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Abstract
Background: Patients with acute myeloid leukemia (AML) have a poor prognosis and low overall survival
(OS) rate owing to its heterogeneity and the complexity of its tumor microenvironment (TME). N6-
methyladenosine (m6A) modi�cation plays a potential role in the initiation and progression of
haematopoietic malignancies. Nonetheless, compressive analysis of RNA m6A modi�cation is rare in
AML.

Methods: Based on somatic mutation and copy number analysis, differential expression analysis,
survival analysis, function enrichment analysis, spearman correlation analysis, gene set enrichment
analyses and a series of experiments (western blot, quantitative reverse transcription polymerase chain
reaction and �ow cytometry), data from The Cancer Genome Atlas (TCGA) and Gene Expression Omnibus
(GEO) database were used to assess the value of m6A regulators in the development and prognosis of
AML.

Results: Compared with normal samples, �ve m6A regulators were signi�cantly differentially expressed in
AML samples. Among them, methyltransferase-like 14 (METTL14), zinc �nger CCCH-type containing 13
(ZC3H13), RNA binding motif protein 15 (RBM15) and YTH domain-containing 2 (YTHDC2) were
associated with the OS of AML patients. Notably, they were successfully validated in clinical samples.
Besides, three distinct m6A modi�cation patterns were determined, and remarkable differences were
observed in the expression of m6A regulators, TME in�ltration characterization, functional enrichment
and survival outcome among these patterns. We further found 122 m6A phenotype-related differentially
expressed genes (DEGs). Functional enrichment analysis revealed that the DEGs were closely relevant to
metabolism. Based on 28 prognosis-related DEGs, m6Ascore system was established to evaluate patient
prognosis, patients with high m6Ascore had higher survival rates than those with low m6Ascore.
Importantly, m6Ascore may serve as a potential predictor independent of TMB.

Conclusion: This work provided new insight into the potential functions of m6A regulators in the initiation
and progression of AML. It indicated that some m6A regulators may serve novel biomarkers to predict the
prognosis of AML.

1. Introduction
Acute myeloid leukemia (AML) is a life-threatening haematological malignancy and is associated with
poor prognosis and low overall survival (OS) [1]. In a study, 19,940 new cases of AML and 11,180 AML-
related deaths were projected to occur in the United States of America in 2020 [2]. With the emergence of
various therapies, remarkable remission can be initially attained in most AML patients; however, complete
remission is rare [3]. Therefore, identifying potential biomarkers of AML may help in improving treatment
strategies and assessing prognosis.
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Several factors such as genetics, proteomics and epigenetic processes were associated with cell
differentiation and haematopoiesis in AML [4]. In addition to DNA methylation and histone modi�cation,
RNA modi�cation has been identi�ed as a common phenomenon and a key regulator of RNA
transcription and stability in various types of diseases since the identi�cation of RNA demethylases[5, 6].
N6-methyladenosine (m6A) is considered the most major methylation in eukaryotic mRNAs. Its reversible
methylation signi�cantly affects gene expression regulation [7, 8]. m6A methylation and expression levels
of its regulators are frequently dysregulated in tumors [9, 10], neurological diseases [11, 12] and
embryonic retardation [13]. A growing number of studies regarding the role of m6A regulators in AML
such as fat mass and obesity-associated protein (FTO) [14], methyltransferase-like 3 / methyltransferase-
like 14 [15], and YTH N6-methyladenosine RNA binding protein 2 (YTHDF2) [16]. However, many
researches only considered one or several m6A regulators, and there have few systematic research into it.
The potential role of RNA m6A modi�cation in AML remains unclear.

In the current study, we aimed to conduct a comprehensive investigation of the landscape characteristics
of m6A regulators in AML. The genomic information of AML patients and normal individuals were
obtained from the Cancer Genome Atlas (TCGA) and Gene Expression Omnibus (GEO). We systematically
evaluated the genetic variation and differential expression of m6A regulators in AML. And screened for
the key m6A regulators related to OS, thus providing possible prognostic markers for AML. In addition, we
constructed three distinct m6A modi�cation patterns, and there were obvious differences in pathway
enrichment and TME cell in�ltration characteristics. Subsequently established m6Ascore to explore its
value in predicting AML prognosis. Brie�y, the results may contribute to better understand the role of m6A
regulators and lead to improved prognosis in AML.

