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ABSTRACT 

DISSECTING THE BIOLOGY AND CLINICAL IMPLICATIONS OF ABERRANT DNA 

METHYLATION IN ACUTE MYELOGENOUS LEUKEMIA 

 

Andrew David Kelly 

Doctor of Philosophy 

Lewis Katz School of Medicine at Temple University, 2017 

Doctoral Advisory Committee Chair: Jean-Pierre Issa, MD 

 

Acute myeloid leukemia (AML) is a highly lethal malignancy characterized by unchecked 

expansion of immature myeloid blasts. While certain genetic and cytogenetic aberrations 

have been associated with chemotherapy response and disease risk, clinical outcomes 

remain heterogeneous. AML harbors relatively few somatic mutations compared to other 

cancers, however, it shows marked enrichment for epigenetic regulator alterations, and 

has been shown to harbor DNA methylation defects. My focus has been to dissect these 

epigenetic defects using high-throughput DNA methylation data. I first characterized two 

genome-wide hypermethylation signatures in AML: AML-CpG island methylator 

phenotype (A-CIMP+), and IDH-associated CIMP (I-CIMP+). While I-CIMP+ leukemias 

showed significant enrichments for mutations in IDH1 or IDH2, A-CIMP+ cases were 

mutation independent, and were best defined by their epigenetic defects, and associated 

transcriptomic changes. Importantly, A-CIMP+ leukemias had relatively favorable clinical 

outcomes, while I-CIMP+ patients did not. I next sought to characterize epigenetic defects 

involving demethylation of normally methylated genomic regions. I identified two distinct 

demethylator phenotypes (DMPs): DMP.1+ and DMP.2+. DMP.1+ AML was largely 

defined by mutations in DNMT3A, FLT3, and NPM1, while DMP.2+ leukemias harbored 

favorable-risk genomic rearrangements and a distinct gene expression profile. Both DMPs 

also carried prognostic information in AML; DMP.1+ cases had poor outcomes, while 
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DMP.2+ patients tended to have favorable survival. Using both CIMP and DMP signatures, 

I then built an integrated epigenetic model for AML prognosis I termed MethylScore. The 

MethylScore algorithm was prognostic independent of age and cytogenetic risk in 

multivariate Cox regression models, suggesting that DNA methylation defects may 

augment existing clinical tools for risk stratification, and/or treatment selection. Finally, I 

explored whether DNA methylation signatures and genetic mutations could serve as 

biomarkers of response to epigenetic therapy, and found that DNA hypermethylation 

correlated with poor overall survival, and a gene mutation profile was associated with lack 

of complete remission after treatment with a DNA methylation inhibitor. These data provide 

evidence of distinct epigenetic signatures in AML that define transcriptionally, genetically, 

and clinically distinct populations that should be evaluated in future translational/clinical 

studies. 
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CHAPTER 1. INTRODUCTION – EPIGENETICS AND CANCER 

 

Epigenetics can be broadly defined as the biological mechanisms governing cellular 

identity and heritable phenotypes arising from characteristics other than DNA sequence 1, 

2. These distinct phenotypes arise as a result of epigenetic regulation of gene expression, 

which falls into several major categories: DNA methylation, histone modification, and non-

coding RNA-dependent regulation (Table 1). 
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Table 1  
 
Types of epigenetic modifications 

Modification Functional Association 

DNA methylation  

Promoters  
Promoter CpG islands Irreversible transcriptional repression 

Promoter non-CpG islands Inversely associated with transcription 

Enhancers Inversely associated with transcription 

Gene bodies Positively associated with transcription 

Intergenic Heterochromatin/repeat silencing 

Histone modifications  

H3K4me
1
 Active enhancers and promoters 

H3K4me
2/3

 Active promoters 

H3K9me
1
 Active promoters 

H3K9me
2/3

 Silenced promoters 

H3K27me
1
 Active promoters 

H3K27me
2/3

 Silenced promoters 

H3K36me
3
 Transcribed gene bodies 

H2B.K5me
1
 Transcribed gene bodies 

H4K20me
1
 Active enhancers and promoters 

H3K79me
2
 Active transcriptional elongation 

H3K9Ac Active promoters 

H3K27Ac Active enhancers and promoters 

H2A.R3me
2
 Active promoters 

H3R2me
2
 Active transcription 

H3R8me
2
 Silenced promoters 

H3R17me
2
 Active transcription 

H3R42me
2
 Active transcription 

H4R3me
2
 Unclear association with transcription 

Variant histones  

H2A.X DNA repair machinery recruitment 

H2A.Z 
Active promoters and DNA repair machinery recruitment 

macroH2A Cellular differentiation 

H3.3 Active transcription 

Non-coding RNAs  

miRNAs Repression of gene expression via transcript destabilization or 
translational repression 

