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Abstract

Acute myeloid leukemia (AML) is the most frequent leukemia in adults with a high mortality rate. Current diagnostic
criteria and selections of therapeutic strategies are generally based on gene mutations and cytogenetic abnormali-
ties. Chemotherapy, targeted therapies, and hematopoietic stem cell transplantation (HSCT) are the major therapeutic
strategies for AML. Two dilemmas in the clinical management of AML are related to its poor prognosis. One is the inac-
curate risk stratification at diagnosis, leading to incorrect treatment selections. The other is the frequent resistance

to chemotherapy and/or targeted therapies. Genomic features have been the focus of AML studies. However,

the DNA-level aberrations do not always predict the expression levels of genes and proteins and the latter is more
closely linked to disease phenotypes. With the development of high-throughput sequencing and mass spectrometry
technologies, studying downstream effectors including RNA, proteins, and metabolites becomes possible. Transcrip-
tomics can reveal gene expression and regulatory networks, proteomics can discover protein expression and signal-
ing pathways intimately associated with the disease, and metabolomics can reflect precise changes in metabolites
during disease progression. Moreover, omics profiling at the single-cell level enables studying cellular components
and hierarchies of the AML microenvironment. The abundance of data from different omics layers enables the better
risk stratification of AML by identifying prognosis-related biomarkers, and has the prospective application in iden-
tifying drug targets, therefore potentially discovering solutions to the two dilemmas. In this review, we summarize

the existing AML studies using omics methods, both separately and combined, covering research fields of disease
diagnosis, risk stratification, prognosis prediction, chemotherapy, as well as targeted therapy. Finally, we discuss

the directions and challenges in the application of multi-omics in precision medicine of AML. Our review may inspire
both omics researchers and clinical physicians to study AML from a different angle.
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Introduction

Progressions in high-throughput technologies, includ-
ing genomics, transcriptomics, proteomics, and metabo-
lomics, have started to enable precision medicine at the
comprehensive molecular level [1]. Individually, each of
the omics technologies has been utilized widely in clini-
cal practice and clinical studies of a variety of diseases,
including hematological malignancies. However, each
omics alone cannot accurately reflect the entire biologi-
cal complexity of the disease. Therefore, the integration
of multiple omics technologies, ie., multi-omics, has
recently emerged to capture a comprehensive landscape
of diseases. The definitions and advantages of different
omics are listed in Table 1.

Acute myeloid leukemia (AML) is a heterogeneous
malignant disease characterized by bone marrow (BM)
infiltration with leukemic blasts [2]. With the implemen-
tation of new treatment strategies over the past years, the
5-year survival rate of AML continued to improve and is
now around 28%, but the long-term survival remains dis-
mal [3]. The original diagnostic and classification crite-
rias were based on the degree of maturation of leukemia
cells [4]. In the latest edition of the World Health Organi-
zation (WHO) classification, AML with defined genetic
abnormalities was classified as a specific subtype, partly
eliminating the 20% blast cutoff and emphasizing cytoge-
netic aberrations and mutational profiles [5]. Therefore,
prognostic stratifications and selections of therapeu-
tic strategies are mainly determined by mutations and
cytogenetic abnormalities [6], and genomics has been
extensively studied in AML (Fig. 1). A recent review by
Eisfeld et al. [7]. has thoroughly illustrated the genetics,
epigenetics, and genomic characteristics of AML and
their influence on the treatment and disease prognosis.

Despite comprehensive and instructive genomic infor-
mation, there is an inconsistency between the actual out-
comes and the current risk stratification, especially for

Table 1 Definitions and advantages of different types of omics
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the intermediate-risk subgroup [8]. We also noticed that
some patients, particularly elderly ones, were classified
into the favorable-risk group but yielded poor outcomes
under standard treatment [9, 10]. Myelodysplastic syn-
drome (MDS) is a slowly progressing clonal heterogene-
ous malignancy with a median survival of 5 years [11].
However, 30-40% of MDS patients eventually progress
to secondary AML (sAML) and the survival time is less
than 6 months, which is even shorter than de novo AML
[12]. Although mutations like TP53 may suggest a higher
chance of leukemic transformation, there is still a lack of
reliable markers for predicting the transformation from
MDS to sAML [13].

The standard chemotherapy “7+3” has been
the fundamental treatment for AML ever since its
approval in 1973 (Fig. 2). Resistance to standard
chemotherapy remains a significant problem, and the
main reasons for the resistance include the alterna-
tion of genes, mRNA, and proteins, and the aberrant
activation of related signaling pathways [14]. The
next-generation sequencing (NGS) approaches iden-
tified many disease-related mutations and emerging
drugs targeting some mutations have greatly improved
the survival of AML patients compared with chemo-
therapy alone. For AML patients with FLT3 mutation,
the FDA (Food and Drug Administration) approved
midostaurin in 2017 [15]. Gilteritinib and quizarti-
nib were approved for relapsed/refractory (R/R) AML
patients with FLT3 mutation in 2018 and 2019, respec-
tively [16, 17]. In addition to FLT3, other receptor
tyrosine kinases (RTKs) like KIT are targets of RTK
inhibitors such as midostaurin, sorafenib, dasatinib,
and bemcentinib [18, 19]. Besides, the inhibitors of
IDH2 (enasidenib) and IDHI1 (ivosidenib) were also
approved for the treatment of R/R AML with corre-
sponding mutants in 2017 and 2018, respectively [20,
21]. Recently, the approval of venetoclax targeting

Definition

Advantages in AML studies

Genomics
or the complete genomes.

Transcriptomics  Detection and quantification of all RNA in a sample.

Proteomics
modifications, and protein interactions.

Metabolomics

Multi-omics Integration of more than one omics technology.

Genetic mapping and DNA sequencing of sets of genes

Identification and quantification of proteins, post translational

Identification and quantification of small molecular metabolites.

The first and most advanced omics technology. The cost
of NGS has decreased significantly and it is now a routine
approach in diagnosis and classification of AML.

Targeted RNA-seq and bulk RNA-seq have relatively low cost. It
has been a requisite for the discovery of diagnostic biomarkers
for rare hematological diseases.

Enables direct detection and characterization of the products
of genomic aberrations.

Being the most downstream omics, it is also the closest
to the phenotype and can reflect instant changes to drugs.

Comprehensively demonstrate the complexity of molecular
events in the disease states.




Zhang et al. Biomarker Research (2024) 12:60 Page 3 of 43

Nanopore . Ms

NGS

LC-MS

Sanger

: LC-MS/MS
Sequencing

Nanopore MS
é{.‘
NGS Phenotype LC-MS
sanger I/, T i \\\
Sequencing LC-MS/MS

Correlation Multi-centered validation
Networking Machine learning
Clustering Ex vivo & in vitro validation

s \

m [T a Y
o S \
‘W a
Diagnositic Multi-omics Prognosis Drug sensitivity Targeted

criteria subgroups prediction prediction therapy

& —d
Fig. 1 Multi-omics approaches in acute myeloid leukemia (AML) studies. Integrating data from genomics, transcriptomics, proteomics,
metabolomics, and clinical phenotypes in different research fields of AML, including diagnosis, molecular subgroups, prognosis, prediction
of drug sensitivity, and drug target discovery. Statistical analyses should be performed for the omics data to explore their correlations to clinical
manifestations. The identified biomarkers or potential targets need further validation in independent cohorts in vitro or ex vivo

BCL-2 had significantly improved outcomes of newly  October 2023. However, there are still various AML
diagnosed AML ineligible for intensive chemotherapy patients resistant to these targeted therapies, and
[22]. Presenting satisfactory efficacies in AML patients = many resistance mechanisms remain unclear, demand-
with NPM1 mutation or MLL rearrangement [23, 24], ing further investigation and solutions to overcome
one of the menin inhibitors revumenib was approved resistance [25, 26].

by the FDA as an “orphan drug” for treating AML in
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Timeline of the FDA Approved AML Therapies
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Fig. 2 History of the FDA-approved therapies for AML. Since Cytarabine/Daunorubicin (743) and hematopoietic stem cell transplantation (HSCT)
were approved by the FDA in 1973 and 1977, respectively, no significant progress was made until 2000. Since then, targeted therapies have been
developed quickly partly owing to the high-throughput sequencing technologies which helped dissect signaling pathways and identify possible
drug targets. FLT3 (Fms related receptor tyrosine kinase 3) inhibitor midostaurin, IDH2 (Isocitrate dehydrogenase 2) inhibitor enasidenib and IDH1
inhibitor ivosidenib have contributed to the significant improvement in patient survival. New generations of these three targeted drugs were

also developed, including the newly approved IDH1 inhibitor Olutasidenib and FLT3 inhibitor Quizartinib. The emerging BCL-2 inhibitor venetoclax

and menin inhibitor revumenib also have a promising future

As a hot tool for studying AML, transcriptomics
can provide additional information beyond genom-
ics, and it has already become a requisite for the diag-
nosis markers of another hematological malignancy:
myeloid/lymphoid neoplasms with eosinophilia and
tyrosine kinase gene fusions (MLN-TK) [5]. RNA-seq
could help reclassify and risk-stratify AML based on
gene expression and identify many novel fusion genes
[27, 28]. Furthermore, the single-cell RNA sequencing
(scRNA-seq) technique has made it possible to study
the cellular components and cellular hierarchies of the
AML microenvironment, deepening the understand-
ing of the molecular basis of AML [29, 30]. A myriad
of transcriptomics abnormalities have been identi-
fied, but most of them have unidentified clinical sig-
nificance and only very few of them turned out to be
therapeutic targets. Although recent transcriptomics
studies provide additional information to gene and
associated cell functions, the understanding of biologi-
cal processes of AML is still limited to the molecular
level, lacking a deeper insight into its downstream
effects such as protein expression, post-translational
modifications (PTMs), and the metabolites produced
by leukemic cells or altered by drug administering.
Molecular subtypes derived from only one molecular
platform limit the ability to identify causative nodes
and downstream effects that may be potentially treat-
able [31, 32].

Therefore, with the growing emphasis on preci-
sion medicine and the emergence of new therapeutic
options, the molecular subtypes based on genomics,

transcriptomics, proteomics, and metabolomics data
of AML may be more instructive and better represent
the pathological conditions of the disease. The design
of both single-omics and multi-omics studies can be
complicated (Fig. 3), preparations, analyses, and verifi-
cations require a lot of investment and effort. However,
a considerable number of studies applying these strate-
gies to AML have been conducted. In this review, we
outline the current research on the diagnosis, risk strat-
ifications, biomarker identification, and targeted thera-
pies of AML applying these omics methods.

Omics in diagnosis of AML

Current diagnostic criteria and classification of AML
are mostly based on MICM (morphology, immunology,
cytogenetics, and molecular biology). However, as a het-
erogenous disease, the classification of AML based on
morphology, cytogenetics, and mutations is not always
consistent with the disease phenotype. The differentia-
tion of MDS with a high chance of leukemic transforma-
tion from other MDS also demands more information
beyond mutations. Therefore, researchers used omics
technologies to acquire downstream information to
improve AML diagnosis.

Omics in AML with FAB or WHO-defined aberrations
Transcriptomics

Several studies have applied omics technologies in pro-
filing AML with recurrent genetic abnormalities. Vir-
taneva et al. [33]. profiled the expression patterns of 20
pretreated bone marrow (BM) samples of AML patients
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Fig. 3 Workflow for omics studies. First, biological samples are collected from patients and healthy controls. DNAs, RNAs, proteins, and metabolites
are extracted and prepared for omics analysis. Then, raw omics data are generated through standard protocols, e.g. high-throughput sequencing
for transcriptomics and LC-MS for proteomics. After normalization and filtration of raw data and procession through computer software, data

for gene expression and protein abundance are obtained. Bioinformatic

analyses are then performed to study the expression differences, functions,

and their association with possible molecular subtypes. Biomarkers and drug targets are then identified and further verified in patient samples

or cell lines

harboring isolated trisomy 8 (+8) or with normal karyo-
type (NK) using oligonucleotide-based DNA microarray.
Compared with NK-AML, genes regulating apoptosis
were significantly downregulated in with +8 abnormity,
including the apoptosis inducer BAD and CRADD.
However, TP53 was increased in with +8 abnormity in
response to the decrease of expression levels of apopto-
sis inducers BAD and CRADD. To determine whether
gene expression profiling (GEP) can provide evidence
for subtypes of AML with t(8;21)(q22;q22), t(15;17)
(q22;q12), and inv [16](p13q22), Schoch et al. [34]. per-
formed microarray analyses on BM samples from 37
AML patients with the above 3 cytogenetic aberrations.
The three subtypes exhibited three distinct expression
clusters across 1000 preselected genes, suggesting that
genetically defined AML subgroups can be identified
through GEP. Significantly lower expression of X96719
was associated with AML with t(15;17) whereas signifi-
cantly higher expression of X96719 was associated with
AML with t(8;21) or inv [16]. Studies by Debernardi et al.
[35]. and Jiang et al. [36]. also reached the same conclu-
sions concerning specific cytogenetics and expression
patterns. In the Cancer Genome Atlas (TCGA) Research
Network [37], information on RNA-seq in 179 AML
samples and microRNA-seq in 194 samples was pub-
lished along with related genomics and clinical data. The

subtypes classified based on unsupervised clustering of
RNA and miRNA expression were correlated with FAB
subtypes and samples harboring certain mutations also
displayed distinct mRNA and miRNA signatures.

Weighted gene co-expression network analysis (WGCNA)
is a clustering method to identify gene modules associated
with certain characteristics [38, 39]. Guo et al. [40]. used
WGCNA to analyze the co-expression modules in AML
patients in the BeatAML cohort and combined the co-expres-
sion modules with ELN stratification to determine the effects
of GEP on the prognosis of AML. Three modules significantly
correlated GEP with NPM1, RUNXI, and TP53 mutations,
which are primary factors in the diagnosis and risk stratifica-
tion of AML. The top genes of NPMI mutation-related mod-
ule included MEISI, HOXAS, HOXA3, HOXA7, HOXAS®,
HOXA10, HOXB3, HOXA9, PBX3, HOXB4, and etc., which
mainly participated in positive transcriptional regulation,
negative cell differentiation regulation, and HOX gene activa-
tion. Similarly, the module related to RUNX1 mutation signifi-
cantly enriched in the cytokine-mediated signaling pathway
and hematopoietic cell lineage, while genes in the “light green”
module were highly related to T7P53 mutation. Therefore, net-
works of gene expression are of great significance in assisting
in the identification and diagnosis of AML subtypes, and the
molecular subtypes are major indicators for treatment choice
and prognosis of AML.
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Proteomics

As early as 2004, Cui et al. [41]. obtained BM aspirates
from 61 AML patients of different FAB types and ana-
lyzed them with MALDI-TOF-MS and ESI-MS/MS.
They identified many proteins with differential expres-
sion levels between leukemic cells and normal cells and
between cells from different FAB subtypes of AML. They
also discovered seven specifically expressed proteins in
M2 and M3 samples, including proteinase 3 and Azuro-
cidin. In 2006, Balkhi et al. [42]. used BM samples of 42
AML patients for MALDI-TOF MS analysis and found
the proteins and PTMs that were significantly different
between various subtypes of AML. For instance, 3-O-
linked N-acetyl glucosamine of hnRNPH1 was unique to
AML cases harboring 11q23 and acetylation of calreticu-
lin was connected to t(8;21).