2. Materials And Methods

2.1 Isolation of peripheral blood mononuclear cells
(PBMCs)
The samples of human were collected from patients with newly diagnosed AML and healthy donors at
Fujian Medical University Union Hospital, Fuzhou, China. Details on AML patient samples are shown in
Table 1. The study was approved by the Committee for the Ethical Review of Research, Fujian Medical
University Union Hospital and informed consent was obtained from all the patients. PBMCs were isolated
through Ficoll gradient.

2.2 Processing of RNA-seq-based data
The RNA-seq-based data and clinical information of 151 AML samples were downloaded from TCGA
database (https://portal.gdc.cancer.gov/) using the R package TCGAbiolinks [17], which was speci�cally
developed for integrative analysis of GDC data. Subsequently, RNA-seq data (FPKM values) were then
converted to transcripts per kilobase million (TPM) values using the limma package [18]. Normalised
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array data [GSE9476 (38 normal and 26 AML samples), GPL96 (HG-U133A) Affymetrix Human Genome
U133A Array] and GSE23312 [GPL10107 (SMD Print_1094 Homo sapiens)] were obtained from the Gene
Expression Omnibus (GEO) database. Gene expression pro�le matrix �les of GSE9476 and GSE2331 were
obtained from raw datasets using Perl [19]. Somatic mutation data were downloaded from TCGA
database, and the copy number of all AML genes was obtained from the UCSC dataset.

2.3 Somatic mutation and copy number analysis of m6A
regulators
To analyse the mutations and copy number variations (CNVs) of m6A regulators in AML samples,
somatic mutation data were obtained from TCGA database and analysed using Perl and the R package
maptools [20]. The copy number of m6A regulators was evaluated using the R packages (version 4.1.1)
and Perl. The differential expression of m6A regulators in normal and AML samples were analysed using
the R software. The Pearson correlation algorithm was used to analyse the correlation of m6A regulators
with the occurrence and development of AML.

2.4 Unsupervised clustering of 22 m6A regulators
Only a few m6A regulators were detected using the Illumina HumanRef-8 WG-DASL v3.0 platform, 22
regulators were acquired from TCGA and GSE9476 datasets to identify different m6A modi�cation
patterns mediated by m6A regulators, including 8 writers (METTL3, METTL14, METTL16, WTAP, VIRMA,
ZC3H13, RBM15 and RBM15B), 1 eraser (FTO) and 13 readers (YTHDC1, YTHDC2, YTHDF1, YTHDF2,
YTHDF3, HNRNPC, FMR1, LRPPRC, HNRNPA2B1, IGFBP1, IGFBP2, IGFBP3 and RBMX). The established
unsupervised clustering was used to determine different m6A modi�cation patterns according to the
expression of the 22 m6A regulators and classify patients for further analysis. The ConsensusClusterPlus
and limma packages were used to perform the abovementioned analyses, which were repeated 1000
times to ensure the stability of the classi�cation [21]. Subsequently, the differential expression of m6A
regulators in different phenotypes were analysed using the limma [18], reshape2 and Nagpur packages
[22].

2.5 Gene set variation analysis (GSVA) of the m6A
regulators
Gene set variation analysis (GSVA), which is a nonparametric and unsupervised method usually used to
estimate changes in pathways and biological processes [23].We used R package ‘GSVA’ to analyse
differences enrichments in biological processes between m6A modi�cation patterns. The gene set ‘C2.
Cp.kegg. V6.2. Symbols was downloaded from MSigDB for GSVA. A P-value < 0.05 was considered
statistically signi�cant.

2.6 Survival analysis of m6A regulators in patients with AML
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To predict the prognostic value of m6A regulators, survival analysis was performed using clinical data
obtained from TCGA. And we veri�ed some key genes in the GEO database. Kaplan–Meier (KM) survival
curves of m6A regulators were plotted using the survival and survminer packages [24], and differences in
survival rate were assessed using a log-rank test threshold of P-value < 0.05.