RNAi 
Repression of gene expression via transcript destabilization; 
maintenance of histone and DNA methylation states (shown in yeast) 

lncRNAs 
Regulation of gene expression via interaction with histone modifiers, 
hybridization with mRNA 
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1.1. DNA methylation 

 

1.1.1. Characteristics of DNA methylation 

 

Methylation refers to the biochemical process of adding a methyl group to a molecule. In 

mammals, DNA methylation occurs predominantly at the 5 position of cytosine residues 

within CG dinucleotides, and is distributed in specific genomic compartments 3: CpG 

islands are regions of high CG dinucleotide density that lie near the promoters of up to 

70% of genes, and are unmethylated under normal conditions 3-5. CpG island methylation 

status has been causally linked to transcription regulation, where methylated CpG islands 

lie upstream of transcriptionally repressed genes, and unmethylated CpG islands lie 

upstream of transcriptionally active (or ready) genes (Figure 1, Figure 2A and B) 6. Under 

normal conditions, non-CpG island sites have high levels of methylation throughout the 

genome 7-9. Methylated CpG islands characterize instances of irreversible gene silencing 

in adult cells, including X-inactivation, imprinting, and germ cell-specific genes (Figure 1, 

Figure 2B). Methylation of CpG sites outside of islands is also associated with 

transcriptional regulation; for example, methylation within gene bodies is positively 

correlated with expression, methylation within gene promoters is associated with 

repression and CpGs are often unmethylated at active enhancers 10, 11. However, non-CGI 

methylation is dynamically regulated and may serve as a rheostat of expression rather 

than a mechanism of permanent regulation. 
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Figure 1. Model of epigenetic regulation of gene expression at promoters. Epigenetic 
marks including histone modification and DNA methylation at promoters collectively act as 
a molecular switch that controls gene expression. 5mC – 5-methylcytosine, Me – methyl, 
Ac – acetyl, HDM – histone demethylase, KMT – histone lysine methyltransferase, HDAC 
– histone deacetylase, HAT – histone acetyltransferase, DNMT – DNA methyltransferase, 
TET – ten-eleven translocation family member. 
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1.1.2. Regulation of DNA methylation 

 

DNA methylation status is regulated by several enzymes that “write”, and “erase” CG 

methylation, including the DNA methyltransferases (DNMTs), and the ten-eleven-

translocation (TET) family of proteins, respectively (Figure 1, Table 2). There are three 

DNMTs in humans, all of which require S-adenosyl-methionine (SAM) as a methyl donor. 

DNMT1 is primarily a “maintenance methyltransferase” due to its affinity for hemi-

methylated (newly synthesized) DNA; it acts during cell division to copy methylation to 

each newly synthesized strand 12, 13. In contrast, DNMT3a and DNMT3b, show no 

preference for hemi-methylated DNA and thus are “de novo methyltransferases” able to 

establish new methylation states on unmethylated DNA 14.  

The TET family of proteins are critical players in demethylation; to perform their catalytic 

functions TET enzymes require Fe2+ and α-ketoglutarate as co-factors 15. In the presence 

of these cofactors, TETs convert 5-methylcytosine to 5-hydroxymethylcytosine, 5-

formylcytosine, and 5-carboxylcytosine. These oxidized bases are poor substrates for 

DNMT1 and are copied as unmethylated during cell division; some oxidized cytosines may 

also be converted back to cytosine through a base-excision repair-dependent pathway 15-

18.   

In addition to proteins involved in the writing and erasing of DNA methylation, there are 

“reader” proteins that recognize and bind to methylated DNA. These related proteins all 

contain a methyl-CpG binding domain (MBD), and most of them play a mechanistic role 

in reducing transcription of methylated gene promoters through direct repression and the 

recruitment of silencing complexes that modify histones and reduce accessibility to 

transcription factors  8, 19. 