Kramer et al. [43]. performed proteomic and phos-
phoproteomic analyses for 44 AML BM samples with
complete clinical and mutational data selected from the
TCGA dataset. They identified several protein dysregula-
tions connected to common mutations and fusions. For
instance, samples harboring IDH1 or IDH2 mutations
showed increased levels of 2-oxoglutarate—dependent
histone demethylases KDM4A/B/C, although the mRNA
levels of these genes were not elevated. Samples with
NPM1 mutation displayed an increased abundance of
KPNA4 and KPNB1 (both belong to the nuclear impor-
tin family). FLT3-TKD mutant samples had increased
phosphorylation in nine tyrosine residues compared
with FLT3 WT samples. AML samples with PML-RARA
fusion exhibited a unique phosphorylation signature.
Therefore, proteomics could present some different
information from the transcriptomics, which may also
help to identify the different characteristics of AML.

Metabolomics

Wang et al. [44]. employed NMR-based metabolomics in
studying the serum metabolic alterations between AML
patients and healthy donors and between different AML
subtypes. Serum samples of 183 de novo AML patients
and 232 matched healthy donors were profiled and
AML cases showed higher levels of multiple metabolites
including phenylalanine, tyrosine, N-acetyl-glycopro-
tein, citrate, mannose, and glucose. Moreover, different
metabolic alterations were also detected between AML
patients within different cytogenetic background. Com-
pared with the cases with favorable cytogenetic char-
acteristics, the intermediate cases showed significantly
higher levels of several amino acids, myo-inositol, cho-
line, lactate, and HDL (high-density lipoprotein) and
lower levels of VLDL (very low-density lipoprotein) and

Page 6 of 43

LDL (low-density lipoprotein). Their study demonstrated
dysregulated metabolic pathways in the serum of AML
patients from different cytogenetic risk groups, ensuring
NMR-based metabolomic methods using serum samples
as a reliable and less invasive approach to studying AML.
To explore the lipid patterns in AML cases with differ-
ent karyotypes, Stefanko et al. [45]. applied shotgun MS
in profiling the lipidome of BM aspirates from 16 AML
patients with normal karyotype, t(8;21) and inv [16].
Principal Component Analysis (PCA) revealed significant
differences between the lipidome of the t(8;21) group and
the other 2 groups, and further analyses indicated that
sphingolipids and ceramides were most distinct between
subtypes. Compared with AML-NK, increased levels of
ceramide backbone-containing lipids (sphingomyelin
(SM), ceramides (Cer), and GM3 ganglioside) were found
in t(8;21) cases, indicating a shift to glycosphingolipid
synthesis. Similarly, the results also demonstrated that
many kinds of metabolites from AML with t(8;21) were
involved in sphingolipid pathways, including decreased
abundance of SM and increased ceramide synthesis. This
study based on metabolomic analysis of lipidomes identi-
fied type-specific signatures in AML.

Apart from cytogenetic aberrations, mutations were
also associated with different metabolomic features.
FLT3-ITD mutation significantly upregulates mito-
chondrial hexokinase and promotes aerobic glycolysis
dependence, which is known as the Warburg effect [46].
Stockard et al. [47]. collected plasma samples from 16
pediatric AML patients (8 with FLT3-ITD mutation and
8 had WT FLT3-ITD) and applied LC-MS for meta-
bolic profiling. A total of 21 metabolites in plasma and
33 metabolites in leukemic cells were significantly dif-
fered from FLT3-ITD status, involving several important
pathways like lysophospholipid metabolism and purine
metabolism and biosynthesis. Mutant IDHI or IDH2
leads to the conversion of o-ketoglutarate (a-KG) to
oncometabolite 2-hydroxyglutarate (2-HG). Accumula-
tion of 2-HG further results in epigenetic dysregulation
and cellular differentiation blockage, thus assisting leuke-
mogenesis [48, 49]. These correlations between drugga-
ble mutations and consequent metabolic alterations may
help identify drug targets, study resistance to associated
drugs, and find solutions to overcome the resistance. This
issue will be discussed later.

These studies based on FAB or WHO-defined AML sub-
types and mutations with known clinical significances sug-
gested that transcriptomics, proteomics, and metabolomics
strategies were capable of distinguishing AML with different
cytogenetic and genetic abnormalities, demonstrating them
as reliable methods in further AML diagnostics and studies.
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Omics in refining molecular subgroups of AML

Although mutations and cytogenetic features are predic-
tive of disease prognosis, the real clinical outcomes are
sometimes different [50]. Imprecise classification leads
to improper choice of therapeutic strategies, this remains
an intractable dilemma in current AML management,
especially when over 45% of patients belong to the inter-
mediate-risk category [51]. Different omics technolo-
gies have been implemented in refining molecular AML
subgroups.

Identifying the characteristic patterns of gene acti-
vation and silencing, the so-called “expression signa-
tures’, can distinguish subsets of AML patients [52, 53].
The fifth edition of the WHO classification of AML has
renamed APL (acute promyelocytic leukemia) with
t(15;17) as AML with PML:RARA fusion. However, the
novel PML-independent RAR fusions such as RARG
were not included [54]. Zhu et al. [55]. organized a global
collaborative study of AML with RARG rearrangements
based on samples collected from 29 different study
groups. They applied unsupervised hierarchical cluster-
ing on the GEP of 201 samples (22 RARG-rearrangement
samples, 66 PML-RARA samples, and 113 non-M3 sam-
ples). Results showed that 18 (81.8%) of the 22 RARG
rearrangement samples clustered together, strongly
indicating a new subtype. Gruber et al. [56]. performed
RNA-seq in 14 samples derived from 14 pediatric acute
megakaryoblastic leukemia (AMKL) patients and con-
ducted a validation of BM samples from 34 pediatric
AML patients. The CBFA2T3:GLIS2 fusion resulting
from chromosome 16 inversion [inv [16](p13.3q24.3)]
was found in 27% of the patients. The OS of patients
with CBFA2T3::GLIS2 was significantly worse than those
without this fusion. Their study defined an unfavorable
prognostic subtype of pediatric AMKL characterized
by the CBFA2T3::GLIS2 fusion [57]. They further ana-
lyzed RNA-seq and exome sequencing data of 99 AMKL
patients and found that samples with different HOX loci
and NUP98::KDM5A had distinct gene expression signa-
tures and may represent distinct subgroups.

The above studies used the presence or expressional
differences of a single gene or the existence of a certain
fusion gene to refine the AML subgroup while subgroups
defined by the whole GEP can better reflect the charac-
teristics of individuals. Transcriptomics is now capable
of comprehensively demonstrating the differences across
different molecular groups through GEP. Bullinger et al.
[58]. studied the gene expression levels in 166 AML
adults using complementary-DNA microarrays. Through
the unsupervised hierarchical cluster analysis of the 6283
differentially expressed genes across groups, they found
that the expression profiles of samples from the t(15;17)
group exhibited a highly correlated pattern while the
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t(8;21) and inv [16] samples were less well correlated.
Their results suggested that the patients with the same
cytogenetic abnormality could be further divided into
subgroups based on GEP. In fact, a considerable num-
ber of studies have subdividled AML patients through
transcriptomics, with or without taking mutations and
cytogenetics into consideration. Cytogenetically normal
AML accounts for 40-50% of all AML. These patients
are heterogeneous and are generally classified into the
intermediate group [6]. Based on unique patterns of gene
expression after unsupervised hierarchical clustering and
principal component analyses, Bullinger et al. [58]. dif-
ferentiated NK-AML into two groups consisting of 133
genes, and prediction of prognosis based on these genes
resulted in high accuracy. In the two prognostically rel-
evant groups, group I overexpressed GATA2, DNMT3A,
and DNMTS3B. In group II, the genes related to granu-
locytes and monocytes, including vascular endothe-
lial growth factor (VEGF), were significantly expressed.
Because patients with the normal karyotype lack reliable
markers for risk stratification and treatment selections,
the findings of Bullinger et al. are instructive in subclas-
sifying these patients. Several other studies [47, 59-62]
based on GEP also identified molecular subgroups with
or without correlation to mutations and karyotypes,
which may guide better therapeutic selections.

Although further validations in independent cohorts
are required, these studies demonstrated that RNA-seq
was capable of classifying AML patients into groups
more closely related to phenotype. The coexistence of
the correlation and discrimination between transcrip-
tome with genome and cytogenetics indicates a com-
plex relationship between different biological levels as
well as the requirement of involving downstream omics
data in the AML study. However, most proteomics or
metabolomics-related studies focus on the identifica-
tion of prognostic markers and drug targets. We believe
that biological subgroups of AML based on differences
in proteins and metabolites will be more consistent with
disease phenotypes although it is difficult to incorporate
them in the diagnostic criteria.

Omics in predicting MDS to AML transformation

As we mentioned in the introduction, around 30-40%
of MDS patients (MDSs) progress to sAML and some
aggressive MDSs are more likely to progress to sAML.
Therefore, identifying these MDS patients and admin-
istrating proper treatment may improve their survival.
Meanwhile, due to the poor survival of sSAML, distin-
guishing SAML from de novo AML is also of clinical
significance. Bejar et al. [62]. invented a pattern to iden-
tify the progression of sAML by comparing mutations
between groups of different risks. They also found that
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prognostic classification methods such as the Interna-
tional Prognostic Scoring System (IPSS) and the Revised
IPSS (IPSS-R) are poor predictors of leukemic transfor-
mation. Therefore, more methods are needed to help pre-
dicting the progress of MDS to sAML.

Transcriptomics

Early in 2004, Tsutsumi et al. [63]. applied microarray
harboring oligonucleotides to distinguish de novo AML
from sAML progressed from MDS. They compared the
GEP in AML with multilineage dysplasia (AML-MLD)
(n=11), sAML (n=11), therapy-related leukemia (TRL)
(n=2), and de novo AML without dysplasia (n=15). They
identified 56 genes that may be potential molecular bio-
markers for differential diagnosis between sAML and
AML-MLD and most of them were related to nuclear
functions, including high mobility group nucleosomal
binding protein 2 (HMGN2), high mobility group box 1
(HMGBI), and nucleosome assembly protein 1-like 1
(NAPILI). Overexpression of platelet factor 4 (PF4)
and some ubiquitination-related genes indicated the
diagnosis of AML-MLD instead of sAML. Similarly, 28
genes that might distinguish de novo AML from sAML
were also identified. Among them, high expression of
lysosomal-associated multi-spanning membrane pro-
tein-5 (LAPTMS) might indicate the diagnosis of SAML.
Vasikova et al. [64]. applied microarrays to analyze the
GEP in CD34 + cells of 8 MDS patients and divided them
into early MDS (n=4) and advanced MDS (n=4). They
identified 286 differentially expressed genes between
the two categories. Among them, 136 upregulated genes
and 150 downregulated genes were found in early MDS
whereas ADAMS, a gene belonging to ADAM (disinteg-
rin and metalloproteinase domain-containing protein)
gene family [65], was expressed highly in refractory ane-
mia with excess of blasts-2 (RAEB-2) and sAML patients,
indicating the association between ADAM genes and
the progression of MDS. BIRCS was also confirmed to
have a negative correlation with blast proportion, the
conventional prognostic marker in MDS. Additionally,
MPL proto-oncogene thrombopoietin receptor (TPOR),
a member of the JAK-STAT signaling pathway, is highly
expressed in sAML patients compared to the health
cohort [66]. The expression levels of these genes men-
tioned above were tightly correlated with the stages of
MDS and had potential prognostic significance.

Picou et al. [67]. examined the GEP of antioxidant-
related enzymes using BM cells of 97 MDS/sAML
patients and 25 healthy controls. They compared the
redox metabolism between groups by quantifying reac-
tive oxygen species (ROS) levels in BM cells and paid
close attention to the 28 transcripts encoding for major
enzymes involved in the antioxidant cellular response.
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MDS and sAML were found to have significant dis-
turbances in redox metabolism, including decreased
expression of antioxidant genes, which could be poten-
tial biomarkers for the diagnosis of sSAML and disease
monitoring of MDS. Shiozawa et al. [68]. applied RNA-
seq in profiling BM samples of 100 MDS patients and
classified patients into two subgroups based on the GEP:
an immature progenitor (IMP) group and an erythroid
megakaryocyte (EMK) group. Notably, the leukemic
transformation was only present in the IMP group. The
upregulation of cell signaling pathways such as MAPK,
NOTCH, and JAK-STAT signaling pathways that took
part in hematopoietic differentiation and stem cell self-
renewal was found in the IMP group whereas some genes
in pathways associated with DNA repair and metabolism
were downregulated. Their study proved GEP as a poten-
tial reliable predictor of transformation from MDS to
AML, improving the prognosis prediction and therapeu-
tic choices of MDS and sAML. Some patients classified
as MDS before are now diagnosed as AML regardless of
BM blast according to the latest edition of guidelines (like
patients with NPM1 mutation). Therefore, we believe that
some of the patients who progress quickly from MDS to
AML may also be diagnosed as AML in the first place.
GEP can be important in identifying these patients by
comparing the GEP of MDS, de novo AML, and sAML.
The biomarkers identified in the above studies also have
the potential to diagnose AML regardless of blast if fur-
ther validations are conducted.

Proteomics

Pseudouridylation (¥) of transfer RNA-derived frag-
ments (tRFs) is closely related to activities of hemat-
opoietic stem cells, and the dysregulation of ¥ on a stem
cell-enriched tRF type, which has a 5’ terminal oligo gua-
nine (mTOG), is common in aggressive MDS subtypes
[69]. However, the mechanism of how this post-tran-
scriptional program eventually causes disease progres-
sion remained poorly understood. A recent study using
adapted HDX-MS to analyze hematopoietic stem cells
revealed that the binding site between mTOG-¥ and pol-
yadenylate-binding protein cytoplasmic 1 (PABPC1) was
through the RNA-recognition motif (RRM) domain of
PABPCI. A decrease of mTOG-¥’s binding to PABPC1
results in an increase of PABPCl-interacting proteins 1
(PAIP1)’s binding to the same site on PABPC1. PAIP1 is a
translational co-activator and its upregulation aberrantly
increases the translation of its associated mRNA, which
is involved in the MDS-to-AML progression [70].

A study conducted with TOF-MS identified the
decreased levels of CXC chemokine ligands 4 (CXCL4)
and 7 (CXCL7) in PB samples of advanced MDS. These
two proteins may be potential markers in predicting
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MDS progression [71]. More recently, researchers found
a downregulation of the protein FBXO1ll in sAML
patients. They applied LC-MS/MS to identify the ubig-
uitin substrates of an FBXO11-associated E3 ligase in the
MDS cell model. Those decreased ubiquitinated peptides
in FBXO11-knockout cells were analyzed and turned out
to be involved in the processing and metabolism of RNA.
Therefore, they suggested that FBXO11l was a poten-
tial marker in predicting the leukemic transformation of
MDS [72]. Another study acquired BM and PB samples
from de novo AML patients and MDS patients before
transforming to AML and used MALDI-TOF MS to ana-
lyze and compare their proteome profiles. The authors
found 3 significantly upregulated proteins, including
moesin, ezrin, and apoptosis-inducing factor mitochon-
dria associated 1 (AIFM1) in de novo AML, which may be
biomarkers in distinguishing de novo AML from sAML
[73].