2.7 Identi�cation of differentially expressed genes (DEGs)
among distinct m6A phenotypes
The limma package was used to screen for m6A phenotype-related DEGs among the three m6A
modi�cation patterns identi�ed from the abovementioned analyses [18], with a threshold of adjusted P-
value < 0.001

2.8 Pathway and Gene Ontology enrichment
After obtaining the Entrez-ID of each DEG using the ‘org.Hs.eg.db’ R package, Gene Ontology (GO) and
Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analyses of these DEGs were performed
using the ‘clusterPro�ler’ packages [25]. GO analysis can be divided into three categories as follows:
biological processes (BPs), cellular components (CCs) and molecular functions (MFs). A P-value < 0.05
was considered signi�cant for the Fisher’s exact test.

2.9 Tumor mutational burden (TMB) estimation and
prognostic analysis
A scoring system was constructed to evaluate the m6A modi�cation patterns of patients with AML-m6A
regulator features, which was called m6Ascore. First, we screened for DEGs related to prognosis using a
univariate Cox regression, and genes signi�cantly related to prognosis were extracted for further analysis.
Subsequently, principal component analysis (PCA) was performed to construct m6A regulators features.
Finally, we de�ned the m6Ascore using a method similar to GGI [26], which is as follows:

m6Ascore =∑(PC1i + PC2i)

In this equation, i represents the expression of m6A phenotype-related genes.

Patients were divided into the high- and low-m6A-score groups based on the median score, and survival
analysis was performed based on m6Ascores using the survival package. We extracted the somatic
mutation data using Perl and estimated TMB values by dividing the number of somatic mutations by the
total length of exons. Additionally, we performed KM survival analysis to compare OS between TMB
subgroups and examined the relationship between TMB and m6Ascores via correlation analysis.

2.10 Evaluation of TME cell in�ltration
Single-sample gene set enrichment analysis (ssGSEA) was used to quantify the relative abundance of
in�ltrating immune cells in the TME of AML using the ssGSEA package. The gene set used to label each
in�ltrating immune cell type of TME was obtained from a study by Charoentong [27, 28]. The gene set
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contains data regarding various human immune cell subtypes, including activated B cells, activated
dendritic cells, T follicular helper cells, eosinophils and regulatory T cells. The enrichment fraction
calculated using ssGSEA was used to represent the relative abundance of in�ltrating immune cells in
each sample. The Pearson correlation algorithm was used to analyse the correlation between m6A
regulators and m6Ascore.

2.11 Quantitative reverse transcription polymerase chain reaction (qRT-PCR)

The TRIzol reagent (Invitrogen) was used to extract total RNA from PBMCs. cDNA was synthesised using
5×All-in-One RT MasterMix with AccuRT (abm, Canada), and Eva Green 2×qPCR MasterMix-Low ROX
(abm, Canada) was used to evaluate mRNA levels. The primer sequences are listed in Table S1.

2.12 Western blot

Total proteins from PBMCs were extracted by RIPA buffer (Beyotime) containing protease and
phosphatase inhibitor cocktail (Thermo). And concentration was determined using a BCA Protein Assay
Kit (Thermo). Proteins were separated using SDS‐PAGE (10% gels) and transferred onto polyvinylidene
di�uoride (PVDF) membranes. Subsequently, the membranes were blocked with 5% BSA at room
temperature for 1 h and incubated with primary antibodies overnight at 4°C. The following day, the
membranes were incubated with HRP-conjugated secondary antibodies (Beyotime, #A0208, #A0216) at
room temperature for 1 h. Chemiluminescence signals were visualised with a BeyoECL Star Kit
(Beyotime).

2.13 Flow cytometry

All FCM studies were performed using single cell suspensions, and cells were stained in accordance with
the standard protocols. Antibodies recognising CD45-eFluor506 (#69045942, Thermo), CD4-
Percp/Cyanine5.5 (#30050, Biolegend), CD8-Bv786 (#563823, BD Pharmingen,), CD3-FITC, CD16/CD56-
PE (#A07735, Beckman) and CD19-PerCP5 (#302227, Biolegend) were used. Samples were analyzed
using a �ow cytometer (BD Biosciences) and subsequent analysis was performed using FlowJo 10.1
software.