6 

 

 

1.2. Histone modifications 

 

1.2.1. Characterization of histone modifications 

 

In addition to DNA methylation, histone proteins play a critical role in the epigenetic 

regulation of gene expression (Figure 1). Histone tails contain lysine and arginine residues 

which can be covalently modified, leading to different regulatory effects depending on the 

specific residue involved and type of covalent modification. Di- and trimethylation at lysine 

4 of histone H3 (H3K4me2/3) often occurs near the transcription start site of actively 

transcribed genes, while monomethylation (H3K4me1) at the same residue is associated 

with enhancer regions (Figure 2) 20, 21. Monomethylation at lysine 9 or lysine 27 of histone 

H3 (H3K9me1, H3K27me1) is also associated with actively transcribed genes, while 

H3K9me3 and H3K27me3 have been linked to silencing of transcription (Figure 1, Figure 

2) 20-22. Trimethylation of lysine 36 in histone H3 (H3K36me3) can often be found 

downstream of transcription start sites of actively transcribed genes, as can 

monomethylation of lysine 5 of histone H2B (H2BK5me1) 20. Finally, monomethylation of 

lysine 20 on histone H4 (H4K20me1) is associated with active transcription at both 

enhancer and promoter sequences, while trimethylation at this amino acid is associated 

with transcriptional repression in both contexts (Figure 2C, and D) 22. Histone lysine 

residues can also show acetylation that is generally associated with an open chromatin 

conformation which allows for active gene expression. In particular, acetylation of lysine 

27 on histone H3 (H3K27Ac) at both promoter and enhancer regions has been strongly 

associated with active transcription 22, as has H3K9Ac. Acetylation of other lysine residues 
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has also been linked to active transcription, although to a lesser degree 22. Other histone 

marks at different amino acids include dimethylation of arginine residues (Table 1), which 

are largely associated with active transcription of specific gene sets, although they are not 

as well-characterized as lysine modifications 20, 23-27.  
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Figure 2. Epigenetic features in different genomic compartments. Epigenetic 
modifications present at an active (A), and inactive (B) promoter; an active (C), and 
inactive (D) enhancer; and within an actively transcribed (E), and non-transcribed (F) gene 
body as determined by ChIP-seq analysis. 

 

 

  



9 

 

1.2.2. Regulation of histone modifications 

 

As with DNA methylation, histone modifications are established and maintained by specific 

sets of enzymes with “writing,” “reading,” and “erasing” functions (Figure 1, Table 2). The 

histone mark writers include the protein families of histone lysine methyltransferases 

(KMTs), and histone acetyltransferases (HATs), while the erasers include histone 

demethylases (HDMs), and histone deacetylases (HDACs). The histone mark readers 

consist of the bromodomain-containing proteins, Tudor domain containing proteins, 

chromodomain proteins, MBT domain proteins, and PHD fingers. 

KMTs catalyze methylation reactions on specific lysine residues of histone proteins 

resulting in mono-, di-, or trimethylation states. The vast majority of histone KMTs contain 

a conserved SET domain, and utilize SAM as a cofactor 28, 29. Recent data have elucidated 

multi-protein complexes responsible for catalyzing specific histone methylation reactions, 

and highlight the specificity of KMTs for particular histone marks 30-32. H3K27 methylation, 

for instance, depends on the activity of EZH2 within the polycomb repressive complex 31. 

Similarly, H3K4 methylation is dependent on the MLL/COMPASS complex 30. The notable 

exception to SET domain-containing KMTs is the H3K79-specific enzyme DOT1L, which 

does not contain a SET domain 33, 34. Numerous aberrations involving KMTs have been 

reported in cancer, and as discussed in Section 3, are an active area of investigation for 

novel therapeutics 35. 

Histone acetyltransferases (HATs) catalyze acetylation reactions on specific amino acids 

of histone proteins, most often on the side chains of lysine residues. There are three major 

protein families of nuclear HATs including the GNAT, p300/CBP, and MYST families 35, 36. 

The HATs are highly conserved, and as with KMTs, are often present in complex with 
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other proteins 37-40. Importantly, mutations in HATs have been reported in a number of 

malignancies 35. 

The removal of acetyl groups from histone proteins is catalyzed by histone deacetylases 

(HDACs). There are two major families of HDACs including the classical HDACs, and the 

sirtuins 36. The HDACs can be further subdivided into four distinct classes. The classical 

HDACs include HDAC1-10, and comprise all of the HDACs belonging to class I, class II, 

and class IV. The sirtuin family members are SIRT1-7, and comprise class III. Classical 

HDACs require Zn2+ as a cofactor, while the sirtuins require NAD+ 36. Like HATs and KMTs, 

in addition to necessary cofactors, HDACs often must act as components of multi-protein 

complexes to perform their function 41-43. HDAC1 and HDAC2, for instance, interact with 

RbAp48, and RbAp46 to form the functional nucleosome remodeling and histone 

deacetylation (NuRD) complex 43. Another example is seen in HDAC3 which must 

complex with AKAP95 and HA95 to deacetylate histone H3 41. 

