of the nkAML patients (Ibanez et al., 2020).
While many challenges remain to be overcome, a combination of
gene expression profiling with other microarray-based applications,
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high-throughput mutational analyses and proteomic approaches
could grant significant insights into knowledge of the AML patho-
genesis in normal karyotype patients. The further characterization
of the known molecular signatures could allow the setting up of tai-
lored therapies for a risk-adapted treatment of the heterogeneous
subset of nkAML patients.

1.1.8 Treatment

The growing knowledge of the molecular landscape of AML fos-
ters the development of different treatment strategies specifically
targeting the recurrent disease biomarkers. The initial therapeutic
framework has not changed substantially in the past 30 years
(Dohner et al., 2017), nonetheless, a variety of scoring systems
basing on patient and disease -specific factors help the clinician to
assign patients to intensive or alternative treatment (Ossenkoppele
and Lowenberg, 2015; Walter et al., 2011; Klepin, 2014; Klepin
et al., 2013).

Age is one of the most important parameters to evaluate relate to
treatment choice, in particular when we want to consider whether
a patient could be consider a suitable candidate for the intensive
induction chemotherapy. The age is also an important parameter
for assessing the risk of TRM after intensive therapy and it is
usually most relevant in older patients (commonly age 65) (Krug
et al., 2010). However, age alone should not be decisive determi-
nant for the choice of the most appropriate treatment.

The first-line treatment (induction therapy) for AML young adults
(<65) and for older patients (age >65) is the intensitive anthra-
cycline and cytarabine regimen, “7 + 3”7, especially for those
harbouring NPM1 mutations and CBF leukaemia. Several studies
demonstrated that older patients may benefit more from “inten-
sive” than “non-intensive” induction therapy . The goal of the
induction therapy is the achievement of morphologic CR. CR is
achieved in 60%-80% of younger adults and in 40%-60% of older
adults after 3 days classic induction therapy.

Several clinical trials with novel agents targeting specific mutations
are under evaluation:

e FLT3 inhibitors. FLT3 is a receptor tyrosine kinase and
it is mutated in at least 30% of AML. The most frequent

13
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mutation in FLT3 is the ITD, which is a gain-of-function
reported in about 25-35% of newly diagnosed AML (Antar
et al., 2020). The first generation drugs belonging to this
group includes midostaurin, lestaurtinib, tandutinib suni-
tinib and sorafenib. It has been demonstrated that these
drugs, used as single agent, have limited effects showing only
transient reduction of blood and BM blasts but an increased
toxicity (Sudhindra and Smith, 2014). In the RAFITY
trial the application of intensive induction and consolidation
chemotherapy plus midostaurin or placebo followed by a
1-year midostaurin/placebo improves the OS;

Gemtuzumab ozogamicin. Gemtuzumab ozogamicin is
a monoclonal antibody conjugated with calicheamicin that
targets CD33, an antigen found on the blast cells’ membrane.
(D33 is an antigen expressed in about 85-90% of AML cases
(De Propris et al., 2011).

Two different studies using two different single Gemtuzumab
ozogamicin dose on days 1, 4, and 7 of induction chemother-
apy in older patients belonging to favorable or intermediate
risk group shown survival benefit (Burnett et al., 2012; Cas-
taigne et al., 2012);

CPX-351. CPX-351 is a dual-drug liposomal encapsulation
of cytarabine and daunorubicin at 5:1 molar ratio (Tardi
et al., 2009). In the randomized phase II study of Jeffrey
E. Lancet and colleagues the CPX-351 improved OS and
Event-free Survival (EFS) in the group of patients (age 60
to 75 years) with sAML against the gold standard "7+3"
regimen (Lancet et al., 2014). The following phase III eval-
uates the response to CPX-351 against "7+43." regimen in
older patients (age 60 to 75 years) with newly diagnosed in
therapy-related AML or AML with myelodysplasia-related
changes. CPX-351 produced a higher response rate and
longer OS. Taking together these data suggest how CPX-
351 could improve therapy for older patients with high-risk
AML (Lancet et al., 2018);

Isocitrate Dehydrogenase Inhibitors. I/DH mutations,
either IDHI (IDH1®32) or IDH2 (IDH2R140 [DH2RIT2),
occurs in at least 20% of AML (Liu and Gong, 2019). Ivosi-
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denib, the IDH1®132 inhibitor, was approved in refractory or
relapse AML as monoterapy. Ivosidenib could induce the cell
differentiation with no significant cytotoxic events in mutant
IDH1 AML cells . A phase III study evaluating the efficacy
and safety of Ivosidenib combined with azacytidine in newly
diagnosed AML who are not suitable for intense chemother-
apy is ongoing (Fernandez et al., 2019). Enasidenib, the
IDHZ2 inhibitors, shows a more powerful inhibitory effect on
R172 rather than R140. The results from a phase I/1I study
indicate that Enasidenib as monotherapy in adult refractory
or relapse AML is efficacious and safe (Stein et al., 2020).
There are several ongoing clinical trial that assess the com-
bination between Enasideninb and azacytidine. Azacytidine
and IDH inhibitors can directly or indirectly reduce DNA
methylation levels and have synergistic effects on inducing
cell differentiation (DiNardo et al., 2021);

e Purine analogs. The purine analogues are antimetabo-
lites that mimic the structure of metabolic purines. It has
previously demonstrated that the addition of cladribine to
“7+3” in adults up to age 60 years produced a higher CR
rate and better OS than 743, particularly in patients age
50 to 60 years and in those with adverse-risk cytogenetics
(Holowiecki et al., 2012). In the study of of Burnett and
colleagues they compare clofarabine plus daunorubicin vs
daunorubicin/ara-C in older patients with AML or high-risk
MDS without any statistical differences in OS, relapse and
CR (on behalf of the UK NCRI AML Study Group et al.,
2017).

The induction therapy is usually followed by a consolidation ther-
apy with the aim to prevent disease relapse and to control Minimal
Residual Disease (MRD) in the BM. The induction therapy is
substantially the same across the prognostic group of AML, con-
versely, the consolidation therapy mostly depends on the risk
assessment of the patient. The consolidation therapy could in-
clude intensive chemotherapy followed by autologous or allogenic
HCT when available. Despite the initial choice of consolidation
therapy, it is important to determine the availability of a marrow
or stem cell donor as soon as possible following the initial diagnosis
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of AML. The availability of a matched donor allows the timely
transplantation for those patients who does not meet a clinical
remission and defines the therapeutic option once a remission is
achieved.

In patients with favorable risk, consolidation therapy is based
on the use of cytarabine. In those belonging to the intermediate
risk group the choice between conventional chemotherapy and
allogenenic HCT is based on: the individual risk of relapse, donor
availability, performance status, comorbidities and also patient
preferences. For patients in the adverse risk group, the allogeneic
HCT is the main choice (Schlenk, 2014). For patients not suitable
for the intensive chemoterapy the treatment strategy is limited
to the best supportive care, low-intensity treatment, or clinical
trials with investigational drugs. Low-intensity options are either
low-dose cytarabine or therapy with hypomethylating agents.

1.2 Nanopore Sequencing

1.2.1 First Generation Sequencing

In 1977, Sanger and colleagues announced a new method to deter-
mine the nucleotide sequence of DNA strands, which is nowadays
known as Sanger sequencing. (Sanger et al., 1977).

The Sanger method takes inspiration from a previous work demon-
strating the inhibitory activity of Dideoxythymidine Triphos-
phates (ddTTPs) on DNA polymerase 1. Indeed, ddTTPs lack
the 3’ hydroxyl group needed to form the phosphodiester bond
between a nucleotide and the following one during DNA strand
elongation and hence cause the chain termination when incorpo-
rated into the nascent fragment by the DNA polymerase (Atkinson
et al., 1969).

When an oligonucleotide primer and single-stranded target DNA
are incubated in the presence of a mixture of Deoxythymidine
Triphosphates (ATTPs) and *?P-radiolabeled, corresponding to
the four DNA bases, the newly produced fragments will result in
strands having all the same 5’ and terminating with a ddTTPs
residue at the 3’. The mixture of fragments is then fractioned by
electrophoresis on acrylamide gel to distinguish pattern of bands
revealing the distribution of dTTPs in the newly synthetized DNA.
By using ddTTPs terminators for each of 4 nucleotide types in
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separate incubations followed by acrylamide gel (i.e. one lane
for each type of ANTP), a pattern of bands is obtained, from
which the entire sequence of the newly synthetized DNA can be
deducted (Metzker, 2005).

The Sanger sequencing has been implemented over the years, by
including: (1) the development of fluorescent terminator dyes to
eliminate the risk caused by the radioisotopes used for labelling;
(2) the introduction of thermal-cycle sequencing to reduce the
quantity of required input DNA and thermostable polymerases
to efficiently and accurately incorporate the terminator dyes into
the growing DNA strands; (3) the replacement of acrylamide gel
electophoresis with multichannel capillary electrophoresis powered
by automated, refillable and reusable capillaries, and the intro-
duction of electrokinetic sample loading.

The automated Sanger sequencing platforms (Applied Biosystems)
were successfully exploited for the sequencing of the first human
genome , completed in 13 years by the Human Genome Project
consortium with an estimated cost of 2.7 billion of § (Lander et al.,
2001). Although relatively slow and not as cost-effective for high
numbers of targets when compared to current NGS standards, the
Sanger method remains the most appropriate sequencing strategy
for low throughput applications (e.g. verify plasmid constructs).
Moreover, Sanger sequencing is currently used to complement NGS
for those regions notoriously difficult-to-sequence (e.g. GC-rich
and low-complexity regions), and to confirm NGS results (Behdad
et al., 2015; Mu et al., 2016).

The first Sanger sequencing projects determined the sequence of
small DNA regions, comprising at most a single gene, or very small
genome (~ 5000% bases at most). The following introduction of
the Staden Package, developed by Roger Staden in concert with
Sanger’s laboratory, led to the possibility to sequence long DNA
molecules. The Staden Package, compiled for use on early Unix
operating systems, allowed to randomly sheared a large original
DNA source in order to be sequenced randomly, whose original
sequence reconstruction was further accomplished by computa-
tional overlapping of multiple sequenced strands (Staden, 1984,
1979, 1996).

As sequencing projects became focused on longer DNA sequences
and on larger genomes, the phred/phrap/consed suite from Phil
Green’s laboratory rapidly supplanted the Staden Package. The
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phred provided statistics on basecalling accuracy of Sanger reads,
phrap was a read assembly program, and consed was an assembly
viewer and editing program (Ewing and Green, 1998; Gordon
et al., 1998).

1.2.2 Second Generation Sequencing

Large-scale massively parallel sequencing, also known as Second
Generation Sequencing (SGS) or NGS, was commercialized since
10 years. The Sanger sequencing method could be applied to short
DNA strands (ranging from 100 to 1000 bp), thus long DNA se-
quences must be fragmented into smaller fragments and sequenced
separately. Once the sequencing is done these short sequences
are assembled to give the overall sequence. The fragmentation
of long DNA molecules could be performed by genome walking,
a DNA-cloning methodology used to isolate unknown genomic
regions adjacent to known sequences, or by the shotgun sequenc-
ing strategy, which was introduced during the Human Genome
Project, laid the foundation for massively parallel sequencing (Li
et al., 2019). In shotgun sequencing, the DNA sample is randomly
broken up into many small pieces, sort of shotgun fashion, further
sequenced individually. The resulting sequencing reads generated
from the different pieces are then analyzed by means of dedicated
software aiming to look for stretches of sequence from different
reads that are identical with one another. When identical regions
are identified, they are all overlapped, allowing the two sequence
reads to be stitched together. This process is repeated yielding
the complete sequence of the origin DNA (Fleischmann et al.,
1995).

The release of the first truly high-throughput sequencing platform
by Lynx Therapeutics (later purchased by Illumina) marked the
beginning of the SGS technologies. The SGS platforms could
produce large amounts of DNA reads (typically millions to bil-
lions), with a length between 25 and 400 bp, conversely, Sanger
sequencing reads range from 300 to 750 bp (Barba et al., 2013,
2014).

SGS methods can be broadly grouped into Sequencing By Hy-
bridization (SBH) and SBS approaches.

On one hand, SBH approach exploits an arrayed of oligonucleotides
that allow the detection of complementary sequences in the target
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template (Drmanac et al., 2002). On the other, in SBS approach,
a polymerase is used and a signal, such as a fluorophore or a
change in ionic concentration, identifies the incorporation of a
nucleotide into the elongating strand.

In both SBH and SBS approaches, the template is first clonally
amplified by Polymerase Chain Reaction (PCR). In SBS tech-
nologies the individual DNA molecules are distributed in millions
separate wells or tethered to specific locations on a solid substrate.
The first step of template generation is fragmentation (usually by
sonication or enzymatically) followed by ligation to common adap-
tors for clonal amplification and sequencing. The DNA molecules
were amplified by PCR or by isothermal modified “rolling circle”
amplification methods prior to be subjected to DNA synthesis
reactions. In this reactions labeled nucleotides, or chemical reac-
tions based on the incorporation of a particular nucleotide, are
imaged or otherwise detected on a solid surface (Slatko et al.,
2018). Overall the shortest reads produced by SGS platforms
have an intrinsic higher error rate compared to Sanger sequencing,
so many thousands of identical copies of a DNA fragment resulted
from the massively parallel sequencing and the following identi-
fication of a consensus sequence allow the reconstruction of an
accurate sequence (Goodwin et al., 2016). The available strategies
for clonal amplification of a template are summarized in Figure 5.
In bead-based preparations (Figure 5, panel A), the template is
hybridized to bead-bound primers. The template is amplified by
Emulsion PCR (emPCR) in order to obtain thousands of clonal
DNA fragments immobilized on a single bead. Beads can in turn
be distributed onto a glass surface (Jae et al., 2007) or arrayed
on a PicoTiterPlate (Leamon et al., 2003).