2.14 Statistical analysis

All experiments were performed in triplicate. The GraphPad Prism (version 9.2, GraphPad Software, La
Jolla, CA, USA) was used for statistical analysis of all experimental data. Data were presented as mean ± 
SDs. The student’s t-test was performed for between-group comparisons. A P-value < 0.05 was considered
statistically signi�cant.

3. Results

3.1 Genetic variation landscape of m6A regulators in AML
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In this study, there were 22 m6A regulators, including 8 writers, 1 eraser and 13 readers were identi�ed.
First, we evaluated the CNVs and somatic mutations of 22 m6A regulators in patients with AML. Among
the 143 samples, only 19 had mutations of m6A regulators, with a frequency of 13.29%, and METLL14,
WTAP, ZC3H13 and YTHDC2 exhibited the highest mutation frequency, followed by RBM15, FMR1 and
LRPPRC (Fig. 1A). In addition, we found that most m6A regulators had copy number deletions, whereas
YTHDF1, YTHDF2, YTHDF3 and FTO had copy number gain (Fig. 1B). Figure 1C shows the location of
CNVs of m6A regulators on chromosomes. Correlation analysis discovered that there was closely
coordination among m6A regulators (Fig. 1D). We then examined the mRNA expression levels of the m6A
regulators and observed that AML patients exhibited increases in the expression of ZC3H13, RBM15 and
LRPPRC, whereas presented decreases in METTL14 and YTHDC2 (Fig. 1E). The above results indicated
that the mutation and CNV alterations of m6A regulators could in�uence their expression in AML. We also
noted that an imbalance in the expression of m6A regulators might play a crucial role in the occurrence
and progression of AML.

3.2 Overall survival analysis of m6A regulators
To determine the potential role of m6A regulators in predicting the OS of AML patients, we constructed
KM survival curves. Based on TCGA data, a total of 11 genes were veri�ed to be signi�cantly associated
with AML prognosis. As shown in Fig. 2, ZCH13H (P = 0.043), YTHDF1 (P = 0.023), RBM15 (P = 0.014),
METLL3 (P = 0.003) and HNRNPC (P = 0.005) were related to poor OS, whereas YTHDC2 (P = 0.043), FTO
(P < 0.001), METTL14 (P = 0.018), YTHDF3 (P = 0.05), IGFBP3 (P = 0.02) and IGFBP2 (P = 0.011) were
signi�cantly associated with increased OS. In addition, the results of univariate Cox regression also
demonstrated that METTL3, YTHDF1, RBM15, ZC3H13 and HNRNPC were signi�cantly correlated with
poor OS (Figure S1).

