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INTRODUCTION

Abstract

Leukemia is the second common blood cancer after lymphoma, and its incidence
rate has an increasing trend in recent years. Acute myeloid leukemia (AML) is one
of the prevalent forms of leukemia. Although previous studies have investigated the
methylation profile for AML patients, the AML methylation subtypes based on the
genome-wide methylome are still unclear. In the present study, we identified three
methylation subtypes for AML samples based on the methylation profiles at CGI,
CGI shore, CGI shelf, and opensea genomic contexts. Analyzing the molecular char-
acteristics and clinical factors of the three subtypes revealed different methylation
patterns and clinical outcomes between them. Further analysis revealed subtype de-
pendent marker genes and their promoter CpG sites with regulatory function. Finally,
we found that combining the AML patient age and methylation pattern brought better
clinical outcome classification. In conclusion, we identified AML methylation sub-
types and their marker genes, these results may help to excavate potential targets for

clinical therapy and the development of precision medicine for AML patients.
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of immature leukemic blasts in the blood and bone marrow.'
In recent years, significant progress has been made in decod-
ing the molecular genetics and epigenetic basis of AML and

Acute myeloid leukemia (AML) is an aggressive hematopoi-
etic stem cell malignant clone disease and the most common
type of acute leukemia in adults, caused by the accumulation

in identifying new candidate prognostic biomarkers. In addi-
tion, a classification of the AML has been a progressive shift
from a morphologic classification scheme to one informed by
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causative genomic alterations.> Further investigation found
that an increasing number of genetic changes have been
recognized in the new World Health Organization (WHO)
classification of AML.* Apart from genetic alterations, epi-
genetic changes also reflect biological processes associated
with disease progression and treatment response.

DNA methylation, one of the most important epigen-
etic regulatory mechanisms, was an epigenetic process of
transformation of cytosine into 5-methyl (:ytosine.s’6 DNA
methylation regulated gene expression by altering chroma-
tin structure, DNA conformation, and DNA stability.7’8 CpG
islands (CGI) are defined as sequence ranges where the Obs/
Exp value is greater than 0.6 and the GC content is greater
than 50%. CGIs are typically located in the promoter region,
5’ to the TSS. CpG shores are contexts with lower CpG den-
sity that lie within the 2 kb up- and downstream of a CpG
island. CpG shelves are defined as the 2 kb outside of a
shore. CpG openseas are with low methylation and not char-
acterized in any of the above.”'” The phenomenon of DNA
chemical modification may occur in CGI, CGI shore, CGI
shelf, and opensea genomic contexts.' 12 Early studies have
found an abundance of epigenetic alterations in various types
of AML.'>! However, most studies limited their research in
CGI while ignored the genome-wide methylome. The under-
standing of methylation pattern variation for AML samples
remains incomprehensive. Therefore, we expected to decode
the methylation pattern of AML patients on genome-scale,
including CGI, CGI shore, CGI shelf, and opensea genomic
contexts.

To decode the genome-wide methylation pattern for AML
patients, we focused on the most variable CpG sites in CGI,
CGI shore, CGI shelf, and opensea genomic contexts, respec-
tively, and identified three subtypes based on corresponding
four methylation profiles using cluster-of-cluster alignment
(COCA) method." This approach took into account ge-
nome-wide methylation patterns and identified the subtypes
from a more general perspective compared with only CGIs.
Survival analysis for the subtype samples derived from ge-
nome-wide methylation profiles showed more significant dif-
ference than that from single regional methylation profiles.
Subsequent analyses for AML subtypes further confirmed
the molecular and clinical difference between them. These
result indicated that integrating genome-wide methylome to
identify methylation subtypes was essential.

2 | MATERIALS AND METHODS

2.1 | Data collection

The level 3 CpG methylation in CGI, CGI shore, CGI shelf,
and opensea genomic contexts of 140 AML patients detected
by Illumina Infinium HumanMethylation450 BeadChip array
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were obtained from The Cancer Genome Atlas (TCGA)
portal (http://cancergenome.nih.gov/). The level 3 mRNA
expression profiles, level 4 mutational datasets, and level 3
Copy Number Variation (CNV) data were also derived from
TCGA database. The expression of mRNAs was measured
as fragments per kilobase of exon per million reads mapped
(FPKM). In addition, we obtained clinical characteristics of
the patients from TCGA, including survival time, survival
state, age, and other information.