In solid-state strategies (Figure 6, panel B and C), amplification
is directly achieved on a slide. Forward and reverse primers are
covalently bound to the slide surface, either randomly or on a
patterned slide (i.e. a flow cell), and provide complementary ends
to which template can bind.

The only approach that achieves template enrichment in solu-
tion is currently the Complete Genomics technology used by the
Beijing Genomics Institute (Figure 6, panel D). In this kind of
approach the DNA forms a circular template, also known as rolling
circle amplification, which generates up to 20 billion discrete DNA
nanoballs that are in turn distributed onto a patterned slide sur-
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face containing features that allow a single nanoball to associate
with each location (Drmanac et al., 2010).

1.2.3 Sequencing By Hybridization

In the SBH approaches a collection of overlapping oligonucleotide
sequences is assembled together to determine the specimen’s DNA
sequence (Church, 2006).

More in depth, an oligomer constituted by a known sequence hy-
bridizes specifically with a target DNA and reveals the existence
of one or more complementary n-mer sequences within the chain.
A particular n-mer sequence occurs roughly once in every 4n/2
base pairs of double-stranded DNA. As easily demonstrated, wide
DNA molecules require longer probes in order to avoid situations
in which every probe has one or more complementary sequences
in the target, leading to the complete loss of specific information.
Similarly, short probes could lead to loss of specific information
because their intrinsic ability to frequently bind most of the tar-
gets. On the other hand, very long probes occur so rarely, hence
it is difficult to design probes if the target sequence is not known
a priori (Drmanac et al., 2010). In general, SBH experiments
may use probe sets of length ranging from 5 to 25 bases. A probe
can have either one (i.e. one-base-encoded probes) or two (i.e.
two-base-encoded probes) known bases followed by a series of
degenerate bases that drive complementarity between probe and
template. After hybridization, the template is imaged and the
known base or bases in the probe are identified. A new cycle
begins after complete removal of the anchor-probe complex or
through cleavaging fluorophore and to regenerate the ligation site.
Figure 6 illustrates these details.

SOLiD SBH sequencing platforms are based on two-base-encoded
probes (Figure 6, panel A) where each fluorometric signal repre-
sents a dinucleotide. The 16 possible dinucleotide combinations
cannot be identified with spectrally-resolvable fluorophores, for
this reason, four signals, each representing a subset of four din-
ucleotide combinations, are used as decoding markers, further
deconvoluted during data analysis (Valouev et al., 2008).
Complete Genomics technology performs DNA sequencing by us-
ing cPAL or cPAS, the latter is is a modification of cPAL in which
hybridization probes are from a pool of one-base-encoded probes
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(Figure 6, panel B) (Fehlmann et al., 2016).

SOLiD platform could be used for whole genome resequencing,
targeted resequencing (sequencing a sample for which a reference
genome already exists), transcriptomics (including gene expression
profiling, small RNA analysis, and whole transcriptome analy-
sis), and epigenomics (like ChIP-Seq and methylation) (Liu et al.,
2012).

1.2.4 Sequencing By Synthesis

in SBS approaches, a DNA polymerase is used to add nucleotides
into the elongating strand. Each added nucleotide is recognized
as a signal by the release of a fluorophore or a change in ionic
concentration.

The sequencing library preparation has the goal to conjugate uni-
versal platform-specific adaptors to each strand end of previously
fragmented DNA/RNA, allowing the binding of the template to
the solid surface. The DNA template covalently bound to the
solid is further amplified by bridge PCR and primed by sequences
complementary to the adaptor region that enable the polymerase
binding. In each cycle, a mixture of four individually labelled and
-blocked Deozyribonucleotide Triphosphates (AINTPs) are added.
Once the labelled base is added to the forming chain, an imager
detetcts the type of ANTPs bound. After the imaging step the
3/-blocked dNTPs and the unbound ones are removed by washing
and a new cycle begins (Mardis, 2008).

In Illumina platforms SBS take place on a solid support, named
flowcell, where DNA molecules are tethered to specific locations.
The Illumina sequencing approach is summarized in Figure 7. In
most of Illumina devices, all four nucleotides are added simul-
taneously, each bound to a single fluorophore, along with DNA
polymerase to give the start to the solid-phase bridge amplification.
The internal reflection fluorescence microscopy reveals the ANTP
incorporated using four different laser channels. Illumina HiSeq
series rely on Tour imaging channels, he NextSeq and Miniseq
implemented synthesis detection through two-fluorophore system
(https://www.illumina.com/).

The NGS platforms that rely on SBS differ from each other by
the different method to detect dNTPs incorporation There are
substantially two main methods classified as direct and indirect
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methods (McCombie et al., 2019). The indirect one differs from
the direct, mentioned above, because it is based on the indirect
detection of signal produced by each nucleotide incorporation.
This indirect method does not require the 3’-blocked, as the ab-
sence of the following nucleotide prevents the elongation. However,
the sequencing instruments based on this indirect detection show
lower accuracy when applied to low-complexity region, due to
presence of identical adjacent nucleotides composing the sequence.
Figure 8 summarized the two groups by which the indirect method
is divided. The two group differ by type of the metabolite released
during the incorporation of the dANTPs in: (1) detection of py-
rophosphate released during nucleotide incorporation by a highly
sensitive Charge-Coupled Device (CCD) camera (e.g. Roche 454),
(2) detection of the pH shift, by a miniaturized pH meter, occur-
ring at every dNTP incorporation (e.g., Ion Torrent). The Roche
454 Pyrosequencer is the first NGS platform commercially released
in 2004 (Figure 8, panel A). The fragments used for the library
are incorporated with agarose beads thanks to the 454-specific
adapter sequence, in order to obtain one fragments each bead.
This complex is sequestrated into an oil micelle that contains all
the PCR reagents necessary to the following emPCR reaction.
The template-bound beads, together with an cocktail of enzymes
are arrayed, one bead per well, into a PicoTiterPlate were take
place the enzymatic reaction generating a bioluminescence signal.
The CCD records the light emission from each bead. The 454
basecalling software calibrated itself by recording the light emitted
by the first four nucleotides (TCGA) added adjacent to the primer.
On one hand, this calibration is not fully satisfactory when applied
to interpret long stretches (>6) of the same nucleotide, in this case
the resulting sequence could contain insertion or deletion errors;
on the other hand, since the pyrophosphate release is nucleotide
specific, substitution errors are extremely rare (Goodwin et al.,
2016; Mardis, 2008).

The Ion Torrent (Figure 8, panel B) sequencing technology was
the first platform commercially released without optical sensing
(Rothberg et al., 2011). The Ion Torrent sequencers, distributed
by Thermo Fisher Scientific (Figure 8, panel B), rely on the de-
tection of HT ions released at every incorporation of a dNTP, by
metal-oxide-semiconductor and an ion-sensitive field-effect tran-
sistor. Like the 454 Pyrosequencer, the sensor resulted inaccurate
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in detecting the pH change of homopolymer.

Given the high amount of data generated by NGS platforms, mul-
tiple and different analytical steps are needed. The raw data
produced by NGS platforms are more suitable for resequencing ap-
proaches rather than for de novo assembly (sequencing an entirely
new species, there is no pre-existing, similar sequence to help us
out in determining where genes are located) due to their typical
reads length. Resequencing of candidate genes or other genomic
regions of interest in paired samples, patients and controls, is of
key importance to identify pathologic mutations. Resequencing
techniques could test for known mutations (genotyping) or scan
for any mutations in a given target region (variation analysis).
Once data generated are checked for quality, the alignment of
the reads to the reference genome is crucial for the sample geno-
typing. To this purpose several read alignment algorithms were
developed to map sequencing reads to an existing genome refer-
ence. Aligned data are then inspected by variant-callers to detect
Single-Nucleotide Polimorphisms (SNPs), known as substitutions
or point mutations, and other frameshift, in which one or more
nucleotides were either added or deleted. The typical structure
of insertion or deletion (indel) could challenge their alignment to
the reference resulting often under-detected; the introduction of
paired-end reads constitutes one of the most important technical
improvements that facilitate the detection of such structural ab-
normalities. The paired-end reads sequencing is adopted by NGS
platforms (e.g. Illumina) in order to boost the quality of data;
the analysis of both ends of the same fragments, made possible
by a asecond set of reads with the opposite orientation respect
to the first set generated https://www.illumina.com/science/
technology/next-generation-sequencing/plan-experiments/
paired-end-vs-single-read.html. The paired-end approach
facilitate also the identification of the other genomic rearrange-
ments, such as duplications or amplifications, large deletions or
more complex rearrangements such as translocations and inver-

sions (Mardis, 2008; McCombie et al., 2019).
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1.3 Third Generation Sequencing

The technical advantages provided by massive parallel sequencing
made such technology spread to worldwide laboratories and NGS
became a standard for many applications in basic and clinical
biology. Despite the undeniable advantages granted by NGS, the
short-reads approaches pose several limitations, mostly due to
the typical reads length. As an example, the resolution of se-
quences rich for repeated elements, as those of CEBPa or FLT3,
results ambiguously erratic when addressed by short-reads sizing
not more than 500 bp. As a matter of fact, a repeated region
could be erroneously collapsed on top of one another, causing
complex, misassembled rearrangements (Treangen and Salzberg,
2012b; Mantere et al., 2019). Overall, the repeat content in the
human genome is ~50% and , in contrast, the percentage of short
reads mapping to unique region on the human genome is typically
reported to be ~80%, although this number varies depending
on the read length, the approach used (e.g. single-end reads or
paired-end reads) and and the performance of the aligner used
(Treangen and Salzberg, 2012a). This discrepancy mainly depends
on that most repeats are inexact, which implies that they will have
a unique best match even if the same sequence occur with slight
variations in other locations, as shown in panel A of Figure 9.
Assigning reads to the location of their best alignment, is the
simplest way to resolve repeats, although it is not always correct.
For example, assume that the same read map to two locations, A
and B, where the read aligns with one mismatch at A and with
one deletion at B. If the aligner considers mismatches more likely
to happen than deletions, then it will put the read in location A.
However, if the source DNA has a true deletion, then the read
would perfectly match position B. This true-to-life problem, that
is inherent in the process of aligning reads to a reference genome,
is also illustrated in panel B of Figure 9. This situation happens
not only in the context of repetited element but whenever a read
maps to multiple locations.

Short reads sequencing could also limit the phasing of haplotypes
(the process of estimation of haplotypes, maternal or paternal,
from genotype data), this is mostly due to the physiological differ-
ent location of certain alleles in maternal and paternal genomes,
preventing the coverage of the whole region of interest by reads of
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limited extent (Tewhey et al., 2011).

Taking into the account all the NGS advantages and limitations,
short reads approaches fit at best for SNPs and few bp indel
identification, but in turn, they results inadequate to resolve wide
and complex SVs (Weischenfeldt et al., 2013a).

In addition to the above mentioned limitations due to the short
reads, the fact that NGS methods rely on PCR causes biases with
regions of extreme GC%.

In this scenario the so-called TGS technologies emerged rapidly
providing reads length in excess of several kilobases and may
allow to overcome the above mentioned limitations (van Dijk
et al., 2018). The first TGS platforms commercially available were
produced in chronologically order by PacBio and ONT.

1.3.1 PacBio Single-Molecule Real-Time
Sequencing

The PacBio released the PacBio RS sequencer that exploits the
Single Molecule real Time (SMRT) sequencing technology which
enables the real-time detection of nucleotide incorporation events
during the elongation of the replicated strand (Eid et al., 2009).
The template to be sequenced, also called SMRTbell, is a single-
stranded circular DNA generated by the ligation of hairpin adap-
tors to both ends of the Double-stranded DNA (dsDNA) molecules.
The real time detection of labeled nucleotide incorporation events
occurs in a cavity tens of nanometers in diameter deposited on a
glass substrate , also called Zero Mode Waveguide (ZMW). The
key reagents of SMRT, labelled dNTPs, an anchored DNA poly-
merase and SMRTbell, are mixed together in the ZMW where
the emission of light with distinct spectrum caused by nucleotides
incorporation is measured ate every cycle. More in depth, in each
ZMW a DNA polymerase, anchored to the bottom glass surface,
bind the hairpin adaptors of the SMRTbell and start to add nu-
cleotides to the strand. Once a labelled base used by polymerase,
a laser light exciting the dNTPs results in light signal emission
that further computed produce the sequence of the incorporated
bases (Rhoads and Au, 2015; Eid et al., 2009). This process take
place in every ZMW of the SMRT cell and the pulses in each
ZMW correspond to a sequence of bases (called Continuous Long
Read (CLR)). Figure 10 panel Aa gives an overview of the SMRT
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sequencing approaches commercially available.

PacBio sequencer is also capable to detect modified nucleotides
(e.g. 6-methyladenosine) through the registration of the time-shift
between nucleotides incorporation which results delayed in case
of modified nucleotides (Figure 11, panel A,B and C).