3.3 Characteristics of AML somatic mutation and
correlation of m6A regulators with TP53
Somatic mutation analysis demonstrated that DNMT3A (13%), FLT3 (11%), NPM1 (9%), RUNX1 (9%),
IDH2 (8%), MUC16 (8%), TP53 (8%), TTN (8%), KIT (6%) and NRAS (6%) were the top 10 mutant genes
(Fig. 3A). Further investigation revealed that missense mutations, SNPs and C > T alterations were
responsible for a wide variety of classi�cation groups. When each sample was evaluated separately, there
presented a median of 10 mutations and a maximum of 1355 mutations. Besides, the top 10 genes
differed from the previous ones when multiple hits were counted independently and the overall number of
mutations was considered (Fig. 3B). TP53 is known to play an important role in AML development. To
better understand the association between m6A regulators and TP53 expression in AML. We next applied
correlation analysis and observed that TP53 expression was positively correlated to METTL14, RBM15,
IGFBP1, WTAP and YTHDC2, and was negatively relevant to other m6A regulators (Fig. 3C). The above
suggested that m6A regulators may act a signi�cant role in regulating the expression of TP53 thereby
promote the progression of AML.
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3.4 Patterns of m6A methylation modi�cation and its
biological characteristics in AML
Based on the expression of 22 m6A regulators, we used the ConsensusClusterPlus R package to classify
patients with qualitatively different m6A modi�cation patterns. As the stability of k-means clustering
increased from 2 to 9 in TCGA datasets, k = 3 was considered an acceptable value. The identi�ed patterns
were named m6Acluster-A, m6Acluster-B and m6Acluster-C. (Fig. 4A–B). The results of PCA revealed
evident differences among the three subgroups (Figure S2A). We compared the clinicopathological
characteristics of these three subgroups and the discrepancy seemed not obviously. (Figure S2B). To
further investigate the characteristics of these m6A modi�cation phenotypes in biological behaviours, we
performed GSVA enrichment analysis. We found that m6Acluster-A was signi�cantly enriched in
carcinogenic activation pathways including ECM receptor interaction, TGF beta signalling pathway and
cell adhesion (Fig. 5A–B). m6Acluster-B was enriched in pathways related to immune activation, such as
cytokine–cytokine receptor interaction and T cell receptor signalling (Fig. 5A, C). m6Acluster-C was
strongly linked to immune suppression (Fig. 5B–C). Moreover, differential expression analysis showed
that m6Acluster-A exhibited increased IGFBP3 expression and decreased expression of other m6A
regulators; m6Acluster B was characterised by high expression of VIRMA, ZC3H13, RBM15, RBM15B,
YTHDC2, YTHDF2, IGFBP1 and RBMX and m6Acluster C had signi�cantly high expression of METTL14,
YTHDC1, YTHDF1, YTHDF3, HNRNPC, HNRNPA2B1 and IGFPB2 (Fig. 4C). The m6A regulators network
depicted the entire landscape of interactions among the m6A regulators and their prognostic signi�cance
in patients with AML (Fig. 4D). We discovered that not only did m6A regulators in the same functional
category show a remarkable correlation in expression, but there was also a signi�cant correlation
between writers and readers. In addition, we analysed prognostic of the three m6A modi�cation patterns
and observed that the m6Acluster-A modi�cation pattern had a clear survival advantage (Fig. 4E). From
above, we considered that the composition of m6A regulators may in�uence the formation of m6A
modi�cation patterns. And distinct patten had speci�c biological behaviours, which were relevant to
survival of AML patients.

3.5 Gene Ontology (GO) and Kyoto Encyclopedia of Genes
and Genomes (KEGG) pathway enrichment analyses
We next explored the potential functions of DEGs among three m6A modi�cation patterns, 122 m6A
phenotype-related DEGs were identi�ed through the limma package (Fig. 6A). GO term analysis showed
that BP terms indicated that the DEGs were primarily enriched in ‘translational initiation’, CC ascribed to
these DEGs mainly included ‘ribosomal subunit’ and ‘cytosolic small ribosomal subunit’ and the primary
MFs included ‘structural constituent of ribosome’. The KEGG pathway enrichment analysis revealed that
the DEGs were mainly enriched in pathways related to ‘fatty acid metabolism’, ‘ribosome’ and ‘fatty acid
biosynthesis’.
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3.6 m6Ascore is associated with the overall survival of AML
patients
Among above DEGs, we identi�ed 28 prognosis-related DEGs (Table S2). Based on them, we constructed
a m6Ascore system to better illustrate the characteristics of m6A signature. We classi�ed 145 AML
patients into high- (n = 120) and low-m6Ascore groups (n = 25). The analyses indicated that OS was
signi�cantly better in the high-m6Ascore group than in the low-m6Ascore group (Fig. 7A). Besides, there
was a positive correlation between m6Ascore and TMB (Fig. 7B). Then, we further con�rmed the
prognostic value of TMB in AML patients and found that OS did not signi�cantly differ between the high-
and low-TMB groups (Fig. 7C). Strati�ed survival analyses suggested that m6Ascore might serve as a
potential predictor independent of TMB for AML patients (Fig. 7D).