However, limited proteomics-based studies have been
conducted in studying the transformation from MDS to
AML and some of biomarkers also lack further verifica-
tion. As we discussed above, some MDS patients should
be diagnosed as AML in the first place and proteome
information will be important in identifying this group of
patients.

Multi-omics

Murine double minute X (MDMX) is a suppressor of p53
[74]. It has been reported that MDMX is overexpressed in
about 90% of AML patients, the functional consequences
of this overexpression remain unclear [75]. Researchers
integrated RNA sequencing and LC-MS/MS in studying
preleukemic BM cells and found that MDMX overexpres-
sion caused the transition from preleukemic stem cells to
leukemic cells through upregulating the Wnt/B-catenin
signaling pathway. As MDS RAEB patients tend to have
elevated MDMX and a higher chance of transforming to
AML, they considered it a marker indicating the progres-
sion from MDS to AML [76].

Omics studies in the prognosis of AML

Although it is relatively easy to diagnose AML based on
morphological abnormality, precise risk stratification
for the diagnosis of AML is difficult. As we discussed
above, the risk stratification by ELN based on genetic
and cytogenetic information is sometimes inconsistent
with the actual clinical prognosis, demanding more infor-
mation to be integrated into the risk-stratifying criteria.
Therefore, a considerable number of studies implemented
omics approaches aiming at refining the risk stratification
of AML.
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Transcriptomics

The expression level of a single gene, several related
genes, the presence of fusion genes, and the whole
expression profile can all be used as markers for progno-
sis prediction and for AML subgroup classification.

Early in 1999, Golub et al. [77]. reported that the
upregulation of HOXA9 was related to the poor outcome
of AML based on gene expression monitored by microar-
rays. Andreeff et al. [78]. extended the finding of Golub
et al. and studied the expression of HOX, FLT3, and MLL
genes in 199 patients with newly diagnosed AML. They
found that the downregulation of HOX expression was a
consistent characteristic of AML with a favorable prog-
nosis and the lower level of HOXA9 expression was the
best predictor of overall survival (OS) and disease-free
survival (DFS). HSPG2, synthesized by BM cells, plays
an important role in hematopoietic cell differentiation
but is still mysterious in the mechanism of AML [79].
Zhou et al. [80]. applied RNA-seq in the BM mononu-
clear cells collected from 4 AML patients and 3 healthy
controls to analyze the association between HSPG2
expression and the clinical outcomes of AML patients.
The results showed that HSPG2 was significantly upregu-
lated in AML patients than in healthy controls and the
HSPG2 expression decreased in the complete remission
(CR) phase but increased after relapse. AML patients
with high expression of HSPG2 were more likely to have
shorter OS and leukemia-free survival (LFS). Consider-
ing the results mentioned above, HSPG2 may be a pro-
oncogene in AML pathogenesis with the potential to be
a predictive factor for poorer prognosis. Bottomly et al.
[81]. combined genomics data, transcriptomics data, and
clinical outcomes to determine the functional genes that
can help predict the prognosis of AML. They highlighted
the impact of AML LSCs in the disease pathogenesis and
relapse and found a single targetable gene that can deter-
mine the overall survival in AML. Platelet endothelial
aggregation receptor 1 (PEARI) was associated with an
HSC-like signature and its expression level can predict
the poor AML prognosis irrespective of ELN classifica-
tion. The prognostic marker independent of ELN risk
stratifications indicates that transcriptomics enables the
refinement of AML subgroups from a different aspect.

Proteomics
In 2008, Forshed et al. [82]. demonstrated a workflow for
identifying AML protein biomarkers based on SELDI-MS
data. From then on, as proteomic techniques progress
rapidly, an increasing number of studies have been car-
ried out using these techniques in discovering prognosis
biomarkers of AML.

Friend leukemia virus integration 1 (FLI1), a mem-
ber of the ETS transcription factor family, is involved in
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normal hematopoiesis and its overexpression was asso-
ciated with the progression of some solid tumors and
hematological diseases [83-85]. To study the role of
FLI1 in AML, Kornblau et al. [86]. performed proteom-
ics profiling in PB and BM samples of 511 AML patients
at diagnosis with reverse-phase protein array, the expres-
sion of FLI1 as well as 195 other proteins was measured.
The FLI1 expression was higher in 31.8% and lower in
4.8% of samples from AML patients compared to normal
CD34* cells. Among the other 195 proteins, 10 prolif-
eration and stromal interaction-associated proteins were
negatively correlated with FLI1 levels. They further found
that patients with high and low levels of FLI1 both had
shorter duration of remission. High expression of FLI1
was a risk factor for adverse prognosis. However, the pre-
dictive value of FLI1 was not validated in other cohorts.

A study based on SELDI-TOF MS subdivided the inter-
mediate and unfavorable-risk AML groups according to
proteome profiles [87]. They performed protein profil-
ing on BM and PB samples of 54 de novo AML patients
before treatment and divided them into two proteomic
clusters with significantly different overall and event-
free survival rates. Additionally, patients belonging to the
intermediate-risk group were split into two proteomic
groups, one had a similar prognosis as the favorable-
risk group and the other had a similar prognosis as the
unfavorable-risk group. They further verified S100A8 as
a marker for poor prognosis with a specificity of 75% and
a sensitivity of 70% for death prediction. Notably, previ-
ously mentioned transcriptomics-based studies found
elevated expression of SIO0A8 gene in samples treated
with FLT3 inhibitors and its level might be associated
with resistance to FLT3 inhibitors [88]. Higher expres-
sion of SI00A8 gene was also related to poor prognosis
and chemotherapy resistance in de novo AML [89]. The
consistency of expression level between different omics
layers was observed for S100A8, which makes it a more
reliable marker for poor prognosis.

Around 20% of the mutations in AML were associ-
ated with RNA splicing and chromatin modification
[90]. Mutated epigenetic modifiers combined with other
mutations result in prognostically distinct subtypes,
thus complicating individual prognosis stratification and
treatment selection [91-93]. Epigenetic modifications of
histone modifiers have been studied as dysregulations
in some solid tumors [94-96]. Djik et al. [97]. applied
proteomics profiling in studying prognosis-associated
epigenetic modifications on histone modifiers in AML.
H3K4me2, H3K4me3, and H3K27me3 modification lev-
els were examined in 241 samples from AML patients
and 188 acute lymphoblastic leukemia (ALL) patients.
H3K4me2, H3K4me3, and H3K27me3 levels were sig-
nificantly lower in AML samples than in normal or ALL
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samples. In both univariate and multivariate analyses,
greater reduction of H3K27me3 was associated with
shorter overall survival, for all AML patients and AML
cases with DNA methylation mutations or 7P53 muta-
tion. Although further validations to calculate the sensi-
tivity and specificity are needed, their study proved that
proteomic profiling of histone methylation was a reason-
able approach to identifying prognosis biomarkers for
AML with different mutations.

Zhang et al. [98]. obtained serum samples from 51
AML patients within different risk groups (14 with
favorable risk, 19 with intermediate risk, and 18 with
adverse risk) and profiled their serum proteome based
on TMT (tandem mass tag)-MS/MS. A total of 138 dif-
ferentially expressed proteins were identified between
groups and among them, elevated levels of FH, IDH2,
ENOLI, LTFE, and GLUL were significantly associated with
poor prognosis. ELISA assay confirmed their upregula-
tion discovered by MS. They considered these proteins
to be potential biomarkers for AML with poor progno-
sis. However, their study was based on cytogenetically
defined risk groups, while protein biomarkers which can
predict outcomes irrespective of ELN risk stratifications
may have more clinical significance.

Zhang et al. [99]. used label-free quantitative prot-
eomics in profiling the proteome of 10 BM plasma sam-
ples of newly diagnosed AML and 3 healthy donors.
They identified the differentially expressed proteins
(DEPs) in AML samples and further studied the cor-
relation between DEPs and survival data. The survival
of patients within ELN-2017 intermediate-risk group
with high intercellular adhesion molecule-2 (ICAM2)
expression was very similar to those in the adverse-
risk group. Therefore, upregulated ICAM?2 protein in
BM plasma was a predictive factor for the survival in
the intermediate-risk subgroup. A high proportion of
AML patients belong to the intermediate-risk group
and treatment decision is difficult in choosing HSCT
(like the adverse-risk group) or chemotherapy (like
the favorable-risk group) after the first CR [100, 101].
HSCT may be performed for AML patients harbor-
ing elevated protein level of ICAM for these patients
exhibit poor prognosis similar to the adverse-risk

group.

Metabolomics

An MS-based metabolomics study conducted by Chen
et al. [102]. on PB samples from 400 AML patients and
446 healthy donors identified the glucose metabolism
signature in AML. Six metabolites (lactate, 2-Oxogluta-
rate, 2-HG, pyruvate, glycerol-3-phosphate, and citrate)
were differentially expressed in AML samples in both
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training and validation cohorts and were all associated
with glucose metabolism. They then incorporated the
six identified metabolite biomarkers into a prognosis
risk score for predicting patient survival. The score was
independently predictive of patients with worse progno-
sis in the absence of well-established predicting markers,
indicating an AML subgroup with unfavorable prognosis
based on glycolysis metabolism. Based on this study, they
speculated that leukemic cells increased fructose utiliza-
tion by upregulating GLUT5 (a fructose transporter) to
compensate for glucose insufficiency [103]. They then
observed increased fructose uptake and elevated expres-
sion of GLUT5 in leukemic cells, as well as decreased
serum fructose in the samples of AML patients. Further-
more, they adapted a multivariate Cox model and found
that higher SLC2A5 expression was also significantly
linked to poor overall survival. Their two studies based
on metabolomics approaches successfully identified reli-
able serum prognostic markers for AML patients. Pabst
et al. [104]. applied several MS methods to comprehen-
sively determine the serum lipid profile of 20 de novo
AML patients. Elevated levels of arachidonic acid (ARA)
and its precursors were associated with unfavorable
prognostic risk, as well as with higher blasts in PB and
BM than cases harboring lower level of ARA. Meanwhile,
an increased level of prostaglandin F2a (PGF2a) was
related to lower peripheral blasts and favorable prognos-
tic risk, indicating a potential marker for a subgroup with
a better prognosis.

Because examining the metabolites from serum sam-
ples is a less invasive approach, constructing a metab-
olomic-based method for risk stratification may be
promoted to large-scale use in clinical practices. How-
ever, metabolites may change rapidly due to slight inter-
ference, making it difficult to find reliable markers.

Multi-omics

We have summarized studies implementing single omics
approaches in identifying prognostic biomarkers. We
believed that integrating data from different omics lay-
ers would provide valuable markers. However, probably
because markers identified by multi-omics approaches
are more reliable than using single-omics approaches,
most of the markers were further verified as potential
drug targets. Therefore, prognostic markers in multi-
omics studies will be discussed later in the section on tar-
geted therapy.

Omics in AML treatment

Omics in studying chemotherapy response of AML

Being the fundamental treatment of AML, chemother-
apy remains the therapeutic strategy for most patients.
Many AML patients fail to achieve CR after induction
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chemotherapy or relapse soon after remission. Therefore,
it is of significance to reveal the molecular mechanism
for chemotherapy resistance and to find reliable markers
to predict response [105].

Transcriptomics

It is known that MLL-AF9 (KMT2A:MLLT3) and
NUP98-NSD1 were closely related to the chemotherapy
resistance and resulted in high rates of relapse [106—108].
Apart from these fusion genes associated with treatment
response, transcriptome can reflect the cell state after
treatment and monitor minimal residual disease (MRD)
after chemotherapy. It was also applied to detect changes
during therapy and analyze the potential causes for
chemotherapy resistance and relapse.

Heuser et al. [109]. found high expression of MN1,
FHL1, CD34, RBPMS, LPAR6, and NPR3 genes was
related to chemotherapy resistance based on cDNA
microarrays. Moreover, AML patients with NUP98-
NSD1 fusion or NUP98 rearrangement were resistant
to chemotherapy [107, 110]. Floren et al. [111]. applied
RNA-seq to identify the increased expression of CD82,
a membrane scaffold reported to be associated with
leukemia cells [112], in AML patients after standard
chemotherapy. They further indicated a strong correla-
tion between the overexpression of CD82 and poor treat-
ment response as well as worse prognosis in pediatric
AML patients by using the Therapeutically Applicable
Research to Generate Effective Treatment (TARGET)
AML database.

Zhai et al. [30]. compared the gene expression differ-
ences between diagnosis (Dx) and relapse (Re) pairs of
AML patients at a single-cell level and observed a sig-
nificant clonal expansion and evolution in the progres-
sion of AML. Gene fusion and mutation detection based
on RNA-seq showed that KIT mutation increased the
risk of poor prognosis and recurrence [113]. The expres-
sion changes in six AML pairs showed that differentially
expressed genes like LOXL1 and FAMS81A were more
likely to appear in the relapse (Re) group. In FLT3-ITD
patients, compared with the Dx group, Re patients had
decreased expression of AP-1/ATF-2 and increased
expression of mTORCI targets, which revealed a path-
way shift from AP-1 to mTORCI. At the same time, the
upstream KRAS gene was also upregulated in relapse
patients. These studies explored the molecular mecha-
nism of chemotherapy resistance and relapse patients,
which can provide new insights into therapeutic strate-
gies for AML patients [114].

Several studies reported that AML-initiating cells
(LICs) can evade chemotherapy-induced cell death and
promote disease progression and relapse [115-117]. To
explore the role of LICs in chemotherapy-resistant and
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relapse AML patients, Stetson et al. [118]. performed
scRNA-sequencing on 813 LICs from 5 matched sam-
ples from AML patients at diagnosis and after relapse.
Twenty-two marker genes that differentially expressed
in RNA clusters were defined as AML LICs membership
and KLF6, ENOI, TPI1, and TALDOI were found to be
significantly downregulated in relapse groups, whereas
CD44, HLAs, and PTMA were highly expressed in relapse
groups. Dominant gene expression cluster at relapse was
enriched for pathways including TNFa and IL6/JAK/
SATS3, which were potentially therapeutically targetable.