The average length of the reads produced by PacBio RS sequencer
was ~1500 bases with a mean error rate of ~13%. The latest
PacBio sequencer, the PacBio RS II together with the introduc-
tion of Circular Consensus Sequence (CCS) technology improved
these parameters raising the average read length to 13.5 kilo-
bases and the accuracy to ~ 99.91% (Wenger et al., 2019). The
key advantage of CCS technology is represented by the increased
lifetime of the DNA polymerase. The SMRTbell forms a closed
circle in which each polymerase replicates the strands multiple
times depending on its lifetime. In this scenario, multiple reads
could be obtained by splitting the CLR after adapter sequences
is recognized and cleaved. The resulted consensus sequence of
multiple subreads in a single ZMW is further assembled to form
the CCS (Rhoads and Au, 2015; Eid et al., 2009).

1.3.2 Nanopore Sequencing

ONT developed the first sequencing technology that uses nanopore
as biosensor to sequence long DNA molecules. The first commer-
cially released ONT sequencing device was the MinION, a pocket-
sized cost-affordable instrument producing high-throughput se-
quencing data in real time (Ip et al., 2015)(https://nanoporetech.
com/products/minion).

Each nanopore hosted in the flowcell is connected to an elec-
trode and a sensor chip (called Application-specific Integrated
Circuit (ASIC)) that measures the electric current flowing through
the nanopore channel. As the DNA molecule translocate through
the pore, the different combination of the nucleotides creates
a characteristic disruption in the ionic current, also referred as
"squiggle". The observed shift in the ionic current is not influ-
enced by a single nucleotide, but rather than k-mers. A k-mer
is subsequence of length k part of a nucleic acid strand; ONT
exploits the signal derived from 5-mers (Lu et al., 2016). When a
DNA molecule comes in proximity of the pore, an helicase enzyme
unwind the paired double strands and foster the translocation
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of a single strand through the pore (Figure 10 panel Ab). The
"squiggle" resulted from the passage of the 5-mers composing the
strand is decoded in real time by the basecalling algorithms to
output the DNA (RNA or ¢cDNA) sequence. The changes in the
ionic current are influenced also by epigenetically-modified bases,
as shown in panels D, E and F of Figure 11.

Basecalling is a crucial step for nanopore sequencing workflow
as it allows the conversion of raw current signal into a string of
nucleotides.

The first Nanopore basecalling algorithm was provided on the
metrichor cloud and was based on Hidden Markov Models (HMM).
Metrichor for R7.3 version of flowcell recognized the electric sig-
nal from 6-mers. Since ONT growing rapidly and basecalling
algorithms developed dynamically, actually most of them are dep-
recated (e.g. metrichor and albacore). The study of Wick and
colleagues compared 4 basecalling algorithms developed by ONT:
Albacore, Guppy, Scrappie and Flappie and third-party basecaller,
Chiron (Teng et al., 2018). They concluded that Guppy performs
best, in terms of both read and consensus accuracy. The Table3
shows the features of ten basecallers specifically developed specifi-
cally for nanopore sequencing (Wick et al., 2019; Makatowski and
Shabardina, 2020).

The read length of nanopore sequencing has no apparent technical
limit but it is highly affected by the quality and the fragmentation
of the input sample, therefore the nucleic acids extraction is a key
step to control in order to maximise the throughput of sequencing.
The main drawback of nanopore sequencing is the relative high
error rate (range from 5% to 20%) compared to other sequencing
technologies. To increase the accuracy, ONT developed a method
to sequence both strands of a double-stranded DNA molecule. In
this method, called 1D?, an adaptor with a specialized sequence
promotes the entry of the second strand into the pore after the
first one was flowed. The 1D? protocol could increase the accuracy
up to 97% and lower the error rate to 6.7%. Given that both
strands of each molecules are sequenced, the consumption of pores
is doubled and the boost in terms of accuracy comes at the cost
of a lower sequencing throughput (Silvestre-Ryan and Holmes,
2021).
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In current practice, karyotype drives the prognostisc stratification
and the choice of risk-adapted therapies for AML patients. The
25-30% of total AML diagnosis result with normal karyotype by
standard cytogenetics test. The prognostic assessment of nk AML
patients relies on the analysis of the molecular determinants as
NPM1, FLT3, CEBPA, ASXL1, TP53 and RUNX1. Nonetheless,
the assignment of the risk probability following ELN guidelines
is poor satisfactory for nk AML patients and this is particularly
true for those that result negative for the mentioned hotspot
mutations. As a matter of fact, nkAML shows a high mutational
diversity that reflects the heterogeneous outcomes observed in
patients. To address such clinical need, in the present study I
extensively screened the whole genome of nkAML patients with
the aim to identify new genomic aberrations of impact on prognosis
and response to therapy, eventually able to refine the actual risk
classification largely based on a limited number of gene mutations.

Despite the undeniable advantages introduced by the massive
parallel sequencing through NGS platforms (i.e. Illumina or Ton
Torrent), such technologies result inadequate to resolve complex
and wide genomic structures such as long repetitive elements or
structural variations (inversions, translocations, insertions and
CNAs longer than 50bp) mostly due to their ability to only gener-
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ate short reads comprised between 100-300 bp. For instance, SVs
can extend to well over megabases of sequence, accounting for
more varying base pairs than any other class of sequence variants
(Ho et al., 2020). SVs are involved, and eventually driver of, sev-
eral human neoplasia and pathologic conditions, such as cognitive
disorders (Rovelet-Lecrux et al., 2006), obesity ((Walter et al.,
2011) and cancer (PCAWG Structural Variation Working Group
et al., 2020) among others (Weischenfeldt et al., 2013b). Despite
SVs are of major relevance to understand the etiology and the
manifestations of disorders, they have been largely understudied,
mostly because their identification is hindered by technical chal-
lenges of short-read based technologies, especially for repetited
DNA elements, also known as low-complexity regions, which are
known to be SVs hotspots (1000 Genomes Project et al., 2011).
Indeed, it has been shown that, from a computational perspective,
short-read alignment and assembly of genomic repeated elements
result ambiguously erratic and, in turn, could introduce errors in
the genetic variant calls (Treangen and Salzberg, 2012b). In this
scenario, the rise of TGS technologies aims to overcome such limi-
tations by the introduction of a new sequencing approach based
on long reads. The employ of TGS technologies could facilitate
the study of genome “twilight regions” unsatisfactory covered by
NGS or, on the other hand, too small in size to be addressed by
cytogenetics.

Among TGS platforms, ONT developed the first devices that
use nanopores as biosensor capable to sequence long molecules
of DNA (single or double stranded) sizing up to hundreds Kbs.
ONT is based on 2048 individual protein nanopores embedded in
a matrix and constituting the flowcell. The nanopores allow the
translocation of DNA strands through their inner channel by a
drift-diffusion process that result in the perturbation of the ionic
current constantly applied to the matrix. The measure of the
current changes generated by the passage of the oligonucleotides
is fulfilled by an ASIC with a constant sampling frequency. Raw
current data are collected and analyzed by MinKNOW, the ad-
ministration software, that manages every step of the sequencing
run since the loading of the library into the flowcell to the out-
put of raw data. Of interest, ONT devices can directly sequence
purified nucleic acids, not pre-amplified, thereby allowing the
analysis of “un-touched” samples and minimizing the introduction
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of biases possibly arising from PCR reactions. The long reads
sequencing has the potential to study complex alterations involv-
ing wide genomic regions improving the detection potential SVs.
In this context, ONT suggests a great potential ability in the
SVs identification with higher precision than current NGS SVs
detection tools. Given the intriguing possibilities offered by the
nanopore-based sequencing, I reasoned to use long-read ONT tech-
nology to comprehensively screen the genome of a/two cohort(s)
of nkAML patients with the aim to identify possible SVs went
undetected with conventional methods. The further analysis of
genomic data was arranged to identify those newly discovered
SVs with prognostic impact by correlating clinical, molecular and
sequencing information of nkAML cohort(s). Moreover, the aber-
rant molecules that could be generated by such SVs may represent
new targets for future therapies. The integration of new molec-
ular markers, detected by an innovative approach, with known
mutations has the potential to improve the current prognostic
stratification for nk AML patients, representing a step toward a
tailored medicine aiming to improve the clinical management of
nkAML patients.

The pipeline developed in this study is further described in detail
in Methods. The Results shows the findings of the study, illustrat-
ing the sequencing data, the bioinformatics and the correlation
analysis. The Discussion provides a critical revision of results and
their application to the AML clinical context.
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3.1 Samples Collection

To the purpose of this study, a cohorts of patients diagnosed
with AML resulted normal karyotype according to conventional
cytogenetics were enrolled from Florence hematology unit and
from the AML 1310 GIMEMA study. Clinical, laboratory, im-
munophenotypic and molecular data are examined at diagnosis,
and information relating to the treatment and outcome of patients
for the duration of follow-up.

The whole cohort is composed by 152 samples diagnosed with
AML from 2010 to 2017, the median age at diagnosis is 51 years
(ranging from 19 to 74), the mean white blood cells count was
22700 (ranging from 1060 to 435000) and the median OS time is
44 months (lower 95% 37.4, upper 95% 48.8); the median DFS
time was 40 months (lower 95% 31.86, upper 95% 46.13). Overall
the 37.6% of patients undergo to allogenic HCT. All the samples’
clinic characteristics were summarized in table Table 4.

Patients provided informed consent for the use of archival material
for the use of archival material for SVs analysis and the study
was performed under the Florence University Institutional Review
Board-approved protocol.
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3.2 Sample Preparation

For this study we used purified DNA from mononuclear cells
recovered from BM from patients found to be affected by AML
resulted normal karyotype as input.

Mononuclear cells were purified from BM blood by density gradient
stratification using Lymphoprep®, also known as Ficoll. BM
whole blood was collected into EDTA-containing polypropylene
tubes and procecessed within 4 hours. Blood was diluited 1:1
with Ca?" /Mg?" free phosphate-buffered saline, carefully layered
over Ficoll (in a blood-to-Ficoll ratio 2:1) in a 50-ml tube and
centrifuged at 800 x g at room temperature for 20 minutes. After
the centrifugation we obtain different phases: the first phase
consists of plasma and thrombocytes; the second consists of a thiny
opalescent ring, contains Mononuclear Cells (MNCs) below which
is the third phase containing mainly the stratification medium.
The last phase is represented by erythrocytes on whose contact
surface with the third phase, there is a whitish ring consisting
of granulocytes. The Ficoll layer was carefully removed and the
opalescent ring transferred to a fresh tube. Lysis of red blood
cells was performed by the addition of a 10X volume of 1X BD
PharmLyse solution (Becton Dickinson DB®), centrifugation of
the tube after 15 minutes incubation at room temperature, and
removal of the supernatant. This step was repeated twice. After
two washes in Ca?* /Mg?" free phosphate-buffered saline the dry
mononucloear pellet was stored at -20°C.

3.3 DNA extraction from pellet

The purification of Genomic DNA (gDNA) from MNCs’ pellet was
performed using Wizard HMW DNA Extraction Kit (Promega,
Madison, WI, US) optimized to extract high molecular weight
DNA. The various manual steps required for the purification of
nucleic acids are aimed at the enrichment and preservation of large
oligonucleotides, particularly appropriate for long read sequencing
purposes.



3.4. ONT Library Preparation

3.3.1 Quantification and Evaluation of the gDNA

The concentration, quality and the analysis of the DNA frag-
mentation obtained from the extraction process were assessed
by Qubit® 2.0 (Life Tech., MA, US), Nanodrop® One (Thermo
Fisher Scientific, MA, US) and Agilent® Bioanalyzer respectively.
(Agilent, CA, US). The NanoDrop® One instrument is a spec-
trophotometer allowed the evaluation of the purity of the DNA
through the 260nm (DNA absorbance) / 280nm (absorbance ratios
constitutes the protein absorption peak) and 260nm / 230nm ( it
reflects contamination due to substances such as carbohydrates,
phenols or aromatic compounds). The Qubit® 2.0 fluorometer
was used for the quantification of purified dsDNA. The extracted
DNA was also evaluated in order to establish its by Agilent®
Bioanalizer. This technology relies on capillary electrophoresis;
each chip used for this instruments contains a series of tightly
interconnected microchannels: the nucleic acid fragments are well
separated according to their molecular weights as in a standard
electrophoresis in agarose gel. Specifically, the DNA chip 12000
was used for the sizing and quantification of dsDNA fragments
from 100 to 12000 bp.

3.4 ONT Library Preparation

After the extraction and the quality control, only the samples
that meet the quantity and quality requirements are used for the
library prepration step. According to the ONT 1D Amplicon by
Ligation Protocol (SQK-LSK109), 1,5pug of gDNA was used as in-
put. Long fragments-enriched samples was subjected to the FFPE
DNA repair step, in order to repair possible nick (discontinuity
in a double stranded DNA molecule) along the DNA molecule;
the gDNA was further end-repaired and dA-tailed (NEB®, MA,
US), this step is crucial to prepare the DNA ends for adapter
attachment. The next step is the ligation of the ONT adapter
that are recognized by the Motor protein on the surface of each
nanopore. Each of the described steps will be followed by Agent-
court AMPure XP beads (Beckman Coulter, CA, US) purification.
This protocol is optimized for selectively binding amplicons greater
than 100bp. Two washes in 70% ethanol are provided to remove
the primers, nucleotides, salts and enzymes required in the sample

33



3.

MATERIALS AND METHODS

34

preparation step. The purified DNA is mixed with the sequencing
buffer and the loading beads constituting the sequencing mix.
Once the flowcell is primed with specific buffer the sequencing
library is loaded in the flowcells (9.4.1 chemistry) for a standard
48 hours sequencing experiments. The library preparation step is
summarized in Figure 12.

For this study we used the ONT GridION X5 that allows up to five
MinION sequencing individual experiments to be run concurrently.