3.7 Characteristics of TME cell in�ltration in m6A
modi�cation of AML
The TME has a strong in�uence on the progression of AML. Then, we analysed the TME cell in�ltration
found that the three m6A modi�cation patterns had obviously different in TME cell in�ltration
characteristics (Fig. 8A). m6Acluster-A was remarkably rich in innate immune cell in�ltration including B
cells, CD4+ T cells, CD56 bright natural killer cells and immature dendritic cells. And this m6A modi�cation
pattern revealed a matching survival advantage (Fig. 4E). m6Acluster-B was mainly enriched in immature
B cells, natural killer cells, T follicular helper cells, type 1 T helper cells, type 17 T helper cells and type 2 T
helper cells, whereas m6Acluster-C was characterised by immune suppression. To better understand the
characteristics of TME cell in�ltration, we examined the correlation between in�ltrating immune cells and
m6Ascore (Fig. 8B). The results showed that m6Ascore had a strong correlation with various immune
cells. Moreover, there was a close relationship among various immune cells. We speci�cally collected
PBMCs of AML patients to detect CD4+T, CD8+T cells, B cells and CD56+ NK cells. Compared with normal
samples, AML patients had an increased number of those cells (Fig. 8C). The above �ndings
demonstrated that m6A modi�cation act a vital role in regulation of tumor microenvironment. And also
indicated us that m6A modi�cation patterns and m6Ascore may be used to evaluate the tumor
microenvironment features in AML.

3.8 Experimental veri�cation of the mRNA and protein
levels of m6A regulators
In order to con�rm the expression of YTHDC2, METTL14, RBM15 and ZC3H13, the total RNA of AML
samples was isolated for qRT-PCR (Fig. 9). These genes were differentially expressed in normal and AML
samples. Additionally, two genes were veri�ed at the protein level, RBM15 was upregulated and METTL14
was downregulated in patients with AML, which was consistent with the results of qRT-PCR. These genes
were veri�ed successfully and showed good correspondence with the results of transcriptomic analysis,
which yielded precise and reliable microarray results.



Page 10/27

3.9 Validation in the GEO database
Based on GSE23312 datasets, we further veri�ed the prognostic values of YTHDC2, METTL14, RBM15
and ZC3H13. Consistent with the above �ndings, YTHDC2 and METTL14 were positively associated with
overall survival; but RBM15 and ZC3H13 were related to a poor prognosis in AML (Fig. 10).

4. Discussion
AML is a heterogeneous malignant clonal disease that prevents normal myeloid differentiation [1].
Although remission is achieved via chemotherapy in many patients, relapse is common and leads to
treatment failure. In eukaryotes, m6A is the most common form of mRNA modi�cation [30]. Increasing
evidence demonstrates that m6A modi�cation and its regulatory proteins play an essential role in various
cancers, including leukemia [14, 31], brain tumor [32], breast cancer [33] and lung cancer [34]. Differential
expression of speci�c RNA m6A regulators is associated with dysregulated RNAs in tumors, and the same
m6A regulators may have varying functions in different tumors [35]. Integrating and reanalysing genomic
pro�les of m6A regulators from public databases may enhance our understanding of the potential role of
m6A regulators in AML and provide more effective treatment strategies.