The BM tumor microenvironment (TME), which not
only facilitates the growth of leukemic cells but also ini-
tiates leukemogenesis of healthy cells, is important in
disease progression [119]. Mumme et al. [120]. utilized
scRNA-seq to analyze BM samples in four pairs of AML
patients at Dx, at the end of induction (EOI), and after
relapse, and obtained a blast cell-related seven-gene sig-
nature associated with relapse and survival, including
CLECI11A (a growth factor for hematopoietic progenitor
cells [121]), PRAME (a RAS target promotor inhibiting
the differentiation and apoptosis induced by retinoic acid
[122]), AZUI (a myeloid differentiation factor), NREP,
ARMH1, CIQBP, and TRH. The expression of the genes
mentioned above, except TRH, was high in Dx AML blast
cell clusters compared with non-blast cell clusters from
both Dx and EOI time points, indicating an AML blast
signature. Survival analysis proved the significant cor-
relation between the high expression level of the 7-gene
signature and poorer OS. The longitudinal analyses of
samples in Dx, EOI, and relapse demonstrated that the
blast cells were identified in Dx, reduced in EOI, and
reappeared in relapse. TME exhibited its significance in
pediatric AML relapse or continuous CR. Zhang et al.
[123]. applied scRNA-seq in BM samples from 13 pedi-
atric AML patients before and after chemotherapy. Cells
were clustered based on GEP and about 50% of leuke-
mic stem/progenitor cells exhibited LSC and oxida-
tive phosphorylation (OXPHOS) signatures. Cells from
these clusters had strengthened metabolic programs
and were associated with chemoresistance. Importantly,
CD69 was highly expressed in chemoresistant LSC-like
subpopulations, which may be the marker for identify-
ing chemoresistant LSCs. The scRNA-seq-based studies
comprehensively characterized the TME of AML and
provided valuable information on treatment response
and prognosis prediction.

Several above studies identified dysregulated expres-
sion of genes related to cell differentiation, including
CD82, CD53, and CD69. The markers were consistent
with the clinically used markers for MRD, which was
conducted by flow cytometry. Therefore, further stud-
ies combining the expression of these genes and flow
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cytometry may improve the monitoring accuracy. Ele-
vated expressed genes after chemotherapy may be the
potential targets for overcoming chemoresistance. Fur-
ther studying the protein levels of these chemoresistance-
related genes at the ex vivo and in vitro levels is needed.

Proteomics

In 2009, Albitar et al. [124]. implemented SELDI and a
Ciphergen ProteinChip system to profile proteins in PB
samples from 41 AML patients with intermediate or poor
cytogenetics before the cytotoxic therapy. Seventeen
patients responded well while 24 patients did not achieve
CR. MS peaks correlated with treatment response were
selected and those with the highest correlation were used
to construct a prediction model in combination with
other characteristics including age, blasts, and cytoge-
netics. The model was able to predict responders with an
accuracy of 95% and non-responders with an accuracy
of 85%. Later, Kazmierczak et al. [125]. obtained the PB
and BM samples from 30 AML patients before treatment
and 17 samples from healthy donors, the patients later
received standard “7+3” induction therapy. Among the
patients, 18 achieved CR, 7 were resistant to induction
therapy and 10 patients relapsed. They performed ESI-
MS/MS to compare the proteome of the samples from
patients with different treatment responses. There was
no statistical difference in the protein expression between
samples before and after relapse, while differences were
observed between those who achieved CR or were resist-
ant to therapy. Four proteins, annexin I, glutathione
transferase w, esterase D, and y1 actin, were significantly
correlated with treatment response. Annexin I was sig-
nificantly upregulated in patients who achieved CR and
y1 actin was upregulated in patients resistant to induc-
tion chemotherapy. The other two proteins, esterase D
and glutathione transferase w, were exclusively detected
in patients with CR, which were the best predictors of CR
(P=0.0032).

Aiming at finding therapeutic solutions for chemore-
sistant patients, Zhu et al. [126]. profiled the phospho-
proteome in primary cells derived from 8 patients at
diagnosis. These patients later received “7+3” induc-
tion therapy and 4 reached CR while 4 exhibited treat-
ment failure. The phosphoproteomics data demonstrated
increased phosphorylation in proteins associated with
FLT3, MAPK, and ATM signaling in refractory cases.
NetworKIN analyses of upregulated phosphoproteins
showed that refractory cases had increased phosphoryla-
tion in putative substrates of CK2 and CDK family. Fur-
ther KEA2 analysis showed that the activity of CK2 and
CDKs was also higher in the refractory samples. Con-
sistently, the CK2 inhibitor CX-4945 could significantly
increase cytarabine-induced cell death in cells from the
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refractory samples. Rosales et al. [127]. profiled the phos-
phoproteome in AML cell lines treated with CX-4945
and observed the influence of the CK2 inhibitor CX-4945
on important pathways and biological processes associ-
ated with chemosensitivity and survival of cells. There-
fore, CK2 may be a potential target in combination with
chemotherapy. Zhu et al. also found that HMGA1, a CK2
substrate associated with chemoresistance in lung can-
cer [128], was one of the significantly phosphorylated
proteins detected in refractory samples. Knockdown of
HMGA1 in AML cell lines markedly decreased cell prolif-
eration. In contrast, the colony formation was increased
in an MLL-AF9/FLT3-ITD murine model with a mutant
form of HMGA1 mimicking constitutive phosphoryla-
tion by CK2. Their study revealed that HMGA1 phospho-
rylation by CK2 could promote resistance to cytarabine
and blocking HMGA1 phosphorylation using CK2 inhib-
itors sensitized these chemoresistant AML cells.

Although CR is achieved, some patients still experi-
ence early relapse and monitoring of MRD after CR is
crucial. Research predicted that the proteome of leu-
kemic blasts would be different from normal blasts and
the distinct proteome might be potential biomarkers in
confirming CR status [129]. A study based on 2-DE and
MALDI-TOF MS mapped the proteome of mononuclear
cells from the BM of 12 AML patients and 2 normal vol-
unteers [130]. Compared with non-remission patients,
the B-cell translocation gene 1 (BTGI1) protein was
upregulated in the BM mononuclear cells of CR patients
(AML-M2 and M3) and healthy volunteers. Thus, BTG1
level may be a treatment-related biomarker in monitor-
ing CR status of AML-M2 and M3. Aasebo et al. [131].
utilized LC-MS/MS to profile the proteome and phos-
phoproteome of blast cells derived from 41 AML patients
at diagnosis. Note that all patients later reached CR. Pro-
tein expression or phosphorylation was different between
patients who relapsed within 5 years and patients who
did not. Increased expression of RNA processing pro-
teins and increased phosphorylation of CDKs and CK2
were found in relapsed cases, whereas relapse-free ones
exhibited increased levels of V-ATPase proteins. Adding
to the study mentioned above by Zhu et al. [126]. , CK2
phosphorylation may be associated with both chemore-
sistance and relapse, making it a promising drug target.

Although many proteome-related factors are associ-
ated with response to chemotherapy and some of them
are predictive of the response, further studies on over-
coming chemoresistance based on the detected mecha-
nisms are needed.

Metabolomics
The extremely flexible and diverse metabolism leads
to the disease aggressiveness as well as the tendency to
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drug resistance in AML [132]. Targeting metabolic dis-
orders and monitoring clinical responses may be uti-
lized in personalized medicine [133]. Previous studies
have demonstrated that AML cells, like other cancer
cells, are capable of undergoing compensatory metabolic
adaptations in response to the chemotherapies or drugs
targeting certain pathways, adding difficulties to sustain-
able treatment strategies [134, 135]. Relapses after tumor
regrowth initiated by chemoresistant leukemic clones
after chemotherapy contributed to the poor prognosis
[136]. Metabolomics has been used in exploring solu-
tions to chemoresistance in some studies.

In a previously mentioned study by Chen et al. [102]. in
which a prognostic system of 6 glycolysis related metab-
olites was developed, they further demonstrated in an
in vitro study that a high level of glycolysis contributed
to refractory to arabinofuranosyl cytidine (Ara-C) while
inhibition of glycolysis strengthened the cytotoxicity
induced by Ara-C and suppressed AML cell proliferation.
Therefore, inhibition of the glycolysis pathway may be a
potential therapeutic target for reinforcing the effects
of chemotherapy in AML. Stockard et al. [137]. per-
formed LC-MS-based global and targeted metabolomics
on 94 serum samples from pediatric AML patients later
treated with cytarabine. A few metabolites were found
significantly associated with treatment response and
survival. Among them, a higher abundance of pantoth-
enic acid was connected to poorer half-maximal inhibi-
tory concentration (ICs,) and relapse-free survival (RES)
outcomes, indicating a relationship between uptake of
pantothenic acid and cytarabine resistance. In terms
of the metabolic pathway, amino acid synthesis-related
pathways (including the metabolism of aspartate, glu-
tamate, and pantothenic acid-based CoA biosynthesis)
were significantly associated with ICg, and REFS. Their
results were consistent with an earlier study conducted
by Stdubert et al. [138]. in which the global untargeted
metabolomics discovered that chemoresistant leukemia
cells were characterized by decreased glutamine depend-
ence, reduced uptake of pantothenic acid, and dysregu-
lated fatty acid B-oxidation. Stockard et al. [139]. profiled
the metabolome of 7 cell lines with different sensitivity to
cytarabine and doxorubicin through ultra-high-perfor-
mance LC-MS. Metabolites with significant differences
between cell lines sensitive or resistant to cytarabine
included D-raffinose, guanosine, inosine, guanine, aldo-
pentose, allopurino, 4-hydroxy-L-phenylglycine, and glu-
cosamine/mannosamine. Pathway analyses showed that
disturbance in purine metabolism was associated with
resistance to cytarabine. For cytarabine, levels of sev-
eral amino acids were distinctive between sensitive and
resistant cells, indicating the participation of amino acid
metabolism in resistance to cytarabine.



Zhang et al. Biomarker Research (2024) 12:60

The metabolites and metabolic pathways identified in
the above studies were associated with chemosensitiv-
ity, which may serve as biomarkers in predicting drug
response and indicate potential drug targets.

Multi-omics

Brown et al. [140]. performed RNA-seq on AML speci-
mens from patients who responded well and who were
resistant to induction chemotherapy. They reported the
overexpression of MEF2C in relapse and chemotherapy-
resistant AML patients. It was previously reported that
high MEF2C expression in chemoresistant pediatric
AML with adverse prognosis can be used as a response
biomarker [141]. Phosphoproteome analyses discovered
significantly elevated levels of MEF2C phosphorylation
at S222. They then established MEF2C mutation knock-
in mice model and found phosphorylated MEF2C to be
important in primary chemotherapy resistance through
maintaining LSCs. MEF2C phosphorylation at 5222 can
enhance the transcriptional activity and induce apoptosis
and therefore, is a distinct marker for chemoresistance.
A combination of transcriptomic and phosphoproteomic
assays could identify differentially expressed genes as well
as the PTM, phosphorylation, identifying more specific
biomarkers for the prediction of chemoresistance.

Omics in studying targeted therapy of AML

Generally, among multiple mutations detected in AML
patients, only very few of them are therapeutic targets
like FLT3 and IDHI1/IDH2 [142-144]. Unfortunately,
poor response, resistance to these inhibitors, and early
relapse are frequently occurring phenomena in clinical
practice, and the mechanisms behind the resistance need
further studies. Therefore, some transcriptomics-based
studies were conducted to elucidate the mechanisms
of how the resistance occurs to targeted drugs and to
explore therapeutic solutions to overcome the resistance.
New drug targets are also being discovered using tran-
scriptomics approaches. We hereby summarize current
omics-based studies on targeted therapies that have been
approved for clinical use or potential targets that are still
under investigation.

Omics studies in AML patients harboring FLT3 mutation

The general mechanisms of resistance to FLT3 inhibi-
tors include abnormal stimulated pathways, compet-
ing ligands, and upregulation of antiapoptotic proteins
(Fig. 4) [145]. The mechanism of signaling pathway muta-
tions downstream of FLT3 like RAS mutations promises
phosphoproteomics approaches as an important tool
for studying resistance to FLT3 inhibitors [146, 147].
Although limited solutions have been brought up to
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overcome the resistance or simply to predict resistance, a
number of studies based on omics approaches have been
conducted in this field.

Transcriptomics  Stolzel et al. [148]. used microarrays
to profile the gene expression of midostaurin-resistant
or sensitive AML cell lines with FLT3-mutation. They
found new aberrations like the upregulated antiapop-
totic genes and downregulated proapoptotic signals
which might contribute to the chemotherapy resist-
ance. Kivioja et al. [149]. performed NGS in analyzing
RNA and exome of BM samples from 87 AML patients
(38 with FLT-3 ITD mutation) and 13 healthy donors.
Analysis of the relationship between gene expression and
response to sorafenib revealed that patients with high
HIF expression had better responses. Zavorka et al. [88].
applied transcriptomic analyses to identify the alterna-
tive mechanisms of gilteritinib resistance based on FLT3-
ITD mutant murine models. By comparing the GEP
before and after gilteritinib administration, they found
that 25 genes were significantly upregulated after gilteri-
tinib treatment, including SI00A8 and S100A9. Further
studies based on a transcription factor screen identified
BCLE6 (a transcriptional corepressor) as the regulator that
could upregulate SI00A9 expression under the effect of
gilteritinib. Inhibiting BCL6 could promote the growth
of AML cells with FLT3-ITD mutation and resistance to
gilteritinib. Their findings suggested a new mechanism of
giltertinib resistance and identified a potential therapeu-
tic target to overcome gilteritinib resistance. For AML
patients harboring both FLT3-ITD and NPMI mutations,
the combined use of FLT3 inhibitor and menin inhibi-
tor was proposed [150]. Dzama et al. [151]. combined
a novel menin-MLL inhibitor VTP-50,469 with FLT3
inhibitor quizartinib to treat human and murine leuke-
mic cells with NPM1 mutation or MLL rearrangement
and performed RNA sequencing on cells after both com-
bined treatment and monotherapy. Gene set enrichment
analysis showed that the genes downregulated after the
cells were treated with either menin-MLL inhibitor or
FLT3 inhibitor were significantly enriched for STAT5A
(an FLT3-activated transcription factor) target genes,
and the combined treatment yielded a more significant
downregulation in genes downstream of FLT3 signal-
ing. The combined treatment also exhibited better effi-
cacy for AML cells with NPM1 and FLT3-ITD mutation.
Their study proposed a treatment strategy of the combi-
nation of menin and FLT3 inhibitors for AML patients
with NPMI1 mutation and MLL rearrangement and con-
current mutation of FLT3-ITD. Because harboring both
NPM1 and FLT3-ITD mutations is relatively common in
AML, the combined treatment is highly valuable. Further
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Fig. 4 Molecular mechanisms for the resistance of AML to FLT3 inhibitors. The mechanisms associated with the resistance to FLT3 inhibitors

are in red. (1) The binding of plasma proteins (like acid-glycoprotein) to FLT3 inhibitors can impair the efficacy of FLT3 inhibitors. (Il) FLT3 ligand

and FGF2 are extrinsic microenvironmental proteins which prevent FLT3-ITD (+) cells from apoptosis induced by FLT3 inhibitors. (lll) FLT3 ligand
competes with the inhibitors for receptor binding. (IV) FGF2 binds with other receptors like FGFR1 and activates MAPK signaling and therefore
induces leukemic cell proliferation. (V) Acquired TKD (tyrosine kinase domain) mutations prevent the binding of FLT3 inhibitors to receptors as well
as activating downstream signaling pathways without upstream signals. (V1) Dysregulation of PI3K/AKT, RAS/MAPK, and STAT5a signaling pathways
with abnormal protein levels or phosphorylation results in leukemic cell proliferation

trials are needed for the combination of these two drugs
with chemotherapy or azacitidine.