3.5 Data Analysis

The Nanopore sequencing platforms GridlON outputs fast5 files
organized in a hierarchical structure with groups, datasets and
attributes, a sequencing summary file and fastq files generated
locally starting from the fastb files by the GPU-enhanced base-
caller Guppy. The sequencing summary file is used for QC
assessment by the conda based environment Summary Statis-
tics and QC tutorial (https://github.com/nanoporetech/ont_
tutorial_basicqc). The QC analysis produces a report in which
the throughput of the run, the number of reads passes the QC
threshold, the channel activity and the reads length distribution
are the most important parameters. Regarding the average qual-
ity of fastq reads we select for downstream analysis those reads
with an average quality of 7. For the reads length distribution
it outputs two histograms, one shows the number of sequenced
bases against sequence length in which the N50 and the mean
are annotated(the N50 is the sequence length where the 50% of
the sequenced bases are contained) and the other the distribution
of read lengths across the quality. This last two parameters are
important because they represent the library preparation kit de-
pending parameters.

The high-quality reads were aligned to the human reference genome
GRCh37 (ftp://ftp-trace.ncbi.nih.gov/1000genomes/ftp/
technical/reference/phase2_reference_assembly_sequence/
hs37d5.fa.gz) by minimap2 (Li, 2018), the aligner most com-
monly used with ONT data. The Sequence Alignment Map (SAM)
files were compressed, sorted and indexed by samtools (v. 1.9)
(Danecek et al., 2021; Li et al., 2009) to obtain the Binary Align-
ment Map (BAM) files. A more powerful programmatic access
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3.5. Data Analysis

to a SAM/BAM files is provided by Pysam (Li et al., 2009), a
lighweigth wrapper of the htslib C-API, that enables python pars-
ing of the alignment files. Mosdepth (v. 0.3.1) (Pedersen and
Quinlan, 2018) is the tools used to investigate the depth of cov-
erage across the genome. Mosdepth is able to output coverage
per-base, per-region and per-chromosome. In this pipeline we
calculated the using windows size of 500 bp. Samtools provides
the depth module for performing these checks, but mosdepth is
simpler to use and also being faster, making it a natural choice
for running coverage analysis. The coverage analysis enables to
determine how well a sequencing run performed in terms of on-
target throughput, to check if we have enough depth of coverage
to support variant calling, or to find out if there are any areas
of the genome that have been under or over-represented in our
sequencing run. Moreover, the coverage analysis in addition to the
determination of the average coverage for each sample allowing the
determination of genomic regions (of 500 bp) that have a depth
departing from the overall distribution (referred as outliers). For
each 500 bp of the whole genome of each sample we calculated the
z-score in order to obtain a robust and non constant thresholds
for each region. Finally, based on the work of Desvillechabrol we
flag as outlier those genomic regions that have a z-score > 1.5
(Desvillechabrol et al., 2018). These outlier regions were filtered
out and not subjected to SVs calling.

SVs are large genomic alterations classified as deletions, duplica-
tions, insertions, inversions, and translocations describing different
combinations of DNA gains, losses, or rearrangements (shown in
Figure 13). CNAs are a particular subtype of SVs represented by
deletions and duplications.

For SVs, such as insertion, deletion,inversion, duplication and
translocation we employed Sniffles (v. 1.0.12) (Sedlazeck et al.,
2018) and cuteSV (v. 1.0.10) (Jiang et al., 2020) while for large
CNAs profiling NanoGLADIATOR (v. 1.0) (Magi et al., 2019).
Since now with the term SVs I will refer to the alterations iden-
tified by sniffles and cuteSV whereas with the term CNAs those
identified by NanoGLADIATOR.

For the CNAs profiling, we run CNAs with Nano-GLADIATOR
with 100 kb as windows size parameters so 100 kb is the small-
est CNAs identified. We used this threshold because the mean
coverage was 3.0X and 2.7X for the exploratory and validation
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respectively. Hence, we take 100 Kb as windows size since it could
be a window large enough to allow the read count normalization
and identification operated by NanoGLADIATOR. We annotated
the resulted CNAs using AnnotSV and we filter out those alter-
ation that overlap (50% in length) and have a frequency in the
population > 1% with CNAs present in Database of Genomic
Variants (DGV) (MacDonald et al., 2014).

For SVs identification we run Sniffles and cuteSV with the same
parameters, in particular we called SVs only in regions that are at
least 5X in coverage and 50 bp in length. As for CNAs profiling
we decide to use this threshold (~ double the average coverage for
both cohort) in order to filter out those SVs that could repersent a
false positive calling. For each sample we obtain two Variant Call
Format (VCF) files, one per caller, and we select only the "PASS"
alterations that are merged together with SURVIVOR (Jeffares
et al., 2017). In the merged VCF file we filter out those alterations
that are supported by only one caller to make a high-confidency
callset. The high-confidency callsets are then annotated by An-
notSV (Geoffroy et al., 2018) and filtered. as for the CNAs we
remove those duplications and deletions that overlap (50% in
length) to an existing alterations in DGV database that harbour
a population frequency > 1%.

All of the tools mentioned above used sorted BAM files as input,
while sniffles and cuteSV extract the putative SVs from the input
that are then clustered and analyzed to call and genotype SVs,
NanoGLADIATOR operates a fragmentation of the genome in dis-
crete windows, in which the number of reads should be calculated
and reflects the copy number in the specific genomic location. We
decided to profile SVs and CNAs with 2 different approaches for
mainly two reasons. On one hand, NanoGLADIATOR is a tool
specifically developed for only CNAs; on the other the smallest
CNAs identified by NanoGLADIATOR was 100 Kb, thus for an
accurate SVs profiling we employed sniffles and cuteSV that are
able to identify SVs with a length < 100 Kb.

For both SVs and CNAs callset we filtered out those alterations
that matched with a pool of references (Human Reference DNA,
Agilent) that we had already sequenced by GridION.

The SVs and CNAs analysis pipeline is shown in Figure 14.
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3.6 Statistical Analysis

All the statistical analysis were performed usign R (v 4.0) (R Core
Team, 2020). Comparison between two group was determined
by t test (when the data distribution would follow a normal
distribution and we want to determine if the means of two sets
of data are significantly different from each other), Wilcoxon
rank sum test (is similar to t-test but it is a non-parametric test
so it does not assume that the data is normally distributed) or
Chi square test (chi-squared test is used to determine whether
there is a statistically significant difference between the expected
frequencies and the observed frequencies in one or more categories
of a contingency table). The survival analysis was carried out by
the R package survival (v. 3.2.13) (Therneau, 2021) using the
Kaplan-Meier plots to visualize survival curves, the Log-rank test
to compare the survival curves of two or more groups and the Cox
proportional hazards regression to describe the effect of variables
on survival. The survival analysis focuses on the expected duration

of time until occurrence of an event of interest (in this case death).

However, the event may not be observed for some individuals
within the study time period, producing the so-called censored
observations. Censoring may arise in the following ways: a patient
has not (yet) experienced the event of interest, such as relapse or
death, within the study time period, a patient is lost to follow-up
during the study period a patient experiences a different event
that makes further follow-up impossible. This type of censoring,
named right censoring, is handled in survival analysis.

We performed univariate Cox proportional-hazards analysis by
the function coxph of the survival R package (Therneau, 2021)
to weight the correlation between the survival time of patients
and each predictor variables. This univariate approach describes
the survival according to the single factor under investigation, not
taking into the account the impact of the other parameter. It
allows us to examine how specified factors influence the rate of a
particular event happening (e.g. death) at a particular point in
time. This rate is commonly referred as the hazard rate. Predictor
variables (or factors) are usually termed covariates or predictor in
the survival-analysis literature.

To better estimate the cumulative impact of multiple genome
and clinical variables, we further performed a multivariate Cox
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regression analysis selecting those alteration with a LogRank
pvalue<0.05 in Cox univariate model, and other predictors such
as age and the known molecular abnormalities in specific hotspot
genes as recommended by ELN. The output of the Cox model

gives:

Wald statistic value. It corresponds to the ratio of each
regression coefficient to its standard error (z = coef/se(coef)).
The wald statistic evaluates, whether the 3 coefficient of a
given variable is statistically significantly different from 0;

the regression coefficients (§ coefficient). Important in
the regression coefficient is the sign. A positive sign means
that the hazard (e.g. risk of death, risk of relapse) is higher,
and thus the prognosis worse, for subjects with higher values
of that variable;

Hazard ratio. The exponentiated  coefficients, also known
as HR, give the effect size of covariates. In another word,
a HR >1 indicates a covariate that is positively associated
with the event probability, and thus negatively associated
with the length of survival. Conversely, a covariate with an
HR <1 is positively associated with the length of survival;

Confidence intervals of the hazard ratios. it gives
upper and lower 95% confidence intervals for the hazard
ratio.

Global statistical significance of the model. Finally,
the output gives p-values for three alternative tests for overall
significance of the model: The likelihood-ratio test, Wald
test, and score log-rank statistics. These three methods are
asymptotically equivalent. For large enough N, they will give
similar results. For small N, they may differ somewhat. The
Likelihood ratio test has better behavior for small sample
sizes, so it is generally preferred.

the Forest Plot for Cox proportional hazards models were obtained
used the function ggforest of the R package survimer (v. 0.4.9)
(Kassambara et al., 2017) for the multivariate models and forest-
model (v. 0.6.2) (https://github.com/NikNakk/forestmodel/)
for the univariate ones.
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3.7 Diagnostic of Cox multivariate model

The Cox proportional hazards model makes several assumptions.
Thus, it is important to assess whether a fitted Cox regression
multivariate model adequately describes the data. We checked
the assumptions of the Cox proportional model by testing the
proportional hazards assumption, examining the outliers and de-
tecting non linearity in relationship between the log hazard and
the statistically significant covariates. In order to check these
model assumptions, Residuals method are used and the common
residuals for the Cox model include the Schoenfeld residuals (to
check the Proportional Hazard (PH) assumption), the Martingale
residual (to assess the non linearity) and the Deviance residual
(symmetric transformation of the Martinguale residuals, to exam-
ine the outlier observations).

In principle, the Schoenfeld residuals are independent of time thus
a non-random pattern against time is evidence of violation of the
PH assumption. The function cox.zph() of the survival package
test the PH assumption and the function ggcoxzph() of the R
package survimer offered a graphical visualization for each covari-
ate, of the scaled Schoenfeld residuals against the transformed
time. The function cox.zph() provides a convenient solution to test
the proportional hazards assumption for each covariate included
in a Cox regression model fit. For each covariate, the function
cox.zph() correlates the corresponding set of scaled Schoenfeld
residuals with time, to test for independence between residuals
and time. Additionally, it performs a global test for the model
as a whole. The proportional hazard assumption is supported
by a non-significant relationship between residuals and time, and
refused by a significant relationship. In the ggcoxzph() resulted
plot the systematic departures from a horizontal line are indica-
tive of non-proportional hazards, since PH assumes that estimates
61,52,83 do not vary much over time.

To test influential observations or outliers, we can visualize either:
the deviance residuals or the dfbeta values. The ggcoxdiagnos-
tics(type = "dfbeta") function of the package survminer allows to
check influential observations. It is also possible to check outliers
by visualizing the deviance residuals. The deviance residual is a
normalized transform of the martingale residual. These residuals
should be roughly symmetrically distributed about zero with a
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standard deviation of 1. Positive values correspond to individuals
that “died too soon” compared to expected survival times. Nega-
tive values correspond to individual that “lived too long”. Very
large or small values are outliers, which are poorly predicted by
the model.

Plotting the Martingale residuals against continuous covariates
is a common approach used to detect nonlinearity or, in other
words, to assess the functional form of a covariate. However, the
non linearity is not an issue for categorical variables, anyhow we
plotted the Martingale residual for all the covariate statistically
significant in the Cox multivariate model.
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To the purpose of the study, we performed genome-wide sequencing
on a cohort of 152 nkAML patients by long read ONT. Raw data
analysis was carried out via the ad hoc pipeline we developed for
Nanopore data to identify genomic variants of possible impact
on patients outcome and estimate their correlation with known
molecular abnormalities.

4.1 ELN molecular assessment

We first classified nk AML patients risk according to ELN guide-
lines basing on the available information on the mutational status
of FLT3, NPM1, CEBPa, ASXL1, TP53 and RUNXI. The fre-
quency of such mutations in the cohort is reported in Table 5.
NPM1 mutations were the most frequent and it was found in
the 54.6% of patients. The 23.68% of the patients presented an
ITD in FLTS, of those, the 67% with allelic burden >50% (ITD
high) and the 33% with ITD low. Bi-allelic mutation in CEBPa
affected the 7.9% of the cohort. Concerning ASXL1, TP53 and
RUNX1I mutational status, information were available for only
85/152 patients belonging to the Florence cohort. The prognostic
stratification of the 152 in the cohort were accomplished following
ELN guidelines taking into the account the mutational status of

41



4.

REsuLTS

42

NPM1, bi-allelic mutations of CEBPa and the allelic ratio of ITD
mutation in FLTS (Figure 15). As shown by the Kaplan- Meier
plot for OS (LogRank pvalue .00031), the group of low-risk pa-
tients (red line) did not reach the median time for overall survival,
conversely those belonging to intermediate (blue line) and adverse
(green line) risk showed comparable median OS time, respectively
of 15.9 and 16.9 months. The prognostic stratification of the
intermediate and adverse populations resulted unsatisfactory in
our cohort of nkAML patients. The blue line and the green line
intersected making a clear separation between these two popu-
lations extremely difficult, this observation largely reflects the
inadequate risk assessment for nk AML patients.