2.2 | The methylation profiles in CGI,
CGI shore, CGI shelf, and opensea genomic
contexts of AML samples

We extracted the CpG sites in CGI, CGI shore, CGI shelf,
and opensea genomic contexts and further constructed four
methylation profiles for AML samples. CpG sites with miss-
ing values in more than 30% samples were removed and each
of the remaining missing value was imputed by the KNN
Imputation.

2.3 | The somatic mutations of
AML samples

Somatic mutations of samples sequenced by whole-exome
sequencing were downloaded from the TCGA database.
We integrated all sequencing platforms and obtained the
no-redundancy results. After removing silent mutations, we
counted the number of somatic mutations to evaluate Tumor
Mutational Burden (TMB) for each sample.

2.4 | Identifying the methylation-associated
subtypes of AML samples

We classified the AML samples using COCA method"?
based on the genome-wide CpG methylation profiles. First,
the CpG sites in each type of genomic contexts with top 10%
variable methylation levels were kept to identify the regional
clusters. Second, consensus clustering for the methylation
profile in CGI, CGI shore, CGI shelf, and opensea was de-
veloped separately for each. Third, clusters defined from
each methylation profile were coded into a series of indicator
variables for each cluster to construct a Boolean matrix, and
then taken as the input of second-level consensus clustering.
Finally, we obtained the subtypes of AML samples based on
the genome-wide methylation profiles. The consensus clus-
tering was performed by ConsensusClusterPlus R-package.16
ConsensusClusterPlus was run with 80% sample and 80%
CpG site resampling and 1000 iterations of hierarchical clus-
tering based on a Pearson correlation distance metric.
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Survival analysis

Survival analyses were performed to evaluate the difference in
survival rate between more than two sample groups, such as AML
subtypes and different AML clusters resulting from separate
methylation profile in different genomic contexts. The Kaplan-
Meier survival plots, log-rank tests, and multivariate Cox regres-
sion models were performed using the R package ‘survival’.

2.6 | Functional enrichment analysis
Functional enrichment analysis at the GO and KEGG levels was
performed using DAVID Bioinformatics Resources (https:/
david.ncifcrf.gov/).17 The DAVID enrichment analysis was
limited to GO-FAT biological process (BP) terms and KEGG
pathways with the whole human genome as background.

3 | RESULTS
3.1 | Identification of the AML subtypes
based on the genome-wide methylation profiles

Identification of cancer subtypes make us more understandable
about the heterogeneity across cancer samples from the epige-
netic perspective and provide potential individualized thera-
peutic basis.'® Therefore, we attempted to identify the AML
subtypes with the genome-wide methylation profiles. To char-
acterize DNA methylation patterns across different genomic
contexts in AML samples, we exacted the beta values of CpG
sites at CGI, CGI shore, CGI shelf, and opensea contexts
separately, and constructed four corresponding methylation

A B

profiles. After data pre-processing described in the ‘Materials
and Methods’ section, we extracted the top 10% variable CpG
sites, that is, 13 986, 9223, 3145 and 13 226 sites in CGI, CGI
shore, CGI shelf and opensea contexts respectively. Next, we
identified the AML subtypes based on the four preprocessed
methylation profiles, using the method named COCA. " First,
3-4 clusters were obtained by consensus clustering with each
methylation profile. Second, the clustering results from single
level were integrated and finally three subtypes were identified
as the AML methylation subtypes, with 41, 64 and 35 samples
in subtypes 1, 2 and 3 respectively (Figure 1A,B).

3.2 | Samples in subtype 1 were with better
prognosis compared with subtypes 2 and 3