Proteomics So far, several studies have applied prot-
eomics approaches in predicting FLT3-TKI response of
AML patients. Roolf et al. [152]. identified different path-
ways inhibited by sorafenib in FLT3-ITD (+) and (-) cells
based on phosphoproteome analyses. Inhibition of FLT3-
ITD (-) cells was achieved by suppressing MEK/ERK
signaling. Their result suggested the presence of deter-
minants other than FLT3-ITD for the treatment response
of sorafenib. Cucchi et al. [153]. performed phosphopro-
teomics using 35 AML samples, 17 FLT3-mutated and
18 FLT3-wild type (WT), in combination with studying
ex vivo response to identify differential phosphorylation

correlated to response to FLT3 inhibitors (gilteritinib
and midostaurin). Because responses were also observed
in FLT3-WT samples, they then studied phosphopro-
teomic profiles independent of FLT3 mutation status.
They found that samples resistant to gilteritinib had
increased phosphorylation of MAPK, KIT, and FGFRI1,
suggesting that these alternative pathways contribute to
drug resistance independent of FLT3. The conclusions
were consistent with those of another study conducted
by Casado et al. [154]. , in which they combined untar-
geted MS-based proteomics and phosphoproteomics
in cells from 36 AML patients and found mutations in
RAS signaling were associated with resistance to FLT3
inhibitors. Schaab et al. [155]. combined super-SILAC
with quantitative MS in patient-derived AML blasts to
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identify phosphorylation sites as predictive biomarkers
for quizartinib treatment. A total of 5 sites were selected
and further verified as predictive markers for quizarti-
nib treatment in FLT3-ITD mutant patients. The sites
identified were S160 in EEPD1, S630 in BCL11A, S333
in RANBP3, S961 in RP3, and S458 in LMNI. In 2022,
Koschade et al. [156]. applied functional translatome
proteomics with phosphoproteomics in studying cellu-
lar responses to FLT3 inhibitors in FLT3-ITD mutated
AML. They found autophagy through AKT-mTORC1-
ULKT1 to be a crucial mechanism for primary resistance
of FLT3 inhibitors. Hijazi et al. [157]. used kinase sub-
strate enrichment analysis (KSEA) algorithm to predict
drug response of trametinib, midostaurin, and silmita-
sertib based on proteomic and phosphoproteomic data.
The models predicted drug response with a relatively
high accuracy (20-40%). The above studies based on pro-
teomics and phosphoproteomics approaches highlighted
the participation of MEK/ERK and AKT signaling path-
ways in the development of resistance to FLT3 inhibitors.
Not only did they facilitate the prediction of treatment
response to FLT3 inhibitors, but also they provided clues
for drug targets in combination with FLT3 inhibitors.

Multi-omics A study conducted by Gosline et al. [158].
demonstrated the proteome and phosphoproteome pro-
file in 38 AML cases with available genomics and tran-
scriptomics data. Selected features from different omic
layers were tested, both separately and combined, for
their capability of modeling ex vivo responses to a total
of 26 drugs. Gene mutations were inaccurate in mod-
eling responses to targeted therapies like FLT3 mutation
for quizartinib and NRAS mutation for trametinib, but
models including mRNA and protein features exhibited
better performance in modeling drug responses. The pro-
teins and phosphopeptides selected for predictive mod-
els of quizartinib and trametinib could cluster AML cells
on the basis of response to these two drugs. Patients with
poor response to trametinib highly expressed some pro-
teins linked to mRNA processing and catabolism. Prize
Collecting Steiner Forest (PCSF) algorithm based on
mRNA and protein data was applied in network integra-
tion. Numerous apoptotic associated proteins like BID,
CASP1, and GZMB were identified, indicating that levels
of apoptotic-related proteins and transcripts could affect
sensitivity to trametinib. Although mutations could not
correctly predict response to quizartinib and trametinib,
addition of mRNA expressions and protein levels into the
model improves the accuracy of sensitivity prediction.

Attempting to demonstrate the course of gilteritinib
resistance in AML patients harboring FLT3-ITD muta-
tion, Joshi et al. [159]. performed a comprehensive
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multi-omics analysis including genomics, proteomics,
and metabolomics using AML cell lines and patient sam-
ples. Results showed great differences in proteome and
metabolome profiles between samples from the early
resistance and late resistance groups. Early-stage resist-
ance was complex including dysregulation in lipid metab-
olism and PI3K/MAPK signaling pathway. An aurora
kinase B (AURKB) dependent cell cycle progression was
also observed in early resistance. Late resistance was
dominated by NRAS mutations and continued metabolic
reprogramming including a more prominent depend-
ency on phospholipid metabolism in FGF2. Inhibition of
AURKB could resensitize early resistance to gileritinib
in AML cells. As gaining NRAS mutation would cause
resistance [160], early application of the FLT3 inhibitor
as well as the AURKB inhibitor may stop the progression
of resistance in the early stage before NRAS mutation
occurs. Compared with the above single-omics studies in
gilteritinib by Zavorka et al. [88] and Cucchi et al. [153]
which focused on a single time point, Joshi et al. [159].
reported the dynamics from early to late resistance, pro-
viding new ways of combined therapies to overcome
resistance.

Multi-omics-based studies also focused on finding
new therapeutic targets for patients with mutant FLT3-
ITD. Downstream targets of FLT3-ITD include Pim
kinases, which were associated with resistance to FLT3
inhibitors. A combination of a Pim inhibitor and an FLT3
inhibitor had synergistic cytotoxicity in AML cells with
FLT3-ITD mutation [161, 162]. Based on this, Hospital
et al. [163]. implemented transcriptomic and proteomic
methods in profiling Pim2-depleted AML cells with
mutant FLT3-ITD to study the functions of Pim2 in AML
with mutant FLT3-ITD. The significantly differentially
expressed genes identified were associated with cell death
and apoptosis. The proteomics analyses also identified
significantly modulated proteins associated with apop-
tosis and cell death. They then demonstrated that Pim2-
dependent apoptosis occurred through expressing Bax
and disrupting mitochondria. The transcriptomic and
proteomic data also suggested that RSK2 (encoded by the
gene RPS6KA3) might be a potential target of Pim2 and
that knockdown of RPS6KA3 could reduce the AML cell
propagation in mice, indicating RSK2 as a novel thera-
peutic target for FLT3-ITD mutant AML. Later, Kapoor
et al. [164]. studied the combined use of clinically active
Pim and FLT3 inhibitors both in vitro and in vivo. Results
showed that the combination of two inhibitors could
abrogate the growth of FLT3-ITD AML cell lines, and the
combined treatment of Pim inhibitor and FLT3 inhibitor
decreased the growth of FLT3-ITD mutant cells in mouse
xenografts and prolonged animal survival. The effects
were not observed in FLT3-WT cell lines. The authors
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believed that clinical tests of combined therapy of Pim
and FLT3 inhibitors were worth carrying out.

Omics studies associated with venetoclax

The therapeutic strategy of venetoclax in combina-
tion with chemotherapy has exhibited promising effects
in AML patients, although resistance remains a fre-
quent problem (Fig. 5) [25, 165]. Metabolic shift includ-
ing elevated OXPHOS and glycolysis is an important
mechanism in venetoclax-resistance, and metabolomics
approaches can assist in deciphering this mechanism and
finding possible solutions.

Transcriptomics The resistance to BCL2 inhibitors was
associated with MCL1 and BFL1 (two other BCL-2 family
proteins) and inhibitors of MCLI are also under investi-
gation (Fig. 5) [166, 167]. A study aimed at demonstrating
the transcriptional signatures of genes from the BCL-2
family (BCL-2, MCL1, and MFL1) was conducted by Lee
et al. [168]. Based on RNA-seq datasets from TCGA,
BeatAML, and leuceGene, they obtained three signa-
tures including BCL-2, MCL1/BCL-2, BFL1/MCL1 and
applied a gene-set selection method in choosing related
genes. Through unsupervised clustering, patients were
classified into three subtypes. Pathway analyses disclosed
that each group had unique enrichment patterns of some
major cancer pathways like MAPK or mTORC1 pathway.
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Therefore, apoptosis-modulating drugs may be selected
and combined based on the subtype that the patient is
classified into. They also constructed a response predic-
tion system based on the above signatures, which could
reliably predict response to venetoclax (AUROC =0.874),
and it was later verified in an independent AML cohort.
Their study based on RNA-seq data from a public data-
base successfully classified patients into three subtypes
based on the BCL-2 family signature. This is of clini-
cal significance in guiding drug selection and combina-
tion therapies and serving as a predictive biomarker for
response to venetoclax. They focused only on apoptosis-
related signatures and constructed a prediction model,
while other mechanisms should be studied to overcome
resistance to venetoclax.

Venetoclax displayed significantly improved efficacy in
AML patients when combined with other therapies like
demethylation therapy azacitidine and MDM?2 inhibitor
idasanutlin [169, 170]. Lehmann et al. [171]. performed
an RNA-seq-based study to monitor the effect of the
combination of idasanutlin and venetoclax on AML cell
lines and mouse models. The result demonstrated that
compared with the single-agent treatments, the drug
combination of idasanutlin and venetoclax had supe-
rior efficacy. The associated molecular mechanism was
re-establishment of p53 tumor-suppressor activity by
idasanutlin and induction of mitochondrial apoptosis
by venetoclax. The GEP of patients in response to idasa-
nutlin alone displayed huge changes in the p53 pathway
and cell cycle arrest (like CCND1 pathway) while that of
patients after applying venetoclax or drug combination
only showed few genetic changes, which indicated that
they functioned mostly at the post-transcriptional level.
This study also supported further investigation and trials
on combination of venetoclax and idasanutlin.

Metabolomics Apart from glycolysis dependency, can-
cer cells also rely on OXPHOS for proliferation [172,
173]. Jones et al. [174]. examined the general metabolome
profile of LSCs and blasts in 15 primary specimens using
MS. Several metabolites related to amino acid metabo-
lism (16 amino acids, 2 intermediates of tricarboxylic
acid cycle, and 5 glutathione homeostasis metabolites)
were found significantly upregulated in LSCs compared
with AML blasts. Consistently, pathway analysis mani-
fested that the amino acid metabolism pathway was sig-
nificantly enriched in LSCs in comparison to AML blasts.
In vitro studies of cell viability and colony-forming abil-
ity revealed that depletion of amino acids could reduce
the viability of LSCs but had no effect on blast cells. LSCs
also exhibited a preferential reliance on amino acids for
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OXPHOS, being less flexible than AML blasts metaboli-
cally. Inhibition of amino acid metabolism with vene-
toclax and azacitidine reduced OXPHOS and induced
cell death of LSCs. However, amino acid metabolism in
blast cells was not influenced, suggesting that this treat-
ment selectively affected amino acid metabolism in LSCs.
Moreover, LSCs from relapsed AML patients did not
display amino acid reliance and were more metabolically
adaptive through upregulating fatty acid metabolism,
indicating a need for extra therapeutic strategies target-
ing different metabolic pathways.

The combination of venetoclax and azacitidine has
become an alternative option for AML patients, espe-
cially for those unfit for chemotherapy. However, there
is no reliable marker for predicting the response to vene-
toclax/azacitidine treatment. Jones et al. [175] later con-
ducted another study that profiled the amino acid metab-
olome in LSCs of patients resistant to the treatment of
venetoclax/azacitidine. Results showed elevation in nic-
otinamide metabolism in R/R LSCs and OXPHOS was
then strengthened through activation of both amino acid
metabolism and fatty acid oxidation, which explained
the escape of LSCs to venetoclax/azacitidine treatment.
They then inhibited nicotinamide phosphoribosyl trans-
ferase (NAMPT) and LSCs were eliminated while nor-
mal hematopoietic stem cells were not affected. There-
fore, targeting nicotinamide metabolism may reduce the
OXPHOS of LSCs and help overcome the resistance to
venetoclax.

Multi-omics Waclawiczek et al. [176]. integrated clini-
cal information with transcriptomic, proteomic, and
functional data to identify biomarkers predictive of vene-
toclax/azacitidine response. Rather than monocytic-
like AML cells (which were resistant to this treatment),
LSCs were identified as the primary targets of this treat-
ment and the elimination of LSCs could reflect the treat-
ment outcome. Moreover, LSCs of the refractory group
showed perturbed apoptotic dependencies. Based on
this, they proposed and further verified a flow cytome-
try-based scoring system named “mediators of apoptosis
combinatorial score” (MAC-Score). The scoring system
was composed of the abundance of BCL-2, BCL-xL, and
MCL1 in LSCs. Both in the patient cohort and ex vivo
experiment, MAC-Score could better predict the 5-AZA/
VEN response to venetoclax/azacitidine treatment than
the individual BCL-2 inhibitor. This scoring system had a
positive predictive value of over 97% in predicting event-
free survival (EFS). Even patients with complex karyo-
types are fit for this score, showing the high accuracy of
multi-omics-based markers.
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Jayavelu et al. [177]. performed a comprehensive pro-
teogenomic analysis on BM samples from 252 AML
patients at diagnosis. An integrated multi-omics factor
analysis (MOFA), which can integrate driver variations
in several molecular layers, was performed to demon-
strate the proteogenomic landscape of AML. A total of
28 latent factors were identified as driving variations
between patients, among which 11 latent factors were
associated with variance in several layers, 12 latent fac-
tors were only active in the proteome and 5 only active
in the transcriptome. They also identified a proteomic
subtype with elevated mitochondrial protein expression
(Mito-AML) to be significantly correlated with shorter
overall survival although patients from this group had
favorable risk according to ELN. However, Mito-AML
responded better to venetoclax and complex I inhibitors
mubritinib and rotenone. In line with Jayavelu’s conclu-
sions, a study by Caplan et al. [178]. performed MS in
parallel with RNA-seq analyses in AML mouse models.
Thirty-four proteins including several mitochondrial and
spliceosome proteins were upregulated but their mRNA
levels were unaltered. Overexpression of electron trans-
fer proteins ETFA and ETFB led to dysregulation of mito-
chondrial processes, and silencing of these two proteins
could increase apoptosis, differentiation, and sensitivity
to venetoclax.

We have discussed above that MCL-1 overexpression
is associated with resistance to BCL-2 inhibitors [179].
Zhang et al. [180]. performed genomic, transcriptom-
ics, proteomic, metabolomic, and methylation analyses
on AML cell lines resistant or sensitive to venetoclax.
In venetoclax-resistant cell lines, DNA methylation was
globally altered and administering of azacitidine could
partially overcome the resistance. More importantly,
by integrating gene and protein expression data, they
observed the upregulation of MCL-1 protein by activat-
ing the RAS/MAPK pathway, which was an acquired
mechanism of resistance to venetoclax. Results of scDNA
sequencing showed clonal selection of RAS-mutated
clones in patients treated with venetoclax. Further pro-
filing of metabolites in the venetoclax-resistant cells
revealed that mitochondrial respiration was maintained
by MCL-1, which supported the survival of leukemic
cells. Similar to previous studies [181], they found that
pharmacological inhibition of MCL-1 could restore the
sensitivity to venetoclax. Their results demonstrated a
crosstalk between RAS/MAPK/MCL-1 and venetoclax
resistance. The mechanisms of resistance include NRAS/
KRAS mutations or epigenetic activation of MAPK. The
activated MAPK signaling leads to the upregulation and
stabilization of MCL-1, which further maintains mito-
chondrial respiration, promoting AML cell growth.
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As a chemo-free and effective therapeutic strategy with
a bright future, the venetoclax/azacitidine treatment is
under a number of clinical trials, and the associated stud-
ies concerning mechanisms and response prediction are
also keeping pace with clinical studies. Among a great
deal of studies, the multi-omics studies provided irre-
placeable information and can guide further deeper stud-
ies. Although further verifications are needed, the above
multi-omics studies identified potential AML therapeutic
targets.