4.2 Structural Variants identification in
nkAML cohorts

Long reads genome-wide sequencing analysis (decribed in detail
in the Methods section) was carried out through a multistep ana-
lytical pipeline starting from GridlON X5 sequencer outputs (raw
data) to statistics correlations. Briefly, we selected the fastq reads
based on the quality score, in ASCII code, assigned to each base;
in particular we took only the fastq reads with an average quality
score 7 for downstream analysis. The high quality reads were
aligned to the reference genome (GRCh37) and further subjected
to SVs calling by Sniffles and cuteSV. Those SVs reported by both
callers (high-confidency callset) were selected for the correlation
with patients’ outcome by Cox regression model. As explained
in detail in the section Methods, the high-confidency SVs callset
was obtained by merging the SVs callset obtained by Sniffles and
cuteSV taking only those alterations supported by both SVs caller.
The Venn Diagram in Figure 16 shows the number of SVs identified
by each caller and the consensus between them. The SVs identified
by cuteSV were 43625 whereas 37584 by Sniffles, the consensus
SVs callset was composed by 25502 SVs (high confidency callset)
as visualized by the circos plot (Figure 17). The SVs called by
only one of two callers, respectively 18125 and 12082, were filtered
out. The high confidency SVs callset comprised 13104 insertions
(purple dots), 12198 deletions (red dots), 118 duplications (green
dots) and 82 inversions (yellow dots) (Figure 17).



4.3. Cox Regression Analysis

Considering high-confidency SVs, the median number of mutation
per sample was 396, the histogram in Figure 18 reports the SVs
type (insertions, deletions, duplication and inversion) for each
sample. The following analytical step was settled to filter out those
alterations already reported in healthy population and those with
significant overlap (at least 50% in length) with SVs registered
in DGV database. Moreover, after z-score calculation for each
genomic interval (500 bp) we were able to remove those regions
that have a coverage departing from the overall distribution. The
filtering strategy allowed to retrieve 14869 SVs not previously
reported, whose 7291 were insertions, 7416 deletions, 59 inversions
and 102 duplications Figure 19. Once filters were applied, an
average number of 112 SVs per patient was calculated (Figure 20).
In order extend the landscape of the genomic lesions, we further
analyzed raw data to generate a specific CNAs profiling of nk AML
patients. To this aim, CNAs spanning at least 100 Kbp were re-
ported after NanoGLADIATOR analysis. The whole identified
CNAs were filtered removing those overlapping with donor ref-
erence and DGV datasets. We obtained a total of 186 CNAs
including 101 deletions and 85 duplications (Figure 21). Regard-
less CNAs type, the median number of CNAs per sample was 2,
as we can see in the histogram of Figure 22, in which the number
of CNAs, labeled as deletions and duplication, were shown for
each sample.

4.3 Cox Regression Analysis

In order to investigate the potential correlation of selected SVs
(also referred as covariates) with patients’ survival, we perform
univariate Cox regression analysis. The univariate Cox regression
outputted the statistical significance, the regression coefficient, the
HR, the Confidence intervals of the hazard ratios and the Global
statistical significance of the model for each covariate. Based on
this parameters, we selected only those univariate models with
a LogRank pvalue< .01 taking only the SVs with a highly sta-
tistically significant impact on OS. As resulted from univariate
analysis, 51 covariates associated with an increased risk of death
with an HR >1, those are reported in the forest plot in Figure 23.
The further multivariate Cox regression prompted us to describe
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how the covariates jointly impact on survival. For multivariate
regressions, the input variables were the 51 covariates previously
selected together with the mutational status of FLT3 (with the
information of ITD allele burden), CEBPa and NPM1. We re-
peated the construction of multivariate model until we obtained
a model with all statistically significant covariates (selecting at
every step the covariates with LogRank pvalue <.05).

The model we developed was composed by 12 SVs, 8 with an HR
>1, thus associated with an increased risk of death, and 4 with an
HR <1, associated with reduced hazard (summarized in the Forest
plot in Figure 24). Overall, the model resulted highly significant
(Likelihood ratio test=66.88 on 13 df p=3e-09,Wald test=73.87
on 13 df p=2e-10 and LogRank test=144.6 on 13 df p=<2e-16
). The 12 model-selected SVs involved insertions and deletions
affecting several chromosomes and summarized in Table 6. The
plot in Figure 25 shows the baseline predicted survival curve at
any given point in time. Next, we displayed the correlation of each
covariate with patients survival. Given that, we estimated the
impact of each single SVs with an HR >1 (referred as hrSVs) at
any time point on the estimated survival probability. As shown In
the Figure 26 the probability of fatal events (death) is significantly
increased in patients harboring at least 1 hrSVs at time compared
to hrSVs-negative group.

The plot in Figure 27 shows the Schoenfeld residuals against the
transformed time for each covariate. In the figure the solid line is a
smoothing spline fit to the plot, with the dashed lines representing
a +20 band around the fit. From the graphical inspection, there
is no pattern with time for all the covariates except a slightly
dependence for the insertion in chr15:72061719, nonetheless the
global Schoenfeld test is not significant (p=.06) thus we can accept
the PH assumption. By comparing the magnitudes of the largest
dfbeta values to the regression coeflicients, we can speculated
that none of the observations was terribly influential individu-
ally, even though some of the dfbeta values for the deletions
at chr11:2026821-2026936 and the deletions at chr14:80106289-
80115050 were large compared with the others (Figure 28). The
deviance residual was a normalized transform of the martingale
residual and were visualized in the Figure 29, where we can see
that the pattern looks fairly symmetric around 0.

The plot in Figure 30 shows the Martingale residuals of null Cox
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proportional hazards model.

4.4 Evaluation of the Cox multivariate model

Considering the cluster of patients with the 8 hrSVs, we further
investigated the clinical and molecular characteristics of those pa-
tients (from now referred as high-risk patients). The Kaplan-Meier
in Figure 31 shows the survival analysis by stratifying patients
basing on the hrSVs presence, comparing those patients with at
least one of the above mentioned SVs and the negative-ones (from
now referred as low-risk patients). The two distinct populations
showed a statistically significant different median OS time of 8.27
and 62.67 months (LogRank pvalue <.0001). To deepen the anal-
ysis, we categorized the whole cohort basing on the hrSVs number
per patient. The Figure 32 shows the output of such stratifi-
cation identifying three population with statistically significant
(LogRank pvalue <.0001) median OS time of 52, 9 and 5 months,
respectively for the low-risk group, high-risk group harbouring 1
hrSVs and high-risk group with more than 1 hrSVs (shown in red,
green and blue line respectively). However, the high risk groups
with 1 hrSVs or more than 1 hrSVs were composed by 16 and
10 patients respectively, thus, given the poor numerosity of such
selected casistic, the LogRank test was not statistically robust.
As we can see in the Figure 32, the green line and the blue line
intersected, probably due to the small number of patients in each
groups.

High risk patients had a median age at diagnosis of 54 years
compared to 49 years for low-risk (not statistically significant,
Wilcoxon test p-value = 0.07937); mean white blood cell count
was 48231 for high-risk patients and 43977 for low-risk (not statis-
tically significant, T-test p-value = 0.7012). CR at first induction
therapy was achieved by 13 high-risk patients (the 46% of the
high-risk cohort) and 102 patients low-risk patients (the 80% of the
low-risk cohort) (Chi square test pvalue <.00000000000000022).
Considering the 49 patients that benefitted of allogenic HCT, 6
were high-risk patients, corresponding to the 23%, and 46 low-risk
patients, corresponding to the 36%. The clinical information of
the high-risk group were summarized in Table 7 while Table 8
reports low-risk group clinical data.
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Only 3 high-risk patients were previously classified with adverse
prognosis following ELN recommendations, whereas 13 and 10
resulted with intermediate and favourable risk, respectively.

4.5 Refinement of ELN prognostic
stratification

Considering that ELN prognostic assessment for the 26 high-risk
patients classified 3 patients as favourable, 13 patients as inter-
mediate and 10 patients as adverse (Table 9). We incorporate
hrSVs information along with ELN molecular alterations (FLTS3,
NPM1 and CEBPa) in order to re-fine their risk-assessment. As
described in the section ELN molecular assessment, the prognostic
assessment based on ELN recommendation resulted in an unsatis-
factory distinction between patients belonging to the intermediate
and adverse categories. The survival analysis in Figure 33 shows
the stratification by merging together the intermediate and the
adverse populations, resulting in two populations: one with a good
prognosis and the other experiencing a poor survival (median OS
= 16 months, LogRank pvalue = <.0001).

The addition of hrSVs to the ELN prognostic model allowed us
to identify three different clearly distinct populations (Figure 34,
right panel, LogRank pvalue <.0001). The high-risk patients (blue
line) showed the poorest prognosis (median OS = 8.27 months),
conversely, patients belonging to ELN intermediate and adverse
group (green line) had a median OS time of 22.57 months and ELN
favourable were still those with the best prognosis (median OS
not reached). We also stratified our cohort with the 3 categories
identified by ELN identifying 4 populations with a statistically
significant OS (LogRank pvalue<.0001); the favourable group
did not reach the median OS while for the intermediate, adverse,
Cox multivariate model’s SVs were 22.57, 16.90 and 8.27 months
respectively (Figure 34, left panel)



Discussion 5

The advent of the massive parallel sequencing by technologies
boost our capability to investigate genomic region at base resolu-
tion level allowing the discovery of novel molecular abnormalities
and fostering considerable progress into the understanding of dis-
ease pathogenesis as well as in the development of diagnostic
assays and novel therapies. The undeniable advantages granted by
NGS are, on the other hand, limited by the relatively small length
of the reads produced that impairs genome-wide studies and shows
inadequate to resolve genomic SVs spanning several kilobases or
enriched in repetitive elements. Recent studies pointed out the
prominent role of SVs in several human neoplasia development
but, in turn, such type of alteration is largely understudied and
constitute a technical challenge for the conventional sequencing
technologies. SVs are defined as DNA rearrangements 50 bp and
include (deletions and duplications) as well as insertions, inver-
sions, translocations and more complex combinations of these
described events. It has been demonstrated that cancer onset and
progression could be triggered by the accumulation of structural
abnormalities in the genome as the result of an increased genome
instability. Somatically acquired SVs could lead to cancer onset by
deactivating tumor suppressor genes and upregulating oncogenes.
The detection and classification of these variants could improve
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our understanding of pathologic mechanisms and ameliorate diag-
nosis, prognosis and therapy strategies for cancer patients (Hayes,
2019). In the context of hematologic malignancies, AML is the
most frequent leukemia in adults worldwide. Karyotype is the
most important independent factor to forecast patients’ outcome,
notwithstanding, nearly half of AML patients lack a known ge-
netic determinants allowing a satisfactory prognostic assessment.
These cases, mostly belonging to the ELN intermediate risk cat-
egory, are defined as normal karyotype . As sketched before, in
2010 ELN reccommendations for prognosis included additional
molecular biomarkers (NPM1, FLT3 and CEBPa) together with
known chromosomal aberrations aiming to provide a prognostic
classification based on cytogenetic and specific genes mutations.
The further refinement of ELN guidelines in 2017 widens the list
of prognostically relevant genes by including ASXL1, RUNX1 and
TP53. In spite of that, the extremely heterogeneous survival and
response to treatment observed in nkAML patients underline the
need to better subgroup such normal karyotype population and
let hypothesize that additional, not yet detected, molecular deter-
minants play a driver role into disease development. Long-read
sequencing has the potential to overcome short-reads limitations
and to improve SVs resolution both in comparative as well as in
clinical studies. It has been shown that, from a computational
perspective, repeats create ambiguities in short-read alignment
and assembly which, in turn, introduces errors in calling genetic
variants. The nanopore sequencing technology relies on extremely
long-reads (up to 20 kb) enabling the study of those challeng-
ing twilight region of human genome . Taking into the account
all these observations, we reasoned to investigate the pathologic
genomes of nkAML patients by exploiting a novel sequencing tech-
nology based on long reads with the aim to detect those hidden
SVs too small in size to be addressed by conventional cytogenetics
and too big and/or structurally complex to be resolved by NGS.
The data generated in this study demonstrate the high potential
of the depicted sequencing and analytical approaches, granting
an accurate (~97%) and comprehensive characterization of ge-
nomic SVs of prognostic impact in the context of nk AML. The
analysis of 152 pathologic genomes led to the identification of a
cluster of SVs ranging in size between 80 to 8000 bp significantly
correlated to the survival of the selected cohort. Despite the



study limitations, constituted by the lack of ASXL1, RUNXI and
TP53 data availability for 67 patients, the reported findings on
the cohort of 152 patients has the potential to refine the ELN
prognostic stratification for 26 patients (high-risk), corresponding
to the 17% of the total included in the study. Those 26 patients
shared a variable number of hrSVs identified by multistep sta-
tistical analysis. In particular, the multivariate Cox model we
developed was composed by 12 SVs that jointly impact on sur-
vival. Of those 12 SVs, 8 were defined as hrSVs because their
negative impact on patients’ survival, conversely, the remaining
4 covariates (including CEBPa) had a slightly positive impact
on survival patients and they were found together with hrSVs
in patients of the cohort, additionally CEBPa and hrSVs were
mutually exclusive in our cohort. The 26 patients re-categorized as
high-risk nk AML were previously assessed with adverse risk in 3
cases, intermediate risk in 13 cases and favourable risk in 10 cases
following ELN parameters only. The median OS time of high-risk
patients (8.27 months) significantly differ from the median sur-
vival of ELN categories, in particular for those patients assigned
to the favourable and intermediate risk groups (n=23, 15.1%).
Moreover, the rate of CR achieved in the high risk group was the
46% (n=13/26) compared to the 80% (102/152) of the low-risk
group; this observation let us speculate that the identified hrSVs
also play a role on the response to therapy and may be further
investigated in order to unravel the molecular mechanisms under-
lying therapy refractoriness. Beside the new genomic findings in
the nkAML cohort, the present study also delineates a robust and
reproducible analytical workflow specifically settled for nanopore
long-read sequencing data that could be easily implemented and
applied to the analysis of various datasets. The developed pipeline
comprises all the bioinformatics steps from raw sequencing data
to SVs identification. More in depth, the pipeline is composed by
(a) the basecalling, in which the raw current signal is converted
to a string of nucleotides of a read and the quality control, (b)
the reads quality filtering, to remove low quality reads (quality
score >7), (c) the genome anchorage to a reference, (c) the variant
calling, (d) the building up of a high-confidency callset of SVs, (e)
the SVs filtering for false positive calls, variants of populations and
poor/high-coverage regions departing from the overall distribution.
In conclusion, this study provides a proof of applicability of long
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reads sequencing to the identification of novel biomarkers with
pathologic relevance in the context of AML and further applicable
to other hematologic or solid neoplasia. The presented data report
for the first time 8 SVs with adverse impact on nkAML survival
and response to therapy, eventually enabling the refinement of
the prognostic forecasting and related risk adapted therapies for a
considerable amount of patients, moving a step towards a tailored
medicine in such uncertain scenario of normal karyotype Acute
Myeloid Leukemia.
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row aspirate cytology (FAB MI). Figure is taken
from https://www.oncotarget.org/2021/05/12/
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Class | mutations Class Il mutations
Proliferation and survival Impaired differentiation