The final histone mark eraser to discuss are the HDMs, which catalyze demethylation 

reactions on specific methylated histone amino acid residues. There are two known 

classes of HDMs in humans, including LSD1 which is dependent on FAD, and the Jumonji 

family of demethylases which, like TET family members, are Fe2+, and α-ketoglutarate 

dependent 44-46. Histone demethylases appear to act in a substrate-specific manner, 

although the mechanisms that manifest this specificity are still under investigation 45, 47, 48. 

As discussed below, LSD1 and other histone demethylases are currently being studied as 

potential therapeutic targets in cancer 35, 49-52. 

The readers of histone modifications are specific to the type of epigenetic marks present; 

the set of proteins reading methylation is distinct from those that read acetylation. 

Acetylation of histones is read by the bromodomain containing proteins, which are highly 

conserved, and consist of 46 distinct proteins in humans 53. Although other domains in 
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these proteins are very diverse, the fold region of the bromodomains themselves are 

highly homologous across different proteins 53. Importantly, the affinity of bromodomain 

containing proteins for specific acetylated lysine residues is not particularly strong, and 

therefore other interaction domains are likely key to their activities 53. As with other histone 

modifying proteins, inhibitors of acetylation readers are being developed and tested for 

the treatment of certain cancers 54, 55. 

An analogous group of proteins involved in reading histone methylation fall into several 

classes 56. The Tudor domain containing proteins, chromodomain-containing proteins, 

MBT domain proteins, and PHD fingers have all been implicated in reading histone 

methylation 56. Tudor, and chromodomains bind preferentially to trimethylated lysine 

residues, while MBT readers bind preferentially to mono- and dimethylated lysines, and 

PHD fingers act on H3K4me3 modifications 57-68. Functionally, histone methylation readers 

act to promote either repression or activation of gene transcription, depending on the 

specific methylation mark and reader 56. Taken together, the set of histone modifications 

and machinery involved underscore the complexity of epigenetic regulation, and offer 

many candidate hypotheses regarding mechanisms of tumorigenesis, and approaches for 

novel drug development. 
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Table 2  
 
Epigenetic regulators 

Modification 
Type 

Writers Readers Erasers 
Example Genes Mutated in 

Cancer 

DNA 
methylation 

DNA 
methyltransferases 
(DNMTs) 

Methyl binding 
domain proteins 
(MBDs) 

Ten-eleven 
translocation 
family (TETs) 

DNMT3A, DNMT3B, TET1, 
TET2 

Histone modifications 

Histone 
acetylation 

Histone 
acetyltransferases 
(HATs) 

Bromodomain and 
extra terminal 
(BET) proteins 

Histone 
deacetylases 
(HDACs) 

CREBBP, KAT3B, KAT6A, 
KAT6B, BRD1, BRD2, BRD3, 

BRD4, TRIM33, PBRM1 

Histone 
methylation 

Histone lysine 
methyltransferases 
(KMTs) 

PHD finger (PHF) 
and 
chromodomain-
containing (CHD) 
proteins 

Histone 
demethylases 
(HDMs) 

MLL1, MLL2, MLL3, EZH2, 
KDM5A, KDM5C, KDM6A, 

CHD1, CHD3, CHD4, CHD5, 
CHD7, CHD8, EHMT1 
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1.2.3. Histone-DNA interactions 

 

Regulation of gene expression depends on the interactions between DNA and the histone 

proteins around which it is wrapped. Generally, histone modifications dictate the density 

of nucleosomes and their location with respect to transcription start sites. Nucleosome 

sliding into or out of TS sites is one of the mechanisms that integrate the effects of various 

histone modifications on gene expression. Furthermore, certain variant histone proteins 

are associated with different epigenetic states (Table 1), including H2A.Z and H3.3 which 

are associated with active transcription, and H2A.X, which is associated with DNA double 

strand breaks 69. There are also complex interactions between DNA methylation and 

histone modifications. For example, DNA methylated promoters are mechanistically linked 

to histone deacetylation and are often associated with H3K9me2, while there is a general 

inverse correlation between DNA methylation and PCG mediated H3K27 methylation 70. 

Recent data extend these findings by suggesting that TET1 preferentially binds to 

acetylated regions regulated by the histone modifying enzyme HDAC2, and subsequently 

induces demethylation at promoters of differentiation-related genes. These data highlight 

both direct and indirect interactions between DNA methylation and histone modifications 

in specific gene regulation, and the importance of crosstalk across epigenetic layers of 

control 71. 