Many studies have shown that variances at the molecular
level lead to the different survival rate and different clini-
cal behaviors across samples. It is precisely because of the
clinical differences that it is of significance for us to iden-
tify the cancer subtypes. Therefore, we compared the sur-
vival rate between different AML subtypes. As a result, the
samples in subtype 1 showed significantly better progno-
sis, compared with the other two subtypes (P = 4.85e-05,
P42 = 6.65¢-06, P(143) = 2.91e-04, Figure 2A). Moreover,
we found the different clinical behaviors between these three
subtypes. Patients in subtype 2 were the eldest, followed by
the patients in subtype 3, while those patients in subtype 1
were the youngest (P(142) = 8.171e-07, P13, = 5.318e-03,
P g3 = 2.314e-02, Figure 2B). The result showed that elder
patients had worse prognosis than younger patients, this was
reasonable and consistent with the results of previous stud-
ies. 192! Expected for the survival rate and clinical behaviors,
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FIGURE 2 The clinical and molecular difference between patients of three subtypes. A, Kaplan-Meier survival curves for three methylation
subtypes of AML samples. B, Ages of AML patients in three subtypes. C, FLT3 mutation activity and Tumor Mutational Burden (TMB) of AML
patients in three subtypes. D, Frequency of arm level alterations in three subtypes. Bar graphs show the frequency of arm level amplifications (red)

and deletions (blue). E-F, Kaplan-Meier survival curves for younger (E) and elder (F) AML patients

we also compared the somatic mutations between the three
subtypes. As a result, we found that patients in subtype 3
were with more frequent FLT3 mutations compared with
subtypes 1 and 2 (P = 2.207e-02, 1.075e-04 respectively,
Figure 2C). What's more, TMB of subtype 3 samples tended
to be less than samples in subtypes 1 and 2 (P = .08, .06
respectively, Figure 2C). Then we evaluated the frequency
of arm level amplifications and deletions in three subtypes
(Figure 2D). The result showed that there was little change
in the overall copy number of the leukemia samples, but the
samples in subtype 2 and subtype 1 have more amplified and
deleted regions compared with subtypes 3. As somatic muta-
tions and CNV represent the genome instability of samples,**
we supposed that different methylation levels of samples led
to the variant genome instability and finally caused different
malignancy grade of AML. Taken together, patients of sub-
type 2 were eldest and had higher genome instability while
patients of subtype 3 were with more FLT3 mutations. These
factors were supposed to be the reasons of their poor progno-
sis. These results suggested that the progression of AML was
a complicated procedure that influenced by multiple factors,
such as mutation of cancer-related genes and age of patients.

To investigate whether the prognostic ability of the dif-
ferent methylation patterns was independent of other clinical

variables, we performed the multivariate Cox regression anal-
ysis. The variables in the regression included subtypes derived
from clustering of genome-wide methylation pattern, age,
gender and FLT3 mutation activity. We found that methyla-
tion subtypes and age were independent prognostic factors
(Table 1). Next, data stratification analysis was performed
for age. Patients with a younger (age < 50) and elder age
(age > 50) were stratified into younger group and elder group
respectively. For younger or elder patients, we further com-
pared the survival rate between three subtypes. As a result, we
found that methylation subtype could classify patients within
each age stratum into three subtypes with significantly different
survival rate (P ;&3 youngery = 4-75€-02, P18 younger) = 5-36€-
02, Figure 2E and P13 c1ger) = 6.04€-03, P1g0, clgery = 1.81€-
03, Figure 2F). This result suggested that the prognostic ability
of methylation subtypes was also age-independent.

3.3 | Integrating genome-wide methylation
facilitated the identification of AML subtypes

For the analysis of methylation profiles, most studies fo-
cused on the CGls while ignored the methylation pattern on
other genome re:gions.23'25 In this study, we used the COCA
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method to identify the AML subtypes based on the methyla-
tion profiles at different genomic contexts, including CGI,
CGI shore, CGI shelf, and opensea. As described above,
there was significant different survival rate between the three
subtypes. Next, we investigated the survival analysis for
the three clusters derived from consensus clustering of CGI
methylation profile. The result showed that although survival
rate were different between these three clusters (P = 3.82e¢-
02), the difference was much less than the three subtypes
derived from genome-wide methylation profiles (Figure 3A).

TABLE 1
classification of AML samples

Multivariate Cox regression analysis of the subtype

In addition, log-rank tests for other clustering results derived
from methylation profiles at CGI shore, CGI shelf, and open-
sea were all less significant than subtypes obtained based
on genome-wide DNA methylome (P = 1.28e-04 for shore,
5.33e-05 for shelf and 1.45e-04 for opensea, Figure 3B,D).
This result suggested that integrating genome-wide methyla-
tion profiles to identify the AML subtypes is necessary and
effective. On the other hand, statistic for the samples in dif-
ferent subtypes showed that most samples in each subtype
were clustered into same first-level clusters. This result sug-
gested that samples in the same subtype usually exhibited
similar methylation pattern across genome-wide CpG sites.