BCR-ABL RUNXT-ETO
TEL-PDGFRB RUNX1-EVI1
FLT3 TEL-RUNX1
RAS CBFB-SMMHC
?0thers. RUNX1 point mutation

PML-RARA
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Nature Reviews | Cancer

FIGURE 2: The two-hit model for leukemogenesis. The
class I mutations result in enhanced proliferative and survival
advantage for haematopoietic progenitors whereas class II muta-
tions are associated with impaired haematopoietic differentiation.
Figure is taken from Core-binding factors in haematopoiesis and
leukaemia (Speck and Gilliland, 2002)



FAB CLASSIFICATION ]

MO: Undifferentiated acute myeloblastic
leukemia (5%)

M1: Greater number of myeloblasts with <10%
granulocytic differentiation.

~

M2: Myeloblasts in great number with granulocytic
differentiation >10% , NSE <20%.

V

[ M3: Promyelocytes that are hyper granular with N

many Auer rods on CAE or Wright-stain and variant
form cells with reniform nuclei, multilobed or
bibbed, primeval cells with multiple Auer rods or
relative scarcity of Hypergranular promyelocytes.

Ma4: >20% but <80% NSE-butyrate positivity in
Monocytic cells

M5: Monacytic cells with »80% NSE positivity. (a)
Monocytic differentiated (b) Monocytic,
differentiated.

M6: >30% myeloblasts with more than 50%
erythroblasts eliminating the erythroid cells.
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M7: Acute megakaryoblastic leukemia <5%
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FIGURE 3: FAB classification of AML. Figure is taken from
Insights into Acute Myeloid Leukemia: Critical Analysis on its
Wide Aspects (Khan et al., 2020)
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"+ NPM1mut and FLT3-ITD"igh
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* Cytogenetic abnormalities not classified as favourable or adverse

1(6,9)(p23:934.1); DEK-NUP214

t(v;11923.3); KMT2A rearranged

1(9;22)(q34.1;q11.2); BCR-ABL1

inv(3)(q21.3926.2) or 1(3;3)(q21.3,926.2); GATAZ2 MECOM(EVI1)
=5 or del(5q); =7; =17/abn(17p)

Complex karyotype, monosomal karyotype

NPM1wt and FLT3-ITDhah

Mutated RUNX1

Mutated ASXL1

Mutated TP53

Adverse

AT,

FIGURE 4: ELN 2017 prognostic assessment of AML. Figure
is taken from MRD in AML: The Role of New Techniques (Voso
et al., 2019)
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Nature Reviews | Genetics

FIGURE 5: Template amplification strategies. Different
strategies used to generate clonal DNA template populations:
bead-based generation (a), solid-state generation (b,c), DNA
nanoball generation (d). Figure is taken from Coming of age: ten
years of next-generation sequencing technologies (Goodwin et al.,
2016).
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a soLiD

(Thermo Fisher) ﬁ

jj 5P Cleavage agent

Two-base-encoded probes Cleavage
Probes with two known bases followed by degenerate or The fluorophore is cleaved from the probe along
universal bases hybridize to a template; ligase immobilizes the with several bases, revealing a 5’ phosphate

complex and the slide is imaged

Probe extension

GC GT AA CG b CA AT 10 rounds of hybridization, ligation,
imaging and cleavage identify 2 out of
every 5 bases

Anchor with an n+2 offset
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T T T T T VT T T, e
After a round of probe extension, all

the cycle begins again with an offset

b Complete Genomics
(BGI

]
VA
£y

Single-base-encoded probes
A probe with a single known base and degenerate bases After each imaging step, both the probe and anchor are removed
hybridizes to a template and is image

Probe with known
base at n+1

AnchorWwith an n+5 offset

Paired-end sequencing Offset anchors
Sequencing is performed for both the left and right sides of Subsequent rounds of hybridization and ligation use offset
the adapter anchors to sequence more-distant bases

Nature Reviews | Genetics

FIGURE 6: SBL methods. Summary of the SBL approaches by
SOLiD (a) and Complete Genomics (b). Figure is taken from
Coming of age: ten years of next-generation sequencing technolo-
gies (Goodwin et al., 2016).
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FIGURE 7: I1lumina SBS approach. SBS approach by Illumina
platforms (a) fragmentation of genomic DNA and ligation to
adapter (upper left panel); attaching of the DNA to the solid
surface (upper right panel); bridge PCR amplification (bottom
left panel); fluorescence label and 3’-blocked cleavage. Figure is
taken from Next-Generation DNASequencing Methods (Mardis,
2008)
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(Thermo Fisher)

TAACAGTA

H* H*
'TAACAGTA

Single nucleotide addition
Only one dNTP species is
Semiconductor sequencing present during each cycle;
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[

Nature Reviews | Genetics

FIGURE &8:  Roche 454 pyrosequencing and Ion Torrent.
Summary of the NGS technology by Roche (a) and Thermo Fisher
Scientific (b). Figure is taken from Coming of age: ten years of
next-generation sequencing technologies (Goodwin et al., 2016).
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FIGURE 9: Ambiguities in read mapping. As the difference
between two copies of a repeat increases, the confidence in any
read placement within the repeat increases as well (A). When a
read maps equally well to two different locations, this is assigned
to either the first or the second depending on the score given by
the aligner to mismatches and gaps (B). Figure is taken from
Repetitive DNA and next-generation sequencing: computational
challenges and solutions (Treangen and Salzberg, 2012a).
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FIGURE 10: Long-read sequencing approaches. Different
strategies used to generate long reads: SMRT sequencing by
PacBio (Aa), nanopore sequencing by ONT (Ab), Synthetic
long-read sequencing by Illumina (Ba) and 10X Genomics (Bb).
Figure is taken from Coming of age: ten years of next-generation
sequencing technologies (Goodwin et al., 2016).
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FiGure 11: Detection of base modifications by TGS
technologies PacBio and ONT. Different strategies used to
identify nucleotides epigenetically mofified using SMS: SMRT
sequencing by PacBio (a,b,c) and nanopore sequencing by ONT
(d,e,f). Figure is taken from Deciphering bacterial epigenomes
using modern sequencing technologies (Beaulaurier et al., 2019).
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FIGURE 12: Overview of the protocol SQK-LSK109. The high
molecular weight DNA is end-prep and nick repaired prior to
adapter ligation. After the ligation of the adapter the library will
be loaded into the flowcell. Figure is taken from https://store.
nanoporetech.com/eu/ligation-sequencing-kit.html
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FIGURE 13: Comparison of SVs detection approaches by
short reads and long reads. On one hand, in the short reads
approaches (central panel) the identification of the type and the
size of SVs are performed by paired-end (red) and split reads
(purple). Moreover, the coverage can be used to improve the
detection of deletions and duplications; on the other (long-read-
based mapping approaches, right panel) the alignment patterns
of long reads (green) are used to detect the different types of SVs.
Figure is taken from Structural variant calling: the long and the
short of it (Mahmoud et al., 2019)
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FIGURE 14: Pipeline applied to analyze Nanopore data.
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85 samples were collected from Florence hematology unit whereas
67 from the GIMEMA AML #1310. The SVs calling was per-
formed by Sniffles and cuteSV taking the consensus SVs callset.
After data filtering we performed univariate and multivariate Cox
regrssion models in order to refine the ELN prognostic assessment.



Survival Analysis based on ELN categories
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FIGURE 15: ELN prognostic assessment of whole cohort.

The survival analysis based on ELN gene panel identified three
population, named favourable, intermediate and adverse, with a
statistically different median OS.
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12554 24375 8522

cuteSV Sniffles

FIGURE 16: Venn Diagram of the SVs. The Venn Diagram
shows the number SVs called by Sniffles and cuteSV separately
and the number SVs shared by both.
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FIGURE 17: Circos Plot of the SVs in the
high-confidency callset. The total number of SVs was
25502 divided in 13104 insertions (purple dots), 12198 deletions
(red dots), 118 duplications (green dots) and 82 inversions (yellow
dots)
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SVs landscape of exploratory cohort after filtering strategy
SV type
® SV-INSERTION
= SV-DELETION
® SV-DUPLICATION

WWEN\N ) SV-INVERSION

FIGURE 19: Circos Plot of the SVs after the filtering.

The total number of SVs was 14869 divided in 7291 insertions
(purple dots), 7416 deletions (red dots), 102 duplications (green
dots) and 59 inversions (yellow dots)
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FIGURE 20: Histogram of the SVs after filtering in
each sample. The plot shows the number of SVs in each sample
splitted by insertions, deletions, inversions and duplications. As
we can see the majority of SVs is represented by insertion and
deletion. The red line represent the median number of SVs per
sample
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CNA after filtering strategy
CNA type

® CNA-DELETION
® CNA-DUPLICATION

FIGURE 21: Circos Plot of the CNAs after the filtering.
The total number of CNAs was 186 divided in 101 deletions (red
dots) and 85 duplications (green dots).

71



6.

FIGURES

72

Count

Number of CNAs by Type

30

20

CNA Type

N DEL
B pbup

10 |
o “‘“‘““l|“‘|I|||||I||||II|||II|||||II|||IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII

e
333 3333338

333333

FIGURE 22: Histogram of the CNAs after filtering in
each sample. The plot shows the number of SVs in each sample
splitted by insertions and deletions. The red line represent the
median number of SVs per sample



Variable N Hazard ratio P
chrl_20950258_20950258_INS_9 152 —_——————— 259 (1.24, 5.41) 0011
chrl_110852776_110852776_INS_11 152 - 311(1.34,7.23) 0.008
chrl_112691792_112704705_DEL 6 152 356 (1.42,8.92) 0.007
chrl_192609799_192609865_DEL_6 152 3.22(1.30, 7.98) 0012
chr2_57709665_57709738_DEL_10 152 B 3.67 (1,67, 8.05) 0001
chr2_86453518_86453580_DEL_8 152 511(217,1203) <0001
Chr2_174236754_174236754_INS_7 152 » 4.50 (1.63, 12.40) 0.004
chr2_183354711_183354785_DEL 9 152 473(202,11.07)  <0.001
chr3_982590_982906_DEL_17 152 —_—— 3.19 (1.67, 6.09) <0.001
chr3_3275720_3275720_INS_7 152 | 537(213,1354)  <0.001
chr3_4498486_4498486_INS_13 152 | ! —_—.————— 2.96 (1.36, 6.48) 0006
chr3_18821521_18821521_INS_7 152 | S — 3.24 (1.48,7.10) 0.003
chr3_48372314_48372318_INS_6 12 | | 3.62(1.29,10.15) 0014
chr3_68634773_68640255_DEL_8 152 D — e S— ] 3.74(1.70,8.24) 0001
chr3_78858814_78858815_INS_7 152 3.68(1.33,10.16) 0012
chr3_110413305_110413395_INS_8 152 e — e — 273 (1.25,5.96) 0012
Chr3_161246713 161247048 DEL 14 152 —_—.—— 2.52(1.29,4.92) 0.007
chra_d6202796_46205027_DEL_8 152 - 3.20(1.39, 7.38) 0,006
chra_59944563_59950600_DEL_11 152 —_—.————————— 2,95 (1.40, 6.20) 0004
chra_61289389_61289533_DEL_6 152 3.86 (1.54, 9.66) 0004
chr4_69597938_69508291 DEL_6 152 ] 3,65 (1.46, 9.16) 0.006
chra_189448809_189448875_DEL_10 152 e — 267 (1.28, 5.56) 0.009
chrs_13895083_13895380_DEL_24 152 _— 276 (158, 4.81) <0.001
ChrS_124717346_124717669_DEL 7 152 478(203,11.23) <0001
chrs_133134689_133136489_DEL 8 152 - 4.49(1.78,11.34) 0001
chr6_94930775_94930775_INS_6 152 549(232,1302)  <0.001
chr7_142367393_142367724_DEL_10 152 —_—-———————— 2.93(1.45, 5.90) 0003
chrB_1823025_1823141_DEL_6 152 3.50 (1.41, 8.73) 0.007
chr8_54381533_54381534_INS_17 152 —_——————— 2.87 (1,54, 5.34) <0.001
chrB_138332929_138332030_INS_8 152 - 329 (141, 7.68) 0006
chr8_143760119_143760180_DEL 8 152 344 (1.37,8.64) 0009
chr9_112094941_112995287_DEL_10 152 e — 281(1.28, 6.14) 0010
chrl1_2026821_2026936_DEL_7 152 3.49 (1,51, 8.08) 0003
chrl1_37466584_37466584_INS_6 152 3.50 (1.41, 8.70) 0007
chrl1_70849140_70849236_DEL_7 152 319 (1.38, 7.41) 0.007
chr12_686597_686598_INS_6 152 4,01 (1.45,11.07) 0.007
chr13_19977802_19977854_DEL_9 152 - 311(1.34,7.22) 0.008
chr13_22530350_22530354_INS_15 152 e — 2.50(1.32, 4.75) 0005
chr13_31063616_31963687_DEL_14 152 —_—. 2.36(1.24, 4.49) 0009
chrl4_21952625_21954662_DEL_8 152 3.63 (156, 8.44) 0003
chrl4_56437912_56437912_INS_7 152 2.97(1.28, 6.9) 0011
chrl4_80106289_80115050_DEL_6 152 4.58 (1.64, 12.79) 0.004
chrl4_97212053 97212128 _DEL_7 152 311(1.25,7.75) 0015
chrl5_72061719_72061719_INS_6 152 16.13(5.74,4537)  <0.001
chr16_53874970_53874971_INS_8 152 310(1.33,7.25) 0.009
chr16_69854459_60854509_DEL_7 152 - 401 (1.43,11.29) 0,009
chri6_73981299_73981367_DEL_7 152 _— 272 (1.24,5.94) 0012
chr16_87083006_87083065_INS_6 152 318(1.28,7.92) 0013
Chr16_89275724_89275724_INS_6 152 3.26(1.30, 8.14) 0012
chr17_20541409_20541409_INS_12 152 —_——————— 271 (1.35, 5.46) 0005
chr18_10911129_10911129_INS_14 152 _—. 252 (1.25,5.08) 0010
chr20_60557285_60557353_INS_8 152 2.94(1.34, 6.46) 0.007