Omics studies in other approved targeted
therapies

Menin inhibitor

As a newly approved drug, although monotherapy of
menin inhibitors showed promising efficacy in clinical
practice, many patients failed to respond and relapse was
frequent [182, 183]. Therefore, to explore solutions to
overcome the refractory to menin inhibitor, Fiskus et al.
[184]. performed RNA-seq, scRNA-seq, and assay for
transposase-accessible chromatin with high-throughput
sequencing (ATAC-seq) in analyzing AML cell lines har-
boring MLL rearrangement treated with the menin inhib-
itor SNDX-5613. After treatment, the mRNA expression
levels of ITGAM and LYZ were upregulated while the
levels of HOXA9, MEIS1, PBX3, JMJDI1IC, SENP6, and
BMI were downregulated. The same analyses were per-
formed on ATAC-seq data before and after SNDX-5613
treatment and a decrease in MEF2C, MEIS1, JMJDI1C,
PBX3, SENP6, LAMPS5, and CDK6 was observed. The
scRNA profile of AML cells discovered a reduction in
cells harboring stem/progenitor signature after treat-
ment. Combining the above data, they found concordant
aberrations in mRNA expressions and chromatin acces-
sibility in response to the menin inhibitor. They screened
drugs with synergistic effects based on the above conclu-
sion and identified four drugs, inhibitors for BET, MOZ,
LSD1, and CBP/p300. All four inhibitors were found
effective in an in vitro co-treatment with SNDX-5613.
This study based on RNA-seq, scRNA-seq, and ATAC-
seq put forward a possible solution to overcome the
resistance to the menin inhibitor. As an emerging therapy
with great potential, the combination of menin inhibitors
with other therapeutic strategies will be investigated and
trialed. The four inhibitors selected by Fiskus et al. [184]
also need further verification.

Valproic acid

Hernandez-Valladares et al. [185]. applied a proteomic/
phosphoproteomic strategy in identifying proteins asso-
ciated with response to an AML therapeutic strategy
based on all-trans retinoic acid, valproic acid (an HDAC
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inhibitor), and low-dose cytotoxic therapy. A total of 28
nontreated AML samples were analyzed, among which
11 were responders and 17 were non-responders. Non-
responders had elevated levels of proteins associated
with processes of hematopoietic and cell death, whereas
responders had overexpression in proteins linked to
myeloid cell activation, neutrophil degranulation, and M
phase regulation. Notably, a quite low overlap between
mRNA and protein levels was found in DEPs between the
two groups. Phosphoproteomics analysis revealed that
responders had increased phosphorylation of proteins
like SPTANI and ACIN1, apoptosis-related proteins, and
substrates of LIMKs and CDKs. To study the early effects
exerted by this treatment, they compared phosphoryla-
tion proteins of samples before and after the three-day
treatment and observed that differentially regulated
phosphorylation sites were related to transcriptional and
translational regulation and RNA metabolism. Therefore,
early prediction of sensitivity to this therapeutic strategy
may be conducted by proteomics and phosphoproteom-
ics. Although they did not construct a model or identify
a biomarker to predict therapeutic responses, the data
for proteome and phosphoproteome in their study are of
great value for further investigation on this therapeutic
strategy.

Metabolism associated therapies

The extremely flexible and diverse metabolism leads to
the disease aggressiveness as well as the tendency to drug
resistance in AML [132]. Targeting metabolic disorders
and monitoring clinical responses may be utilized in per-
sonalized medicine [133]. Previous studies have demon-
strated that AML cells, like other cancer cells, are capable
of undergoing compensatory metabolic adaptations in
response to the chemotherapies or drugs targeting cer-
tain pathways, adding difficulties to sustainable treat-
ment strategies [134, 135].

Drugs targeting the nucleotide biosynthesis are
frequently used in AML treatment, as the produc-
tion of nucleic acid is an important procedure in
cell proliferation [186]. Some commonly used drugs
(including hydroxyurea, mercaptopurine (6-MP), fluoro-
uracil (5-FU), and methotrexate) inhibit novo purine and
pyrimidine synthesis in different nodes of the pathway
(Fig. 6) [187—189]. Other drugs targeting the nucleotide
biosynthesis under clinical trials included an IMPDH
inhibitor FF-10501-01 and an enzyme dihydroorotate
dehydrogenase inhibitor BAY24022234, which exhib-
ited promising efficacy [190-192]. Several drugs target-
ing other pathways have also been proven effective in
treating AML patients, including hexokinase inhibitor
2-deoxyglucose and HMG-CoA inhibitor statins [46, 193,
194].
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Isocitrate dehydrogenase (IDH) is an enzyme catalyz-
ing the conversion of isocitrate to a-KG and the mutation
rate of IDH1/2 in AML is 5-30% [48] (Fig. 6). The IDH1/2
mutation is an example of how the dysregulation of met-
abolic pathways contributing to leukemogenesis became
a therapeutic target, which was proven effective in clini-
cal applications [195]. DiNardo et al. [196]. measured
the 2-HG concentration in serum samples derived from
223 AML patients through reverse-phase LC-MS and
discovered that 2-HG levels were increased in patients
with IDHI1/2 mutation and being a potential diagnostic
marker for IDH1/2 mutation, presenting a specificity of
90.7% and a sensitivity of 86.9%. As a prognostic marker,
patients harboring /DH mutation with 2-HG levels>200
ng/mL at CR had a significantly shorter OS compared to
those with 2-HG <200 ng/mL. In the context of treat-
ment, some drugs targeting this mechanism have been
approved by the FDA and some were in clinical trials.
Glutaminase inhibitor CB-839 was effective in reduc-
ing 2-HG concentration and suppressing the growth of
AML cells [197]. However, 2-HG levels were not detect-
able in some patients treated with IDH inhibitors, even
in those with significant responses [20], suggesting the
presence of other mechanisms in the association between
mutant /DH and leukemogenesis. Although both mutant
IDH1 and IDH?2 promote the accumulation of 2-HG, dif-
ferences occur between the metabolism of mutant IDHI
and mutant IDH2 [198, 199]. Bassal et al. [200]. found
that only mutant IDHI could cause the mutual exclusiv-
ity between electron transport chain complex I variants.

In a phase I/II clinical trial of CB-839 combined with
azacitidine in treating advanced MDS (NCT03047993),
promising efficacy and safety were demonstrated [201].
However, in a phase I study of administering CB-839 on
relapsed/refractory leukemia patients (NCT02071927),
only few patients had a significant decrease in blast
counts [202]. Compared with the glutaminase inhibi-
tor, the IDH inhibitor had better treatment efficacy in
clinical trials. Enasidenib inhibits neomorphic IDH2
and thus reduces 2-HG level. This drug was approved by
the FDA for the treatment of R/R AML in 2017 [20, 203,
204]. Meanwhile, the IDH1 inhibitor ivosidenib was also
approved for treating R/R AML in 2018 [21]. Both IDH1
and IDH2 inhibitors had superior clinical outcomes com-
pared to previous outcomes of patients with R/R AML
[205, 206], demonstrating a successful example of trans-
lating studies of dysregulated metabolism to effective tar-
geted therapy.

Although a limited number of metabolomics-based
studies have been conducted in AML, several drugs
with great potential have been applied to clinical use.
We believe that metabolomics has a promising future in
developing therapeutics for AML.
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the OXPHOS are under clinical trials. Glycolysis is also an important process in leukemic cell growth although fewer drugs associated with glycolysis

have been developed for the treatment of AML

Omics in immunotherapy and cellular immunotherapy
Immunotherapies including chimeric antigen receptor
(CAR) T cell therapy, antibody-drug conjugates (ADCs),
programmed cell death-1 (PD-1), and programmed cell
death ligand-1 (PD-L1) have been applied in some AML
patients. Although not as commonly used as chemother-
apy or targeted therapy, immunotherapies still showed
efficacy in many cases [207]. A few omics-based studies
were conducted in immunotherapy.

Omics in CAR-T therapy

Approved by FDA in 2017, CAR-T therapy was the
breakthrough in cancer therapy, both in solid tumors
and hematological cancer. Unfortunately, due to the
lack of appropriate target, CAR-T therapy has not
been widely applied in AML patients. Some CAR-T
cell target antigens may also inhibit normal hemat-
opoiesis, like CD123, and are unsuitable for clinical use
[208]. RNA-seq helps to evidence the subpopulation of
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post-chemotherapy tumor cells and identify the surface
antigens that are expressed in malignant cells but lacking
in healthy cells.

Calvino et al. [209] performed RNA-seq to compare
the phenotypic and functional differences between
CD4% and CD8" CD33-CAR-T cells and CAR-T cells
from AML patients and healthy controls, the results
were similar between the two groups, especially in sen-
ior CAR-T cells. Gottschlich et al. [210] obtained RNA-
seq data of 500,000 single cells from 15 AML patients
and nine healthy controls to predict the target antigens
and successfully identified two target antigens: colony-
stimulating factor 1 receptor (CSF1R) and cluster
of differentiation 86 (CD86). The follow-up in vitro
and in vivo validation confirmed that CSF1R and CD86
expressed broadly on AML blasts responded well in
CAR-T cells and had minimal toxicities to healthy
cells as well.

Omics in ADCs

Antibody-drug conjugates are the delivery of a potent
toxin to the targeted cells by the specificity of antibody.
The ADC targeting CD33 gemtuzumab ozogamicin,
which was approved by the FDA in 2000, was ultimately
eliminated for toxicity and low benefit [211]. However,
gemtuzumab ozogamicin was reapproved recently by
implementing a fractionated dosing regimen in the clinic
[212]. Jiang et al. [213] analyzed an ADC target, C-type
lectin domain family 12 member A (CLLI or also known
as CLECI12A) that was expressed on LSC and AML blasts
but not on normal HSCs. They performed RNA-seq to
analyze the transcript levels of CLLI from LSCs and AML
blast cells and normal HSCs. CLL1I is expressed highly in
AML cells. For healthy controls, CLLI is expressed nor-
mally in their bone marrow tissue while low in other nor-
mal healthy tissues. The compelling expression profiles in
AML blasts made CLLI an ideal ADC therapeutic target.
Jiang et al. then developed CLT030 (CLL1-ADC) which
was stable in the bloodstream and could release DNA-
binding payload only after ADC binds to CLL1-express-
ing tumor cells.

Omics in PD-1/PD-L1

PD-1/PD-L1 signaling was involved in leukemia devel-
opment [214] and anti-PD-1/PD-L1 treatments were
effective in some cases [215]. Abbas et al. [216]. used
single-cell functional proteomics profiling in identifying
predictors for treatment responses to anti-PD-1 therapy
in AML patients. The results uncovered that the main
drivers of the enhanced polyfunctionality index of the
pretherapy CD4" subset were tumor necrosis factor-a
(TNF-a) and interferon-y (IFN-y).
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New targets in AML identified by omics studies
Transcriptomics
As Li et al. [217]. reported in their study, expression of
dihydropyrimidinase-like 2 (DPYSL2) was downregu-
lated in AML cells resistant to homoharringtonine and
analyses of TCGA database uncovered that high expres-
sion of DPYSL2 was correlated with JAK/STAT path-
way and was associated with worse OS of AML patients
[218]. They also performed RNA sequencing for AML
cell lines with the mock or DPYSL2 knockdown and the
gene expression was distinct between these two groups.
The PIBK-AKT pathway was significantly downregulated
in the DPYSL2 knockdown cells. Therefore, they identi-
fied DPYSL2 as an oncogene functioning by regulating the
JAK2/STAT axis and as a potential target in treating AML.
As an AML entity defined by fusion genes, AML with
MLL rearrangement is a research hotspot in targeted
therapy and DOTI1L and menin are the most represent-
ative targets. It was found that DOTI1L was involved in
the development of MLL rearrangement AML and pro-
moted the gene expression of MLL as well as its fusion
partners AF4, AF9, AF10, and ENL [219, 220]. EPZ-5676
is currently a clinically used DOTI1L inhibitor, which
selectively inhibits cell proliferation, and promotes cell
apoptosis and differentiation [221]. Long-term use of
EPZ-5676 leads to drug resistance and this drug is gen-
erally used in synergies with other anti-AML drugs
[114, 222]. Klaus et al. [223]. used EPZ-5676 in the
combination with arabinofuranosyl cytidine (Ara-C)
or daunorubicin to induce synergistic and durable anti-
AML proliferative effects. Yi et al. [221]. reviewed the
therapeutic strategies against DOTIL in treating AML
with MLL rearrangement. Combination of the DOTIL
inhibitor with other epigenetic therapies such as menin
inhibitors, SIRT1 activators, and BRD4 inhibitors had
enhanced effects, and more drugs targeting DOTI1L will
be moved into clinical trials in the future [224-226].
STAG2, SMC1A, SMC3, and RAD21 consist of the
cohesin complex and about 50% of patients harbor-
ing NPM1 mutation also have a mutation in the cohesin
complex [227, 228]. Meyer et al. [229]. constructed
murine models harboring NPM1 and SMC3 mutations
and performed RNA sequencing. Results showed that
SMC3 mRNA expression level was not altered by NPM1
and the combined NPM1 and SMC3 mutation uniquely
altered the whole transcriptome with increased expres-
sion of genes associated with actin cytoskeletal regulation
that was not found with either single mutation. Further
analyses based on transcriptomic data revealed an upreg-
ulation of DOCK1 (a Rac1/2 nucleotide exchange factor)
and ELMOI (two actin regulators) in samples harbor-
ing both mutations. Among the two upregulated genes,
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DOCKI was specifically upregulated in hematopoietic
stem/progenitor cells (HSPCs) with NPMI (+) and SMC3
(+). Knocking down DOCK1 could significantly reduce
the growth of AML cells with both mutations, indicat-
ing it is a specific target for NPM1(+) AML. Meanwhile,
increased Rac activity was detected in cells harboring
both mutations compared with NPMI mutation only.
Pharmacological inhibition of Dockl by CPYPP (a com-
mercially available small-molecular Dock inhibitor) and
inhibition of Rac by EHT 1864 (a pan-Rac inhibitor)
could both enhance apoptosis of leukemic cells. Instead
of considering NPM1I only, their RNA-seq-based study
focused on both NPMI and mutations in the cohesin
complex and identified Dockl/Rac as a druggable target
for these AML patients.

Hu et al. [230]. obtained datasets of RNA expression of
510 samples (173 AML patients and 337 healthy donors)
in TCGA-GTEx. A total of 4164 genes were significantly
upregulated and 7756 were significantly downregulated.
Further statistical analyses identified 10 genes signifi-
cantly associated with OS and among them, LYPD3 (Ly6/
PLAUR domain-containing protein 3) independently
predicted poor prognosis in AML. LYPD3 is one of the
high-glycosylated cell surface proteins that are associated
with the carcinogenesis of several solid tumors [231-
234]. Knockdown of LYPD3 could suppress cell prolifera-
tion and induce apoptosis. Gene set enrichment analysis
results indicated that the p53 signaling pathway, PI3K-
AKT signaling pathway, and E2F signaling pathway were
enriched for high LYPD3 expression, and the participa-
tion of LYPD3 in AML progression was confirmed to be
involved in the p53 and PI3K-AKT signaling pathways.
Therefore, they identified LYPD3 as an oncogene of AML
with therapeutic potential.