3.4 | Different methylation patterns between
three subtypes

Next, we analyzed the methylation levels between three
subtypes at different genomic contexts. The result showed
that samples of subtype 3 were genome-wide hypometh-
ylation compared with those samples of subtypes 1 and 2
(Figure 4A-D). We also found that samples of subtype 2
showed the highest methylation level at CGI shore, CGI
shelf, and opensea. In addition, the methylation values of
CGI in subtype 1 samples were found to be higher than
other samples (Figure 4A). This result was consistent
with other studies that patients with higher CGI meth-
ylation had better prognosis.%'28 Then we identified the
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significantly different methylation CpG sites between any
of the three subtypes and compared the related genes be-
tween four methylation contexts. The result showed that
different methylation related genes (DMRGs) were highly
specific (Figure 4E). To investigate the functional implica-
tion of the DMRGs, we performed the functional enrich-
ment analysis of GO and KEGG for protein-coding genes
with different methylation in three subtypes. The DMRGs
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was enriched in cell differentiation and leukemia-related
biological processes, such as hemopoiesis and myeloid
cell differentiation (Figure 5A). Despite of the difference
of DMRGs between four types of genome locations, we
found that DMRGs were all related to cancer pathways
(Figure 5A-D). In addition, we found that protein-coding
genes which were differently methylated between three
subtypes in opensea had a contact with diabetes mellitus
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(Figure 5D). A previous study had found that diabetes mel-
litus increased the risk of developing leukemia,” the result
in our study also found the correlation between diabetes
mellitus and leukemia.

Lots of studies have validated that DNA methylation
in promoter CGI regulated expression of transcripts.
Meanwhile, abnormal expression of mRNA/IncRNA plays
roles in the occurrence and development of cancers.>*3!
Therefore, we calculated the correlation between expres-
sion of mRNA/IncRNA and methylation of each related
CpG site in intervals + 1 kb around transcription start site
(TSS) of this mRNA/IncRNA, which is included in the
DMRGs at CGI context. In total, we identified 29 genes
whose expression whose expression was closely related
to CpG sites (R < —0.3, P < .01), including 2 IncRNAs
(HOXB-AS3 and LINCO01475) and 27 protein-coding
genes (Table 2). Among the 29 genes, 23, 4 and 2 genes
showed highest methylation and least expression in sub-
type 1, 2, and 3 samples. We found that HOX family
genes tend to be marker genes of subtype 1 samples with
highest methylation levels, including HOXA7, HOXAO9,
HOXA10, HOXB3. Previous studies had revealed that
high expression of HOX family genes contributed to the
progression of AML.**3 In our study, samples of subtype
1 showed lowest expression level and best clinical prog-
nosis. Combining these results, we supposed that aberrant
promoter region hypermethylation lead to down-regulated
expression of HOX genes and further result in the pro-
gression of AML and poor prognosis. Moreover, we found
that IncRNA HOXB-AS3 showed the similar tendency
of methylation and expression with HOX protein-cod-
ing genes, which suggested that HOXB-AS3 also may be
AML marker gene (Figure 6A-C). In addition, LINC01475
was found to be another potential AML marker IncRNA
(Figure 6D-F). Taken together, we identified a few AML
marker genes with aberrant methylation pattern and regu-
lation on transcript expression, which might be potential
targets for clinical therapy.

3.5 | Integration of genome-wide
methylation pattern and age improved the
prognostic ability for AML patients

Many studies have indicated that clinical factors affect the
prognosis of cancer patients.34 In our study, we also found
that despite of the different methylation pattern, age also in-
fluenced the survival rate of AML patients. Elder patients
showed significant worse prognosis than younger patients.
In our previous analysis, we found that patients of subtype
1 showed significant better prognosis. In addition, patients
of subtypes 2 and 3 showed significant different methylation
pattern and clinical behaviors, but not significant different

TABLE 2 Protein-coding and IncRNA genes and promoter CpG
sites that regulate their expression