FIGURE 23: Forest Plot of the covariates with p<.01 in
univariate analysis. The Forest Plot shows the HR and the
relative LogRank pvalue
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6. FIGURES
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FIGURE 24: Forest Plot of the covariates with p<.05
in the final step of the Cox multivariate regression
analysis
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FIGURE 27: Schoenfeld residuals. The plot shows the the
Schoenfeld residuals against the transformed time for each covari-
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dashed lines representing a -+ /- 2-standard-error band around the
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FIGURE 28: Index plots of dfbeta for the Cox
regression of time to death for each covariate. The
plot shows the estimated changes in the regression coefficients
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FIGURE 29: Deviance residual (symmetric transformation
of the Martinguale residuals). This plot shows the index
number observation against the residual deviance.
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Martingale Residuals

of Null Cox Model
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FIGURE 31: Survival Analysis. This survival analysis strat-
ified our cohort based on the presence of at least 1 of the Cox
multivariate model’s SVs
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6. FIGURES

Survival Analysis based on the presence of 1 or more SVs of the Cox multivariate model
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FIGURE 32: Survival Analysis. This survival analysis stratified
our cohort based on the presence of 1 or more Cox multivariate
model’s SVs
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Survival probability
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Survival Analysis based on ELN categories collapsing Intermediate and Adverse
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FIGURE 33: ELN prognostic assessment of whole cohort.

The survival analysis based on ELN gene panel by merging the
Intermediate and the Adverse population.
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FIGURE 34: ELN refinement. This survival analysis stratified
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and adverse), left panel and by merging the intermediate and
adverse categories, right panel



Tables

Selected Risk Factors Associated With Acute Myeloid Leukemia

Genetic disorders

Physical and chemical exposures

Radiation exposure

Chemotherapy

TABLE 1: AML-associated risk factors.

from (Deschler and Liibbert, 2006)
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Down syndrome
Klinefelter syndrome
Patau syndrome
Ataxia telangiectasia
Shwachman syndrome
Kostman syndrome
Neurofibromatosis
Fanconi anemia
Li-Fraumeni syndrome

Benzene

Drugs such as pipobroman
Pesticides

Cigarette smoking
Embalming fluids
Herbicides

Nontherapeutic, therapeutic
radiation

Alkylating agents

Topoisomerase-II inhibitors

Anthracyclines

Taxanes

Table is adapted



7. TABLES

Functional categories Genes involved Frequency
Signaling genes FLT3, KRAS, NRAS, and KIT mutations 59%
Epigenetic homeostasis ~ Chromatin-modifying ~ ASXL1 and EZH2 mutations, MLL fusions 30%
genes genes
Methylation-related ~ DNMT3A, TETZ, IDH1, and IDH2 mutations 4%
genes
Nucleophosmin gene INPM1 mutations 27%
Splicensome-complex genes SRSF2, SF3B1, U2AF1, and ZRSR2 mutations 14%
Cohesin-complex genes RAD21, STAG1, STAG2, SMC1A, SMC3 13%
mutations
Myeloid transcription factors RUNX1, CEBPA, GATA2 mutations 2%
RUNXI-RUNXITI, PML-RARA, MYHI1-CBFB  18%
fusions
Tumor suppressive genes WT1, TP53 and PHF6 mutations (PTEN and 16%
DMM2 deregulations)
TABLE 2: The table summarizes the functional
categories of gene mutations in AML. Table is taken

from Acute Myeloid Leukemia: From Biology to Clinical Practices
Through Development and Pre-Clinical Therapeutics (Roussel
et al., 2020)
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Tool d 2 C e Availability

Albacore 92 219 Only to ONT customers

BasecRAWler  N/A N/A hitps://basecrawller.lbl.gov/ (seems to be down)
Chiron 77 214 https://github.com/haotianteng/Chiron
DeepNano N/A N/A htps://bitbucket.org/vboza/deepnano/src/master/
FastQC Aquality control tool for high throughput sequence data. htpsi/A babraham.ac

Flappie 96 220 https://github.com/nanoporetech/Flappie

Guppy 97 230 Only to ONT customers

Metrichor N/A N/A Only to ONT customers

Nanocall N/A N/A https://github.com/mateidavid/nanocall

Scrappie 93 24 https://github.com/nanoporetech/scrappie

TABLE 3: Base callers developed for nanopore
sequencing. The table summarized the reads gscore and
the consensus gscore associated with 10 basecallers specifically
developed for nanopore sequencing. This table is taken from
from Bioinformatics of nanopore sequencing (Makatowski and
Shabardina, 2020)
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7. TABLES

88

Outcome Parameters nkAML cohort
1 Patients,(n) 152
2 OS,median (min - max) 25.38(0.6 -114.46)
3 BMT,n(%) 52.00(34.2%)
4 WBC,median (min - max) 21300(1060 — 435000)
5 CR.n(%) 114(75%)
6 Not_responder,n(%) 38(25%)
7 Relapse,n(%) 48(31.6%)
8 DFS,median (min - max) 17.10(0.3 -115)

TABLE 4: Table summarized the clinical features of

nkAML cohort.

ELN molecular parameters nkAML cohort

1 FLT3-ITDu(%) 36(23.7%)
2 ITD ratio HIGH,n(%) 24 (15.8%)
3 NPM1,n(%) 83(54.6%)
4 CEBPan(%) 12(9.6%)

TABLE 5: Table summarized the molecular features of

nkAML cohort.
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TABLES

7.

SAMPLE  OS time OSstatus HCT HCT status HCT Time CR  Data CR Data RIC Last FU RIC DFS time WBC AGE
19 6.73 1.00 0.00 1 6.73 1 17/08/2012 67000 61.00
45 0.70 1.00 0.00 1 0.70 1 01/08/2011 147000  70.00
54 10.63 1.00 0.00 1 10.63 0 02/03/2012 17/07/2012  23/09/2012 1.00 4.567 58500 67.00
57 14.03 1.00 1.00 0 4.03 0 06/11/2012 12/03/2013  30/10/2013 1.00 4.2 52800 53.00
59 8.57 1.00 0.00 1 8.56 0 08/08/2012  06/02/2013 06/03/2013 1.00  6.067 21100 36.00
60 0.97 1.00 000 1 0.96 1 02/02/2010 125000 63.00
63 50.80 1.00 1.00 0 33.53 0 28/03/2014 16/08/2015 10/04/2018 1.00 16.867 1360 61.00
83 15.27 1.00 1.00 0 6.10 0 22/02/2017  14/12/2017 10/03/2018 1.00 9.833 2260 65.00
90 19.07 0.00 1.00 0 5.60 1 09/09/2019 6910 34.00
92 29.40 1.00 1.00 0 17.50 0 19/09/2016  20/09/2017 16/01/2019 1.00 12.2 1150 52.00
96 1.90 1.00 0.00 NA 1.90 1 19/04/2017 24860 74.00
97 2.30 1.00 0.00 NA 2.30 1 13/02/2017 13600 68.00
98 27.40 1.00 0.00 NA 27.40 1 06/08/2018 12880 62.00
10 5.53 1.00 0.00 1 5.53 1 06,/08,/2012 62900 57.00
31 14.03 1.00 0.00 1 14.03 0 NA 13/06/2013 0.00 NA 15020 57.00
34 1.13 1.00 0.00 1 1.13 1 10/06/2012 62000 57.00
86 8.27 1.00 0.00 1 8.27 0 27/09/2012 10/04/2013  30/04/2013 1.00 6.5 33800 36.00
140 1.30 1.00 0.00 1 1.30 NA NA 06/01/2013  0.00 NA 2600 48.00
160 9.43 1.00 1.00 0 7.17 0 06/03/2013 13/10/2013  0.00  7.367 10390 38.00
201 3.43 1.00 000 1 3.43 1 01/06/2013 NA 56.00
225 0.90 1.00 000 1 0.90 1 21/04/2013 111000 49.00
281 6.07 1.00 0.00 1 6.07 0 14/02/2014  29/05/2014 08/07/2014 1.00  3.467 101000  48.00
315 26.50 1.00 0.00 1 26.50 1 27/05/2016 167000  38.00
386 3.53 0.00 0.00 0 3.53 0 03/09/2014 14/11/2014 0.00 2.4 46450 52.00
392 14.27 1.00 0.00 1 14.27 0 27/08/2014  09/03/2015 06/10/2015 1.00  6.467 57000 44.00
581 1.00 1.00 0.00 1 1.00 1 14/06/2015 2200 53.00
TABLE 7: Table summarized the Clinical characteristics of high-risk patients. The column "OS time"

described the overall survival censored at latest follow-up or death, "OS status" described the status of the patients
at the last follow-up (0O:alive, 1:death), "HCT" described the allogenic HCT (0:no, 1:yes), "HCT status" described
the status censored at HCT and "HCT time" described the time from diagnosis to allogenic HCT or last follow-up or
death, "CR" described the complete remission at the induction therapy (0:no, 1:yes), "Data CR" described the complete
remission date, "Data RIC" described the relapse date, "Last fu" described the last data point of follow-up available,
"RIC" described the presence of relapse (0:no, 1:yes), "DFS Time" described the disease-free survival, "WBC" described

white-blood cell count, "AGE" the age at diagnosis.
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SAMPLE _ OS time__OS status__HCT _HCT status__HCT Time CR__ Data CR__ Dala RIC Last FU__RIC__DFS time _WBC AGE
3 0.10 000 ) 0 50.86 0.00 1634300 17836.00  17836.00 0.00 49.80 960000 54.00