Dysregulated mitochondrial oxidative phosphoryla-
tion (mtOXPHOS) is associated with leukemogenesis
and is also important in promoting disease progression
and drug resistance [235, 236]. Estrogen-related recep-
tor a (ERRa) is an orphan nuclear receptor associated
with mitochondrial energy production [237]. To inves-
tigate the regulator of mtOXPHOS in AML and explore
its associated treatments, Seo et al. [238]. performed sc-
RNA sequencing on primary AML cells from patients
as well as in vitro and ex vivo analyses in studying the
role of ERRa in regulating mtOXPHOS in AML. Cells
expressing ERRa were significantly enriched for mtOX-
PHOS in comparison to those without ERRa expres-
sion, and mtOXPHOS-related genes also had higher
expression levels in cells with ERRa expression than in
normal cells or other leukemic cells. Pharmacological
inhibition of ERRa with XCT-790 could promote anti-
leukemic effects through mtOXPHOS suppression. The
mtOXPHOS pathway and mitochondrial genes were also
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downregulated after XCT-790 treatment. Their study
identified ERRa as a potential therapeutic target through
blocking mtOXPHOS in AML. As an important meta-
bolic process, OXPHOS will be discussed later in the
metabolomics section. However, this study discovered
a metabolism-related drug target based on scRNA-seq
approaches, indicating the close connection between dif-
ferent omics studies and the rationality of adopting dif-
ferent omics approaches in AML studies.

Many novel targets have been identified by transcrip-
tomics. However, some studies only analyzed GEP and
GEP-associated pathways, and others conducted in vitro
or ex vivo validations. Some targets may only be associ-
ated with mechanisms of leukemogenesis or relapse and
have limited therapeutic value. Even though transcrip-
tomics adds to our understanding of the expression and
functions of genes, there is still a long way to go from the
potential targets identified by transcriptomic studies to
result in clinical treatment.

Proteomics

Profiling of proteome to detect DEPs can provide clues
for drug targets. Analyses of PTMs in proteins contrib-
ute to exploring alterations in downstream signaling
pathways that are driven by genomic changes. The tech-
nology of MS-based proteomics has enabled comprehen-
sive profiling of proteins and deep dissection of signaling
pathways in AML. Benefiting from this technology, some
new drug targets in AML have been identified.

In a study conducted by Casado et al. in 2013 [239],
the phosphoproteome in 20 primary AML samples was
profiled. They implemented the Integrative Inferred
Kinase Activity algorithm (INKA) in identifying hyper-
phosphorylated kinases with high activities as treatment
candidates for kinase inhibitors [240]. Several kinase sub-
groups (including PI3K, CDKs, and ERK) were selected
to predict the sensitivity to P13K and mTOR inhibitors.
They later conducted another study combining phos-
phoproteomic data with mutational and immunophe-
notypic data in identifying determinants for primary
AMLs response to PKC/FLT3, MEK, PAK, CK2, and
MAPK inhibitors [154]. Protein phosphorylation was
found to have a positive correlation with the expression
of differentiation-related makers. Highly differentiated
samples had higher expressions of kinases and signal
transduction regulators. Therefore, more differentiated
cases presented increased activities of kinases and their
downstream factors. These cases were more sensitive to
the above inhibitors, establishing a link between kinase
activities, cell differentiation, and response to kinase
inhibitors. Compared with a single mutation or a single
protein, pathways can better reflect the general status of
a disease or the response to certain treatments. Although
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the effects of the inhibitors they selected need further
verification, their studies demonstrated a possibility of
using LC-MS/MS in predicting drug response by meas-
uring the activities of targeted pathways.

Buet et al. [241]. profiled the tyrosine-phosphorylated
proteins in KI/T-mutant murine leukemia proerythro-
blasts. They first identified Shp2 and Stat5 as proximal
effectors of KIT through LC-MS/MS and then validated
in leukemic cells that Shp2 and Stat5 were persistently
phosphorylated depending on mutant KIT activities. To
further provide a molecular rationale for drug targets,
they found that depletion of Shp2 or Stat5 and inhibition
of PI3 kinase or MEK/ERK activities at the same time
could suppress leukemic growth. Therefore, the combina-
tion of the NVP-BEZ235 (PI3K inhibitor) and obatoclax
(a BCL-2 inhibitor) was proven to synergistically inhibit
leukemia cell growth, providing evidence for new treat-
ment options targeting dominant signaling pathways. Van
Alphen et al. [242]. performed phosphotyrosine enrich-
ment-based label-free quantitative phosphoproteom-
ics on 16 AML cell lines and INKA algorithm was used
to identify phosphorylated candidate kinases for kinase
inhibitors. Apart from driver kinases related to their acti-
vating mutations that were already present in cell lines,
they also pinpointed several RTKs drivers undetected
by standard molecular analyses through INKA. These
cell lines were highly sensitive to specific kinase inhibi-
tors selected based on the above INKA analyses. Fur-
thermore, the hyperactivation of FLT3 in the MM6 cell
line detected by INKA was verified in two clinical AML
samples. This approach identified hyperactive kinases as
potential drug targets based on phosphoproteomics and
INKA analysis, demonstrating the possibility of selecting
specific kinase inhibitors for individual AML patients.

Proteomics approaches also contribute to finding
appropriate drug combinations in treating AML patients.
To find a novel treatment option that might compensate
for the short duration of using FLT3 inhibitors alone,
Murray et al. [243]. examined the proteome and phos-
phoproteome profile of AML blasts deriving from 7
patients (4 with mutant FLT3 and 3 with WT FLT3). In
FLT3 mutant samples, proteins with increased phos-
phorylation included DNA-PKcs (PRKDC), X-ray repair
cross-complementing 5 (XRCC5), XRCC4, and tumor
protein p53 binding protein 1 (53BP1), which were
associated with the error-prone DNA-PK-dependent
nonhomologous end-joining pathway. Mutant FLT3 sam-
ples exhibited increased autophosphorylation of DNA
protein kinase (PRKDC) at S261, which was sensitive
to FLT3 inhibitors. Both FLT3 inhibitors midostaurin
and sorafenib, when combined with DNA-PK inhibi-
tor M3814, exhibited a synergistic effect in reducing the
growth of mutant FLT3 cell lines but not in WT FLT3 cell

Page 24 of 43

lines. Further tests in vivo preclinical AML murine model
confirmed the combined effects of sorafenib and M3814.
Mice treated with combined therapy survived longer
than those treated with sorafenib alone or M3814 alone.
Their study based on phosphoproteomic data rational-
ized the combined use of FLT3 and DNA-PK inhibitors
in FLT3 mutant AML cases.

Another study by Koschade et al. [156]. identified and
rationalized the combined use of autophagy inhibitors
and FLT3 inhibitors based on functional translatome
proteomics and phosphoproteomics. Phosphoproteome
profiling unveiled elevated phosphorylation of proteins
associated with mTOR signaling and autophagy after
treatment with quizartinib, crenolanib, or gilteritinib.
Further studies in AML cell lines showed that drug-
induced autophagy by FLT3 inhibitors was observed in
those with mutant FLT3, but not those with WT FLT3,
which induced autophagy through an AKT-mTORCI-
ULK1 pathway and involved the decreased phosphoryla-
tion of mTOR and ULKI. The sensitivity of the FLT3-ITD
mutant cells to FLT3 inhibitors was increased after inhi-
bition of the drug-induced autophagy through chemical
and genetic approaches. Consistently, simultaneously
treating blast cells from FLT3 mutant AML patients with
FLT3 inhibitors and autophagy inhibitors could synergis-
tically reduce the viability and proliferation of cells. Their
research demonstrated the possibility of using func-
tional translatome proteomics and phosphoproteom-
ics in investigating combined therapies for AML which
may overcome drug resistance. Several other studies also
reported the dysregulation of autophagy in AML treated
with FLT3 inhibitors and the potential of overcoming
resistance through interfering autophagy [244-246].
Autophagy is dysregulated in AML and is a hotspot in
AML research with a number of emerging drug targets
[247]. Autophagy is also closely related to metabolic
abnormalities and further implementing metabolomics
approaches may extend the conclusion of Koschade et al.
[156]. and provide more evidence for the combination
use of FLT3 and autophagy inhibitors.

Allert et al. [248]. applied multilayered proteome anal-
yses in AML cell lines to study the acquisition of resist-
ance to midostaurin. In the early stage of resistance,
150 proteins were downregulated and 104 were upregu-
lated. Among the upregulated ones, LPXN (leupaxin)
was found to be induced in both early and late resist-
ance. LPXN is a transcriptional coactivator that regu-
lates cell migration and adhesion and is induced together
with PTK2B (a tyrosine kinase phosphorylating LPX)
in the early stage of resistance. Analyses using nascent
proteomics showed that pharmacological inhibition of
PTK2B could revert the midostaurin resistance-associ-
ated alterations. PTK2B inhibition could also decrease
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the cell migration and adhesion of midostaurin-resistant
cells. Combined treatment using gileritinib and PTK2B
inhibitor defactinib demonstrated better effects than
using either drug alone in xenograft mouse models.
Their study innovatively demonstrated the dynamics of
proteome after midostaurin treatment and found a syn-
ergistic therapy that might overcome resistance to FLT3
inhibitors at an early stage.

Selinexor is the inhibitor of the nuclear export pro-
tein exportin-1 (XPO1) and can restore p53 accumula-
tion, which has been demonstrated to provide promising
effects in AML treatment [249]. To identify rational drug
combinations for selinexor, Emdal et al. [250]. used
phosphoproteomics in profiling signaling responses to
selinexor in 20 primary AML patient samples after 6 h
treatment with selinexor. Among the 20 samples, 9 were
responders of selinexor and 11 were non-responders. It
is worth mentioning that genomic aberrations like FLT3
and WT1 were poorly correlated with selinexor response.
In responders, selinexor significantly upregulated the
phosphorylation of TP53 at S315, which is involved
in transcriptional activation of TP53 [251]. However,
in those classified as non-responders of selinexor, the
drug significantly upregulated the phosphorylation of
FOXO3A at S253, which is an AKT site retaining cyto-
plasmic sequestration of FOXO3 and inhibits its proap-
optotic activity [252]. Therefore, enhancing TP53 might
potentiate the effects of selinexor and inhibiting the
phosphorylation of FOXO3A may reduce resistance to
selinexor. Nutlin-3a is an MDM2 inhibitor that prevents
p53 ubiquitination and proteasomal degradation, elevat-
ing its protein level and enhancing its tumor-suppressor
function. Treating AML cell lines without TP53 mutation
and sensitive to selinexor with nutlin-3a, a synergistic
effect was produced when nutlin-3a stabilized p53, thus
enhancing the selinexor-induced cell death. Addition-
ally, in selinexor-resistant cell lines, the combination of
MK-2206 (an AKT inhibitor) with selinexor overcame
the resistance of selinexor through an increase of nuclear
localization of FOXO3A, which was not observed in
MK-2206 treatment alone. Their study identified poten-
tial combinations of drugs with selinexor to overcome its
resistance and enhance the treatment effects based on
phosphoproteome profiling.

For purpose of overcoming resistance to clini-
cally used therapies or searching for novel therapeutic
options, several drug targets have been identified based
on proteomics. Some were discovered only based on
high-throughput sequencing and pathway enrichment
analyses and others were further validated with in vitro
or ex vivo experiments. More studies are needed before
these potential novel drugs can be applied to clinical use.
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Metabolomics

A recent study by Thomas et al. [253]. reported that
acetyl CoA carboxylase 1 (ACC1) was a synthetic lethal
metabolic target for mutant /DHI while mutant IDH2
did not yield this effect. Because ACC1 is a lipid synthe-
sis enzyme, they performed LC-MS-based metabolomic
analyses on primary AML blasts with or without mutant
IDH1 and focused on lipid metabolism. They observed a
reduction in fatty acids and the switch to B-oxidation in
cells with IDHI1 mutation, indicating the fatty acid reli-
ance of AML cell metabolism caused by mutant IDH]I.
The reliance on fatty acids was further verified through
tests of a lipid-free diet in mouse models, which sup-
pressed the growth of AML cells with mutant IDHI
while cells with mutant IDH2 were not affected. Phar-
macological inhibition of ACC1 improved the effects of
both ivosidenib and venetoclax in AML cells with mutant
IDH]1. Therefore, for patients with IDHI mutation, tar-
geting ACC1 in combination with ivosidenib or veneto-
clax may be a potential therapeutic strategy.

Multi-omics
We have summarized studies implementing single omics
approaches in refining the molecular subgroup of AML.
We believed that integrating data from different omics
layers would provide better classifications associated
with prognosis prediction and drug target identification.
Dysregulated protein function resulting from mislo-
calization of proteins to the nucleus may disrupt their
functions and promote cancer development by affecting
normal hemopoietic processes or diminishing the func-
tions of tumor suppressors [254]. To study the influence
of aberrant protein localization on AML, Alanazi et al.
[255]. examined the protein abundance in nuclei of AML
blasts derived from 15 newly diagnosed AML patients
using LC-MS/MS and performed parallel transcriptome
analyses in correlation with the proteome data. RNA-seq
identified a total of 40 transcription factors with differen-
tial expression, but they were not correlated with protein
levels, which emphasized the necessity for performing
proteomics at the subcellular level. They identified 113
proteins with significant changes in abundance in AML
blasts, which formed multiple complex interaction net-
works. The networks were significantly correlated with
transcription regulation, mRNA processing, and mRNA
stabilization. Among the identified proteins, S100A4 was
the highest differentially expressed protein. SI00A4 is a
calcium-binding protein belonging to the S100 multigene
family, it is reported to be associated with poor progno-
sis in some solid tumors [256-258]. Overexpression of
S100A4 was validated in another AML cohort. SI100A4
knockdown could impair the growth of AML cells
through programmed cell death while exerting no effects
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on normal cells. Their study found abnormal expression
of transcription factors that were unable to detect at the
mRNA level and identified S100A4 as a potential thera-
peutic target. As we discussed above, both mRNA and
the protein level of S100A8 are associated with chem-
oresistance and resistance to FLT3 inhibitors. There-
fore, S100 family may be worthy of further study as drug
targets.