Gene symbol cg
HOXB-AS3 cg00711072, cg12744859, cg19047868
LINCO01475 cg00158122, cg02798576, cg03036592,
cg04837832, cg04972745
DOCK1 cg18932726
cg13575298
GLBI1L2 ¢g10700424
cg22491680
HOXA10 cg09411999
HOXA7 cgl1165752, cg17642941
HOXA9 ¢g09411999, cg15506609, cg25999578
HOXB3 cg02311193
cg20104776
LRRC49 cgl8517195
€g22280038
MARVELD2 ¢g05901765, cg06418871, cg06998965,
cg12687157, cg17019292, cg18663063
MEIS1 ¢g06994420, cg09535924, cg10464312,
cg12082609
cg08077673
MLXIPL cg10092878
€g22331200
MPVI17L cg04981088
NOXAI cg04837071
SPAG17 cg16240368
THAP10 cgl18517195
TMEM204 cg10465839
TMTCI cgl10512875
UNC80 cg04100532, cg09438147, cg24938830
cgl1625868
cg06454760, cg08701621, cg18430128
cg14732998

cg10132208, cg24368848, cg25537993

Note: Genes colored with green have highest methylation level in subtype 1
samples (lowest methylation in subtype 3, dark green; lowest methylation in
subtype 2, light green). Genes colored with orange have highest methylation
level in subtype 2 samples (lowest methylation in subtype 3, dark orange; lowest
methylation in subtype 1, light orange). Genes colored with red have highest
methylation level in subtype 3 samples (lowest methylation in subtype 2, dark
red; lowest methylation in subtype 1, light red).

prognosis. Therefore, we integrated the patient age and meth-
ylation pattern, and classified samples of subtypes 2 and 3
into elder (subtype 23 & elder) and younger (subtype 23
& younger) groups. The survival analysis between subtype
1, subtype 23 & elder and subtype 23 & younger samples
showed more significant survival difference (P =2.24e — 07,
Figure 7). Taken together, these results indicated that cancer
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progression was related to both molecular changes and clini-
cal factors. Combining the molecular patterns and clini-
cal factors will achieve more precise clinical outcomes for
patients.

4 | DISCUSSION

To investigate the role of methylation in cancers, most stud-
ies focused on the single genome context, such as CGI, while
neglected CpG sites in other regions.23'25 In the present
study, we integrated the genome-wide CpG methylation pro-
files and identified the methylation subtypes for AML sam-
ples using COCA method. Analyzing the clinical outcomes
for samples of the three subtypes, we found that subtype 1
showed significantly better prognosis and subtypes 2 and 3
have worse prognosis. Then we analyzed the survival rate
of AML sample clusters derived from consensus clustering
based on the CGI methylation profile. The result showed
that although there was survival difference between the three
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FIGURE 7 The Kaplan-Meier survival curves for samples
classified by methylation subtype and patient age
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sample clusters, the prognostic ability of CGI clusters was
declined apparently. In addition, we found that methylation
patterns on CGI shore, CGI shelf, and opensea contexts all
showed significant difference between subtypes 1, 2, and 3.
Further functional enrichments of protein-coding genes re-
lated to four contexts were all associated with cancer progres-
sion. These results suggested that integrating the methylation
profiles on genome-wide to identify the cancer subtypes was
necessary.

Through multivariate Cox regression model analysis,
we found that not only methylation subtypes but also
patient age had the prognostic ability. After stratifying
patients into younger and elder groups, we tested the
prognostic ability of methylation subtypes in the two
groups with different ages. The result showed that al-
though elder patients had worse survival rate than
younger patients,lg'21 those samples classified into sub-
type 1 still had better prognosis than subtypes 2 and
3. Combining patient age and methylation subtypes,
we found out a better classification for AML samples.
Samples of subtype 1 were with the best prognosis,
followed by samples of subtypes 2 and 3 with younger
age, and other samples showed the worst prognosis.
Together, these results indicated that combining clinical
factors and molecular variables was better prognostic
strategy than single factor.

Overall, we identified the AML methylation subtypes
based on the genome-wide methylation profiles and further
analyzed the different methylation patterns and clinical
outcomes between these methylation subtypes. In addition,
we found the different CpG sites across the three subtypes
and their corresponding genes. Functional enrichment anal-
ysis revealed the cancer-related progresses of these genes.
Further expression and methylation analysis revealed the
marker genes of AML subtypes. These findings provide
additional useful data for the development of clinical ther-
apeutic targets against AML.
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