In this study, we examined the role of m6A regulators in the prognosis of AML. First, we noted that
METTL14, YTHDC2, ZC3H13, RBM15 and LRPPRC were signi�cantly differentially expressed in AML
patients and normal samples. Among them, METTL14, YTHDC2, ZC3H13 and RBM15 were associated
with the OS of AML. The mRNA expression of METTL14, YTHDC2, ZC3H13 and RBM15 and the protein
expression of METTL14 and RBM15 were successfully veri�ed in clinical samples. METTL14 is involved
in the formation of the methyltransferase complex and acts as an RNA-binding platform to form a stable
heterodimer with METTL3 [36, 37]. Moreover, METTL14 mediates erythropoiesis by promoting the
translation of related genes [38]. Studies showed that METTL14 acts as a tumor suppressor gene in
hepatocellular carcinoma (HCC) [39] and colorectal cancer (CRC) [40]. Weng H et al. [15] reported that
METTL14 promotes AML development as well as the maintenance and self-renewal of leukemia
stem/initiation cells. YTHDC2 is important for increasing the translation e�ciency of mRNAs [41, 42].
Yang Li et al. [43] found that YTHDC2 is a tumor suppressor gene and is correlated with immune
in�ltration, which may become a potential marker for head and neck squamous cell carcinoma (HNSCC)
prognosis and immune in�ltration. We found that the mRNA lever of YTHDC2 was reduced in AML
patients. Therefore, we speculated that YTHDC2 may play a similar role in AML. Furthermore, RBM15 and
its paralogue, RBM15B [44], and ZC3H13 [45] are the components of the m6A methyltransferase complex
and required for m6A methylation. RBM15/RBM15B plays a critical role in X-inactivation and gene
silencing by mediating m6A methylation of the lncRNA XIST [44]. ZC3H13 induces the nuclear
localisation of the ZC3H13–WTAP–Virilizer–Hakai complex, which regulates m6A methylation and the
self-renewal of embryonic stem cells [45]. It has been reported that METTL14 and ZC3H13 act as tumor
suppressor genes and predict poor prognosis in breast cancer [46]. However, their regulatory mechanisms
in AML remain uncertain.
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Previous studies have indicated that AML is highly dependent on the bone marrow (BM)
microenvironment that in�uences the survival, the proliferation and therapeutic resistance of AML cells
[47, 48]. In this study, we determined three m6A methylation modi�cation patterns based on 22 m6A
regulators in AML patients. These three patterns showed markedly distinct TME cell in�ltration
characteristics. m6Acluster-C was characterised by immune suppression, and survival analysis showed
that this m6A modi�cation pattern had the worst survival outcome. Differential expression analysis
revealed that many m6A regulators were differently expressed in the three groups. Therefore, m6A
regulators may play an indispensable role in the formation of a complex BM microenvironment.

We further identi�ed common DEGs in the three groups. GO analysis found that these DEGs were mainly
enriched in pathways related to translational initiation (BPs), ribosomal subunit and cytosolic small
ribosomal subunit (CCs) and structural constituent of ribosome (MFs). Moreover, according to KEGG
pathway enrichment analysis, the DEGs were mainly enriched in pathways correlated with fatty acid
metabolism, ribosome metabolism and fatty acid biosynthesis. These results suggested that m6A
regulators are closely related to metabolism. Accumulating evidence suggests that m6A RNA methylation
greatly impacts RNA metabolism [49]. With regarded to molecular mechanisms, m6A methylation affects
almost every aspect of RNA metabolism, including mRNA translation, degradation, splicing, export and
folding [50, 51].

In conclusion, we comprehensively investigated the landscape characteristics of m6A regulators in AML.
METTL14, YTHDC2, ZC3H13 and RBM15 were signi�cantly correlated with OS. And they were
differentially expressed between AML and normal samples. This study emphasised the role of m6A
regulators in the progression of AML and identi�ed potential prognostic indicators for AML. In addition,
the comprehensive evaluation of m6A modi�cation patterns may improve our understanding of the
characteristics of immune cell in�ltration in the TME and guide more effective immunotherapy strategies.
In brief, this study provides novel insights into the potential role of m6A regulators in AML progression
and highlights the prospective use of m6A regulators as diagnostic biomarkers and therapeutic targets
for AML.
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Tables
Table 1. Details on AML patient samples