0.30 0.00 1 0 000 1352200 13759.00 1571100 100  7.90 166000.00  37.00

0.30 0.00 0 0 000 1621000 17836.00  17836.00 0.00 5420 3750.00  44.00

0.30 1.00 0 1 1.00 15971.00 16000000 68.00
0.00 1 0 0.00 16526.00  16526.00 0.00  53.00 54700.00  45.00
1.00 0 1 0.00 15793.00  15809.00 1.00  10.90 4800000 58.00
1.00 0 1 0.00 13970.00  14123.00  1.00  9.80 8430000 47.00
1.00 0 1 0.00 14767.00  15006.00  15083.00 100  8.00 4730000 49.00
0.00 0 0 000 1511100 1652600 1652600 0.00 47.20 116000.00  40.00
1.00 0 1 000 15280.00 1652600  16587.00 1.00 41.50 2120000 66.00
1.00 0 1 1.00 15400.00 195000 49.00
1.00 1 0 0.00 15764.00 15057.00  15957.00 0.00 6.40 6600000 51.00
1.00 0 1 000 15853.00  15963.00 1597200 1.00  3.70 4730000 69.00
0.00 1 0 0.00 1437600 17836.00  17836.00 0.00 11530 5040000 40.00
1.00 1 0 20.9666666666667  0.00  13765.00 1416200  14400.00 1.00  13.20 3780000 32.00
0.00 1 0 5.86666666666667  0.00 14882.00  17836.00  17836.00 0.00  98.50 14900.00  40.00
0.00 0 0 54.23 0.00 16259.00  17836.00  17836.00 0.00 5260 6000.00  61.00
0.00 0 0 88, 0.00 15244.00 17836.00  17836.00 0.00  86.40 2590.00  56.00
1.00 0 1 4. 000 15429.00 1565100 1603800 100 7.40 8170.00  70.00
1.00 1 1 3.06666666666667  1.00 15934.00 14200000 66.00
1.00 0 1 42.86 0.00  15664.00 16379.00 1690200 1.00 23.80 7000.00  62.00
0.00 1 0 13.5666666666667  0.00  16869.00  17109.00  17840.00 1.00 .00 750000 30.00
0.00 0 0 83.23 000 15394.00 17836.00 1783600 0.00 8140 4400000 40.00
0.00 0 0 5746 0.00 14853.00 1652600  16526.00 0.00 55580 442000 29.00
0.00 0 0 1.00 15965.00 105000.00  65.00
0.00 1 0 0.00 16526.00  16526.00 0.00 74.90 19100000 40.00
0.00 1 0 0.00 1751800 17518.00  0.00  106.60 10500000 49.00
0.00 1 0 0.00 1677100 17836.00 1.00 7.10 36.00
1.00 0 1 0.00 16500.00 1666100 1.00  3.80 54.00
0.00 0 0 0.00 17836.00  17836.00 0.00 45.7 49.00
0.00 0 0 0.00 14277.00  16099.00  16099.00 0.00  60.70 39.00
0.00 0 0 000 1451000 16222.00 1622200 0.00 57.10 16.00
0.00 0 0 000 14529.00 1652600 1652600 0.00  66.60 35.00
1.00 0 1 0.00 1343400 1366500  14713.00 1.00 7.7( 65.00
0.00 0 0 0.00 1519600 1751200 1751200 0.00 77.20 61.00
0.00 1 0 000 14540.00  17800.00  17800.00 0.00 10870 58.00
1.00 1 0 1.00 14909.00 39.00
1.00 0 1 1.00 16178.00 44.00
1.00 0 1 1.00 16357.00 47.00
0.00 0 0 1.00 14956.00 47.00
1.00 1 0 0.00 1461600 1480500  14836.00 1.00 6.30 47.00
1.00 1 0 1.00 15978.00 9090000 36.00
0.00 0 0 000 1557200  17659.00  17659.00 0.00  69.60 55000.00  60.00
0.00 1 0 0.00 15497.00 1793100  17931.00  0.00 8§1.10 13700.00  45.00
1.00 1 0 0.00 15161.00  15346.00 1.00  6.30 2590000  23.00
0.00 1 0 0.00 17700.00 1770000  0.00 8150 3560.00  39.00
0.00 0 0 0.00 16141.00  16099.00 1.00 3030 7600.00  68.00
1.00 1 0 0.00 15670.00 1567000 0.00 14.10 6550000 54.00
1.00 1 0 0.00 16792.00  18006.00 1.00  20.80 160000 61.00
0.00 0 0 48.2 0.00 18064.00  18064.00  0.00  46.10 3400000 40.00
0.00 1 0 3.26666666666667  0.00 15972.00  17966.00  17966.00 0.00  66.50 435000.00  59.00
1.00 0 1 472 0.00 1467100  15656.00  16044.00 100  32.80 2540000 63.00
0.00 1 0 44 000 16580.00 1812000 1812000 0.00 5130 17800.00 3600
1.00 0 1 1.00 16632.00 6320000 42.00
1.00 1 0 45.3666666666667  0.00 16626.00 100 25.70 5
0.00 0 0 5 0.00 17357.00 0.00  43.10
1.00 1 0 4.66666666666667  0.00 16270.00 000 4.50
0.00 1 0 48.4666666666667  0.00 16965.00 100 29.70
0.00 1 0 22.1333333333333  0.00 17210.00 100 13.10
1.00 0 1 12.63 0.00 17140.00 100 7.00
0.00 1 0 6.86666666666667  0.00 16951.00 1802200  18022.00 0.00  35.70
0.00 0 0 41.63 0.00 16937.00  18130.00  18130.00 0.00  39.80
1.00 1 0 3.66666666666667  0.00 17036.00  17449.00 1746200 1.00 13.80
0.00 0 0 34 0.00 17057.00  18050.00  18050.00 0.00  33.10
1.00 1 0 4.8 3 1.00 18140.00 17700000 43.00
0.00 1 0 6.266666 667 0.00 17181.00  18092.00 1809200 0.00  30.40 14700.00 3800
0.00 0 0 24.63 000 1728300  17980.00  17980.00 0.00 23.20 9400000 43.00
0.00 1 0 6.4 0.00 17320.00 18087.00  18087.00 0.00  25.60 2370.00  48.00
1.00 1 0 7.46666666666667  0.00 1742000 1754800  17714.00 1.00 4.0 18300000 63.00
0.00 0 0 18 000 1720300 1721200 1721200 0.00  0.30 10300.00 5600
0.00 0 0 18.4 0.00 17619.00 1814100  18141.00 0.00 17.40 2130000 32.00
0.00 1 NA 15.9666666666667  0.00  17283.00  18074.00  18074.00 26.40 373000 6100
0.00 1 0 5.2 1.00 16811.00  0.00 270000  36.60
1.00 1 0 000 15470.00 1571200 1611200 1.00 .10 178000 43.10
0.00 0 0 50.9666666666667  0.00 15524.00  15755.00  17006.00 1.00 7.70 58000.00  58.60
0.00 0 0 42.0333333333333  0.00  15516.00 16743.00  0.00  40.90 622000 48.00
1.00 0 1 16 000 1551800 15736.00 1596800 1.00  7.30 3845000 34.60
1.00 1 0 2.86666666666667  1.00 1578200  15887.00  1.00 6200000 49.20
0.00 0 0 0.00  15578.00 17086.00  0.00  50.30 8400000 41.40
0.00 0 0 0.00  15551.00 000 25.70 3600.00  60.90
1.00 0 1 1.00 5550.00  0.00 109000.00  56.90
1.00 0 1 0.00 16961.00  0.00 18600.00  44.60
0.00 1 0 0.00 16315.00  0.00 235000 49.70
0.00 1 0 0.00 16799.00  0.00 16850.00 4390
0.00 0 0 0.00 17117.00  0.00 4000.00  32.10
1.00 0 1 000 15621.00 15707.00  16227.00  1.00 2250000 56.10
0.00 0 0 0.00 16078.00  16850.00  1.00 220000 27.40
0.00 0 0 0.00 15985.00  16581.00  1.00 2732000 58.10
0.00 0 0 0.00 16799.00  0.00 50.30
1.00 0 1 0.00 X 0.00 51.00
0.00 0 0 0.00  15701.00 0.00 58.10
1.00 0 1 1.00 0.00 2160.00  54.90
1.00 0 1 0.00 15757.00  16027.00 1.00 16500.00  45.70
0.00 1 0 0.00  15769.00 0.00 164000 4780
0.00 0 0 0.00 17301.00  0.00 17210.00  47.00
0.00 1 0 0.00 16780.00  0.00 7070.00  34.80
1.00 0 1 0.833333333333333  1.00 15787.00  0.00 11300000 19.60
1.00 0 1 15.9 1.00 15901.00  16242.00  1.00 17490.00  56.40
1.00 0 1 11.3666666666667  0.00 15812.00  15078.00 1611600 100  5.50 2081000 57.70
1.00 1 0 9.03333333333333 0.0 15806.00 400 1684800 1.00  29.60 4350000 58.20
0.00 1 0 1.00 16771.00  1.00 9473000 46.70
0.00 0 0 30.1333333333333  1.00 16751.00  0.00 342000 4330
1.00 1 0 1.9 0.00  16121.00 16786.00  0.00  22.20 15100000 53.10
0.00 0 0 27.7666666666667  0.00  16167.00 16966.00  0.00  26.60 643000  26.30
0.00 0 0 33.4666666666667  0.00  16202.00 1715800 0.00  31.90 11600.00 5510
0.00 0 0 0.00  16209.00 16931.00  0.00  24.10 13640.00  56.90
0.00 0 0 0.00  16295.00 17409.00  0.00  37.10 6670000  53.20
1.00 0 1 1.00 16800.00  0.00 13600000 32.70
1.00 0 1 0.00 16542.00  16760.00 1.00  6.60 750000 19.50
0.00 0 0 0.00 16519.00 1719400 1.00  1.90 8000.00  46.10
1.00 0 1 1.00 16722.00  0.00 8400000 45.80
0.00 0 0 9 33: 0.00 17176.00  0.00 181000 5650
0.00 1 0 6.06666666666667  0.00 17181.00  0.00 110090.00  46.90
0.00 0 0 29.1333333333333  0.00 1731600 0.00 2080.00  44.60
0.00 0 0 24.4666666666667  0.00  16497.00 17195.00  0.00 88900.00  44.20
1.00 1 0 5.2 0.00  16524.00 16828.00  0.00 210000 5110
0.00 0 0 20.5 0.00  16520.00 1737200 0.00 385000 53.10
0.00 0 0 221 000 1653200 1691100 17 1.00 30590.00  53.80
1.00 0 1 22.5 000 16533.00 1714800 1717500 1.0 6900.00  54.20
0.00 0 0 19.4666666666667  0.00  16552.00  16088.00  17109.00  1.00 320000 5850
1.00 0 1 2 3333333333 1.00 16599.00  0.00 25000.00  57.90
0.00 1 0 333; 33333 0.00  16567.00 1717500 0.00  20.30 3040.00  49.00
1.00 0 1 1.36666666666667 1.0 16579.00  0.00 17800000 57.20
0.00 0 0 28. 000 16584.00 1727600  17407.00 100 2310 539000 57.90
1.00 0 1 7.6 33333333 1.00 16660.00  16790.00  1.00 38100.00 5490
0.00 0 0 1 0.0 16602.00 17207.00  0.00  20.20 3620.00  42.80

TABLE

low-risk

patients.

Table summarized the

Clinical characteristics of

The column "OS time" described the overall

survival censored at latest follow-up or death, "OS status" described
the status of the patients at the last follow-up (0:alive, 1:death), "HCT"
described the allogenic HCT (0:no, 1l:yes), "HCT status" described
the status censored at HCT and "HCT time" described the time from
diagnosis to allogenic HCT or last follow-up or death, "CR" described
the complete remission at the induction therapy (0:no, 1:yes), "Data
CR" described the complete remission date, "Data RIC" described
the relapse date, "Last fu" described the last data point of follow-
up available, "RIC" described the presence of relapse (0:no, 1:yes),
"DFS Time" described the disease-free survival, "WBC" described
white-blood cell count, "AGE" the age at diagnosis.
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TABLES

7.

SAMPLE  chr2 _INS chr3_INS chr3_INS.1 chrd_DEL chrd_DEL.1 chrll_DEL chrl2_INS chrl4_DEL chrl5_INS chrl6_INS c¢hr20 INS CEBPA NPM1 FLT3.ITD.ratio ELN HR.SUM LR.SUM
0 0 1 0 0 0 0

19 0 0 0 0 0 0 1 0 0 1

45 0 0 0 0 1 0 0 0 0 0 0 0 1 2 1 1 0
54 1 0 0 0 0 0 1 0 0 1 1 0 1 0 0 2 2
57 0 0 0 0 0 0 0 1 0 0 0 0 0 2 2 1 0
59 0 1 0 0 0 0 0 0 0 0 1 0 0 0 1 1 1
60 1 0 0 1 0 1 0 0 1 0 0 0 0 2 2 4 0
63 0 0 1 1 0 1 0 0 0 1 0 0 0 0 1 3 1
83 0 0 0 0 1 0 0 0 0 0 1 0 0 0 1 1 1
90 0 1 0 0 0 0 0 0 0 0 1 0 0 0 1 1 1
92 1 0 0 1 0 1 0 0 0 0 0 0 1 0 0 3 0
96 0 0 1 0 0 1 0 0 1 0 0 0 0 0 1 3 0
97 0 0 1 0 0 0 0 0 0 0 1 0 0 0 1 1 1
98 0 0 0 0 0 0 1 0 0 0 1 0 0 0 1 1 1
10 0 0 0 1 0 1 0 1 1 0 0 0 1 0 0 4 0
31 0 0 0 1 0 0 0 0 0 1 0 0 1 0 0 1 1
34 0 0 0 1 0 0 0 0 0 0 0 0 0 0 1 1 0
86 0 1 0 0 1 0 0 0 0 1 0 0 1 0 0 2 1
140 0 0 1 0 0 1 1 1 0 0 0 0 1 0 0 4 0
160 0 0 0 0 1 0 0 0 0 0 0 0 0 0 1 1 0
201 0 0 0 0 0 0 0 0 1 0 0 0 0 0 1 1 0
225 0 1 0 0 0 0 0 0 0 0 0 0 1 2 1 1 0
281 0 1 0 0 0 0 0 0 0 0 0 0 1 2 1 1 0
315 0 0 0 0 1 0 0 0 0 0 1 0 0 2 2 1 1
386 0 1 1 0 0 1 0 0 0 0 0 0 1 0 0 3 0
392 0 0 0 0 0 0 0 1 0 0 0 0 1 0 0 1 0
581 1 0 0 0 0 0 0 0 1 1 1 0 1 0 0 2 2

TABLE 9: Table summarized the Molecular characteristics of high-risk patients. The columns described
the presence of the 8 hrSVs (0:not present, 1:present), the number of the hrSVs for each patients ("HR__sum"), the
number of the IrSVs for each patients ("LR_sum"), the presence of the CEBPa biallelic mutation (0:not present,
1:present), "NPM1" (0:not present, 1:present) and "FLT3.ITD.ratio" described the presence of the ITD in FLT3 with
ratio (0:not present, 1:low allelic ratio, 2:high allelic ratio) and the column ELN described the prognostic stratification
based on ELN recommendations (0:favourable,1:intermediate, 2:adverse)
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