For some AML patients harboring cytogenetic and
genetic alterations with adverse prognoses (complex
karyotypes, KMT2A-rearrangements, monosomy karyo-
types, and TP53 mutations), effective targeted therapies
are not available. To find possible treatment options for
these patients, Casado et al. [259]. performed proteome
and phosphoproteome profiling for 74 AML patients
with adverse prognoses and additional transcriptomics
analysis for 39 of these cases. A total of 550 drugs were
tested for ex vivo responses. Integrating omics data, they
divided KMT2A-rearranged AML into two biologically
distinct groups MLLGA and MLLGB. Elevated levels of
DOT1L phosphorylation and HOXA gene expression and
increased CDK1 activity were detected in MLLGA cases
compared with MLLGB cases and cases without KMT2A
rearrangement. The MLLGA cases also demonstrated
significantly high sensitivity to 15 compounds including
inosine-5-monosphosphate  dehydrogenase (IMPDH),
mitotic kinaseinhibitors, and several genotoxic drugs.
This study reclassified AML cases with KMT2A rear-
rangements into two biologically distinct groups based
on multi-omics data. It also demonstrated the sensitivity
of several drugs including IMPDH inhibitors in KMT2A
patients with MLLGA signature. Their study based on
transcriptomics and proteomics helped to find suitable
drugs for AML patients within the adverse risk group.
Although not verified in large cohorts, the clues in poten-
tial treatment strategies are valuable for these patients
with poor survival.

Associated with poor prognosis, the extramedullary
infiltration (EMI) is still poorly studied with almost no
effective treatments. However, EMI samples are suit-
able for multi-omics studies. Yang et al. [260]. performed
scRNA sequencing on EMI and BM samples from one
AML patient harboring pervasive leukemia cutis and
found increased macroblasts, promonoblast, and mono-
blasts, and decreased granulocyte-monocyte progenitor-
blasts. The macroblasts expressed high levels of C1Q
(including C1QA, C1QB, and C1QC). In an EMI AML
patient cohort, they validated that high C1Q expres-
sion was present before EMI manifestations. Univariate
and multivariate analyses defined C1Q as a marker for
poorer prognosis. To demonstrate the expression status
of C1Q in different courses of disease, RNA sequencing
and quantitative proteomic analyses were performed on
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samples of healthy donors, early-stage AML patients,
and AML patients during treatment (some with relapse).
The C1Q level in AML samples was surprisingly lower
than those in healthy donors whereas its expression level
was high in samples from early relapse patients, indicat-
ing that it was upregulated later in disease progression
and may be associated with early relapse. Univariate and
multivariate analyses demonstrated the adverse progno-
sis significance of C1Q expression. Further functional
analyses showed that C1Q was associated with infiltra-
tion and migration of leukemia cells, and may promote
chemoresistance. Their study implemented different
omics approaches and identified C1Q as a biomarker for
poor prognosis and EMI. More importantly, they demon-
strated the dynamic expression of C1Q from diagnosis to
relapse. The upregulation of C1Q in the progression stage
made it a possible druggable target.

Passaro et al. [261]. performed high-throughput omics
analyses including transcriptomics and proteomics on
primary AML samples, AML mouse models, and cell
lines, profiling hematopoietic stem cells as well as the BM
microenvironment of hematopoietic stem cells (referred
to as the “niche”) [262]. In total, eight functional clusters
of transcripts based on GEP were identified in the BM
niche cells, with each cluster enriched for different func-
tions. They then engrafted immunodeficient mice with
patient-derived AML samples harboring different cytoge-
netical abnormalities and examined the alterations of BM
niche components. Cluster 2 (enriched for endothelial
functions) remained stable while several signaling path-
ways including Notch, NF-kB, and Wnt were significantly
altered, as were also shown in other clusters (like 3 or 7)
which lost their original expression pattern. They further
analyzed the proteome in the BM secreta of AML xeno-
grafts and integrated it with the transcriptomic data. Sig-
nificant alterations in signaling nodes related to multiple
stromal types were observed, indicating distinct local
regulation. Their study provided a great amount of omics
data concerning the BM microenvironment of hemat-
opoietic stem cells and demonstrated the general patho-
logical hallmarks of niche in AML disease. Their data
may be a foundation and repository for further identifica-
tion of biomarkers or drug targets.

Genomic studies have identified SRSF2, SF3B1, and
U2AF1 as recurrent mutations in splicing factors in
around 10% of AML patients [263, 264]. Liu et al. [265].
studied the dysregulation of splicing factor expressions
and proteome alterations resulting from alternative splic-
ing in AML LSCs. After analyzing the gene expression
data of 203 mRNA splicing factors from GEO, they iden-
tified RNA-binding motif protein 17 (RBM17) as the only
factor that was related to poor prognosis and enriched
in LSCs. Its elevated expression was also validated in
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TCGA and BeatAML datasets. Knockdown of RBM17
impaired the cell growth and colony-forming of LSCs
and the RBM17-mediated splicing events were associated
with leukemia propagation. To determine the existence
of protein downregulations caused by RBM17-mediated
splicing, they further performed LC-MS-based proteom-
ics in profiling AML cells after RBM17 knockdown. A
total of 1157 proteins exhibited significant changes and
were enriched for cell division, RNA processing, DNA
replication and repair, autophagy, protein folding, and
vesicle organization. Notably, they also identified 13 pro-
teins downregulated upon RBM17 knockdown. Analyses
of multi-omics data unveiled that RBM17 knockdown
resulted in the upregulation of the translation initiation
factor EIF4A2 (eukaryotic translation initiation factor
4A2), which was highly expressed in LSCs. They exam-
ined the proteome profile of EIF4A2-depleted AML
cells and observed effects similar to RBM17 knockdown,
including suppression of downstream proteins related
to leukemic cell growth. Therefore, they believed that
RBM17 supports the survival of LSCs through enhanc-
ing pro-LSC transcripts like EIF4A2, and RBM17 and
EIF4A2 were possible choices for targeting LSCs in AML
treatment.

TP53 mutation defines a distinct entity of myeloid
malignancies and the presence of mutant TP53 in MDS
or MPN (myeloproliferative neoplasms) indicates a
higher chance of leukemic transformation and worse
prognosis [263, 266, 267]. TP53 mutation is involved in
clonal evolution and subsequent acquisition of aberrant
LSCs [268, 269]. Rodrigeuz-Meira et al. [270]. performed
single-cell multi-omics analyses (including NGS, SNP
arrays, and scRNA-seq) on HSPCs from both TPS53-
mutant SAML patients and WT TP53 AML patients.
HSPC clones with TP53 “multihit” were enriched for
LSC-associated transcriptions and the clones were
observed at leukemic transformation. Meanwhile, WT
TP53 pre-LSCs clones were significantly associated with
erythroid-related transcription. They also compared the
HSC signature between TP53-sAML and de novo AML
and observed erythroid-biased differentiation in TPS53-
sAML. A 44-gene signature named “p53LSC-signature”
was identified and verified to be reliable for survival
prediction, including both TP53-mutant and WT TP53
patients. Their study demonstrated that TP53 mutation
drove leukemic transformation through multi-omics
profiling of TP53-mutant HSPCs. They also constructed
a TP53-related gene expression signature which could
predict prognosis and assist the selection of therapeutic
strategies.

As we discussed above, OXPHOS is an important
process in leukemogenesis and is also essential for the
survival of LSCs [271]. Therefore, targeting OXPHOS
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may be a possible treatment for AML LSCs. The sirtuin
(SIRT) protein family is associated with energy metabo-
lism in cancers and was studied in cancer stem cells in
several solid tumors [272-274]. Among them, SIRT3 has
the functions including suppressing ROS levels and regu-
lating fatty acid metabolism and glycolysis [275-277].
Based on these, O’Brien et al. [278]. speculated and veri-
fied SIRT3 to be an essential target involved in LSC sur-
vival and functions. Knockdown and inhibition of SIRT3
impaired the function of LSCs but did not affect normal
BM cells. They then performed multi-omics analyses
including transcriptomics, proteomics, and lipidomics
for AML LSCs derived from patients. Multi-omics data
demonstrated that SIRT3 regulated fatty acid oxidation
as well as OXPHOS and affected LSC functions. There-
fore, they identified SIRT3 as a potential therapeutic
target that interferes OXPHOS in AML LSCs and the
combination of data from different biological layers made
their findings more convincing.

Single-cell multi-omics approaches are developing fast
and are capable of examining surface proteins along with
other abnormalities, including chromatin accessibilities
(ATAC-seq) [279], mutational profiling (single nucleotide
variations as well as structural variants) [280] and tran-
scriptomics dysregulations (CITE-seq and epitopes by
sequencing) [281, 282]. Metabolic information can also
be integrated through measuring mitochondrial marker
mutations (genotyping of transcriptomes, TARGET-seq,
and MutaSeq) [283-285]. Recently, Beneyto-Calabuig
introduced a method named CloneTracer which could
add clonal resolution to scRNA-seq data [286]. Therefore,
we believe that implementing single-cell multi-omics
approaches in studying the component and clonal evo-
lution of HSC and LSC will deepen our understanding
of AML origins and provide clues for targeting LSCs of
AML in the future.

Successful intervention on AML with targeted thera-
pies guided by using multi-omics analyses remains chal-
lenging when faced with this rapidly progressing disease.
However, encouraging achievements have been reached
based on these approaches in the field of AML. In the
future, more studies will dig deeper beyond the genetic
aberrations of AML and the multi-omics will play an irre-
placeable role.

Conclusions and perspectives

Summary

Despite the already comprehensive MICM criteria in
AML diagnosis and classification, conducting personal-
ized treatment still requires more biological information.
Studies based on genomics, transcriptomics, proteomics,
and metabolomics, both individually and integrated, have
tremendously deepened our understanding of AML and
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expanded the horizon from the traditional morphologic
and cytogenetic perspective. Comprehensive clustering
of the differential molecules in AML based on these stud-
ies might complement the current classification of AML
by defining new pathological subtypes which further link
to prognosis predictions and specific therapeutic vulner-
abilities. Subtypes based on gene or protein expression
profiles extended the cytogenetic and mutation-defined
subtypes, helping to distinguish individual patients with
similar mutations or karyotypes. Subtypes based on the
prediction of prognosis using biomarkers identified by
omics studies may be more valuable in clinical practice in
guiding the selection of therapeutic strategies, especially
for the intermediate-risk patients (Table 2). Not only the
mechanisms under treatment resistance and possible
solutions have been studied through multi-omics meth-
ods, but new drug targets are also being identified and
tested (Table 3). Several targeted drugs have already been
used in clinical practice or are under clinical trials. Pre-
cision medicine requires individualized therapy and sub-
type classification as well as drug selection for patients
harboring different omics signatures will sure be the
future direction of precision medicine. Although current
omics-based studies mostly focus on molecular subtypes
and druggable targets in signaling pathways, there are
still big gaps in omics studies concerning transplantation
and cell therapies. We believe that omics approaches will
soon cover more areas of AML researches.

Among the several omics we discussed above, tran-
scriptomic studies are the most abundant and the most
closely related to mutations and cytogenetic abnormali-
ties. Recently, transcriptomic approaches have exten-
sively been used to study numerous fusion genes and
various types of expressed patterns in AML. Protein
types, expressions, and modifications in AML patients
are also well-studied by proteomics approaches. A large
number of transcriptomics studies focus on defining sub-
groups based on GEP and proteomics studies seem to
attract interest in drug response prediction and in solving
resistance problems. Hence, most multi-omics studies are
based on proteo-transcriptomics and mutations, which
may well demonstrate the whole process from DNA
to protein and provide full insight for AML diagnosis
and treatment. As a fresher technique, metabolomics
is less conducted and seldom included in multi-omics
studies. However, metabolomics has the potential of
relaying plenty information about small and minimally
invasive samples in a cost-effective way. Metabolomics
may play an important role in multi-omics analyses if
integrated with other data properly because it provides
the immediate readout of response to perturbations
like drugs.
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Current challenges and future perspectives

There are some obstacles and challenges in applying omics
methods in researches as well as in clinical management
of AML. However, we believe that most of them can be
solved with rigorous study design and large investment.

Conceptual changes

The first challenge is the conceptual changes in clini-
cal management of AML. Following a comprehensive
and instructive protocol, the management of AML is
already systematic. However, precision and personal-
ized medicine is sure to be the future of AML treat-
ment, where accurate molecular diagnosis will be the
foundation. Current diagnoses and treatments are still
not enough. Conceptual shifts are necessary, especially
in frontline hematological physicians, as they are most
suitable for exploring ideas for omics studies as well as
applying research results to clinical practice. We, there-
fore, recommend more communication between physi-
cians and researchers to allow more opinions beyond the
daily regular treatment of patients. Another challenge in
conceptual shift lies in patients. In precision medicine,
a comprehensive examination upon diagnosis can be
very expensive. One way to settle this is to be patient in
explaining the necessity of thorough examinations. An
effective way is to cut down the cost in omics studies and
omics-related clinical examination. Although the high-
cost equipment of omics studies cannot be reduced, up
to date, a large set of omics data is now available in pub-
lic datasets for deeper investigation. Many of the studies
we discussed above only demonstrated the RNA or pro-
tein expression signature and performed regular statisti-
cal analyses to find distinct expression patterns. Further
studies can combine information from several different
sources of data and perform analyses based on existing
conclusions. The cost can be saved and the current omics
data can serve as a valuable resource, which can be used
by physicians for preliminary analyses.

Analytical strategies

Analytical challenges of omics data are also unavoidable
in omics studies. In AML studies, due to the complexity
of the disease, both the disease cases and healthy controls
are highly heterogeneous under the influence of popula-
tion structure, sampling bias, batch effects, bias of cell
types, and many other factors. Proper sampling meth-
ods and enlargement of sample sizes can help reduce
bias, and there are several effective statistical methods to
remove batch effects. An unavoidable analytical challenge
in addressing omics data is to distinguish causal changes
from reactive changes, especially when each dataset is
correlative to the other. It is unlikely to distinguish them
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relying only on one omics data type collected at one-time
point. Therefore, we recommend the integration of multi-
omics data to solve this problem. Integrated analyses of
omics data remain challengeable due to the high dimen-
sionality of the data, including large numbers of identi-
fied genes, proteins, modifications, metabolites, and the
inter-individual variability among patients. Therefore,
we recommend specialized statisticians to undertake the
data analysis tasks.

Translation to clinical use
Finally, it is also difficult to transfer the research results
to clinical use. Advances are needed on several fronts
before conclusions obtained from these studies can be
finally translated to the clinical practice. For diagnostic
and prognostic markers, we recommend multi-center
studies to eliminate the influence of tumor individual
heterogeneity. Moreover, widespread application of the
biomarkers in the clinical sphere demands that user-
friendly analytical platforms are accessible to personnel
from hospitals, and thus convenient measurement pro-
cedures are recommended. For novel drug targets, we
recommend thorough pre-clinical studies before trials to
guarantee patients’ safety in clinical trials. As drug tar-
gets need more evidence than biomarkers, large enough
sample size and multi-omics information are fundamen-
tal to ensure the precision and effectiveness of results.
Finally, newly developed drugs are always too expensive.
Therefore, we recommend carrying out clinical trials on
large scale multi-omics analyses, which can benefit more
patients and accelerate the extensive use of these drugs.
In the era of precision medicine, multi-omics-based
studies will cover a wide range of areas from diagno-
sis, and treatment to prognosis, including resistance
mechanisms, optimal mode of induction, consolidation,
and maintenance therapy, helping identify appropri-
ate therapeutic targets and develop new drugs. Clinical
implementation of multi-omics approaches will enable
individualized diagnosis and treatment of AML patients
by improving classification and therapeutic choices, and
will further improve the AML prognoses.
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