NO. Gender Age WBC(109/L) FAB Mutation Status

AML#1 Female 44 1 M0 None

AML#2 Male 62 15.45 M5 CBL;KIT

AML#3 Male 43 4.08 M2 None

AML#4 Male 39 2.8 M5 PTPN11

AML#5 Female 47 6.59 M5 CEBPA

AML#6 Male 45 25.79 M5 TP53;TET2;CEBPA

AML#7 Male 54 1 M5 WT1

AML#8 Male 68 0.76 M2 None

AML#9 Male 34 38.12 M5 NPM1;NRAS;FLT3-TKD

AML#10 Female 67 1.16 M5 DNMT3A;NPM1;PTPN11

AML#11 Male 59 3.18 M2 FLT3-ITD;NPM1;IDH2

AML#12 Male 34 67.5 M5 CBFb-MYH11

AML#13 Male 56 1.81 M5 None

AML#14 Female 54 1.97 M5 BCR/ABL1

AML#15 Male 14 92.5 M5 FLT3-TKD;RUNX1;PTPN11;PHF6

Figures
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Figure 1

Genetic variation landscape and expression of m6A regulators in AML patients. (A) The frequency of
mutations in 22 m6A regulators in 143 AML samples obtained from TCGA database. (B) The frequency of
CNVs in m6A regulators in TCGA cohort. (C) The location of CNVs in m6A regulators on 22 chromosomes
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in TCGA cohort. (D) Co-expression of m6A regulators analysed and visualised via Pearson correlation
analysis. (E) Comparison of the expression of 22 m6A regulators in normal and AML samples 

Figure 2
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Overall survival analysis of m6A regulators. (A–K) Survival curve analysis of m6A regulators, which were
signi�cantly related to the prognosis of AML in TCGA database. TCGA, The Cancer Genome Atlas 

Figure 3
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Analyses of somatic mutation profiles in AML samples. (A) The waterfall plot demonstrating extensive
mutation information for the top 30 genes of each sample, with distinct colour annotations to classify
different mutation types. (B) According to several classi�cation categories, missense mutations, SNPs
and C > T mutations accounted for the vast majority of mutations. The total number of mutations is
shown along with the box plots of each variant. The top 10 mutant genes in patients with AML are also
shown. (C) Correlation between the expression of TP53 and m6A regulators. Positive correlation is shown
in red, and negative correlation is shown in blue
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Figure 4

Patterns of m6A methylation modi�cation. (A) Consensus matrices of TCGA cohort for k = 3. (B)
Consensus CDF of TCGA cohort for k = 2–9. (C) Expression of m6A regulators in three m6Aclusters. (D)
Interaction among m6A regulators in AML. (E) Survival analyses for the three m6A modi�cation patterns 

Figure 5
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Biological characteristics of each modi�cation pattern. (A–C) GSVA of distinct m6A modi�cation patterns
reveals the activation states of biological pathways in each pattern. (A) m6Acluster-A versus m6Acluster-
B; (B) m6Acluster-B versus m6Acluster-C; (C) m6Acluster-A versus m6Acluster-C

Figure 6
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Functional annotation of m6A-related DEGs in AML. (A) Venn diagram showing 122 m6A-related DEGs
identi�ed using the limma package. (B) Functional annotation of DEGs using GO enrichment analysis.
The colour depth of circles represents the q-value, and the size represents the number of genes enriched.
(C) KEGG pathway analysis of DEGs. The colour depth of the circle represents the P-value, and the size
represents the number of genes enriched

Figure 7
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m6Ascore is independently associated with the overall survival of patients with AML. (A) Kaplan–Meier
survival curves of the low- and high-m6Ascore groups in TCGA cohort. (B) The correlation between TMB
and m6Ascore. (C) Kaplan–Meier survival curves of the low- and high-TMB groups in TCGA cohort. (D)
Kaplan–Meier survival curves for subgroup patients strati�ed by both m6Ascore and TMB 

Figure 8
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TME cell in�ltration characteristics of patients with AML. (A) Abundance of immune-in�ltrating cells in
TME in the three m6A modi�cation patterns. (B) Correlation between m6Ascore and in�ltrating cells in
TME. (C) Flow cytometry analysis for the evaluation of the number of T cells, B cells and NK cells in
normal and AML samples

Figure 9
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Validation of the expression of m6A regulators via qRT-PCR and western blot. (A–D) The mRNA
expression of METTL14, RBM15, YTHDC2 and ZC3H13 in AML and normal samples as determined via
qRT-PCR. (E) METTL14 and RBM15 protein expression were detected in three pairs of AML and normal
samples via western blotting

Figure 10

Veri�cation the prognostic value of genes in the GEO database. (A-D) Survival analysis was performed for
subgroups of patients strati�ed by YTHDC2 (A), METTL14 (B), RBM15 (C) and ZC3H13 (D) expression (P
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< 0.05, log-rank test)
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