 

1.3. Non-coding RNAs 

 

In addition to DNA methylation and histone modifications, non-coding RNA species 

comprise another layer of epigenetic regulation of gene expression. MicroRNAs (miRNAs) 
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are short RNA molecules which exert their regulatory effects either through mRNA 

destabilization or translation inhibition 72-75. MiRNA biogenesis is dependent on several 

proteins including DICER, DROSHA, and DGCR8. In addition, miRNA regulatory activity 

requires Argonaute family proteins, which collectively form a complex known as the RNA-

induced silencing complex (RISC) 72, 76. The downstream effect of this process is 

modulation of gene expression at the transcript and protein level. A related mechanism 

known as RNA interference (RNAi) was discovered in yeast which utilizes the same RISC 

components to silence genes at the transcript level 77. Interestingly, RNAi was shown to 

have critical importance in maintaining histone H3K9 methylation, although it is unclear 

whether this mechanism exists in mammals 77. Long-non-coding RNAs (lncRNAs) have 

more recently been identified to exert regulatory effects on gene expression through 

multiple mechanisms 78-85. Dosage compensation of the X-chromosome is known to 

involve accumulation of a lncRNA, Xist, and lncRNAs have also been shown to modulate 

transcript abundances via a sequence complementarity-based “sponge” effect 80, 82, 84, 85. 

Recent data have shown interactions between lncRNAs and histone modifying enzymes 

(e.g. for the HOTAIR lncRNA) and lncRNAs have been found to be important to enhance 

their function, once again highlighting the cross-talk and intricacies of epigenetic regulation 

81. 

 

1.4. Importance of epigenetic regulation of organism development 

 

Epigenetic mechanisms are critically important in development and gene regulation 

throughout life 11. The importance of DNA methylation in normal development is 

highlighted by observations that mice deficient in Dnmt3a die shortly after birth, and 
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homozygous Dnmt3b-deficiency is embryonic lethal 14. In further dissecting epigenetic 

development mechanisms, it was shown that DNA from differentiated nuclei, transferred 

to oocytes, undergoes erasure of DNA methylation, and that global DNA methylation 

undergoes reprogramming in germ cells 86-88. Epigenetic inactivation of pluripotency genes 

by H3K9me2 and H3K9me3 has been demonstrated during early embryogenesis 89. A 

distinct class of genomic loci, known as imprinted regions, rely on DNA methylation to 

differentially express transcripts from maternal or paternal alleles, and these imprints are 

erased and rewritten in germ cells 86. Highlighting the importance of accurate epigenetic 

reprogramming of germ cells, are the well-established developmental and cognitive 

syndromes caused by discrete imprinting defects, which include Prader-Willi syndrome 

and Beckwith-Wiedemann syndrome 90, 91. Collectively, these data suggest that precise 

and complex epigenetic switches are required for normal physiology.   

 

2. Epigenetic changes in cancer 

 

Given the clear importance of epigenetic regulation in normal development and physiology 

– and in particular, the maintenance of cellular differentiation states – it is not surprising 

that the epigenome is altered in many cancers. Alterations involving all aspects of 

epigenetic regulation have been reported, spanning from DNA methylation to histone 

modifications and aberrant ncRNA expression. One interesting theme that has emerged 

is the prevalence of epigenetic aberrations in hematologic malignancies, highlighting their 

unique biology. In recent years novel drugs have taken aim at faulty epigenetic machinery 

and hold promise as effective cancer therapies in certain settings. Below we will discuss 
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what is known about epigenetic changes in cancer, and how they might be exploited 

therapeutically. 

 

2.1 Aberrant DNA methylation in cancer  

 

2.1.1. Observed DNA methylation changes in cancer 

 

DNA methylation changes observed in cancer have now become widely accepted. The 

first reports of global hypomethylation in cancer were published in 1979 in rat liver tumors, 

and subsequently this phenomenon was shown to occur largely in gene bodies and at 

repetitive DNA elements 92-94. Hypermethylation of tumor suppressor gene (TSG) 

promoters, leading to their silencing, has also been well-established in human tumors 95-

97. The first report of epigenetic TSG silencing in cancer demonstrated promoter 

methylation-associated loss of RB1 expression in retinoblastoma 98. Shortly after, the 

same mechanism was implicated in lost VHL expression in clear-cell renal carcinoma 96. 

In addition, p16 expression was shown to be lost via CpG island methylation in cell lines 

and primary tumors derived from breast, prostate, colon, lung, and renal cancers 95.  

Building on these observations, it was discovered that hypermethylation of a distinct 

subset of genes occurs in some colorectal tumors, defining a CpG island methylator 

phenotype (CIMP) 99. CIMP+ tumors in the colon were shown to have distinct and 

consistent biological characteristics, including an association with BRAF mutations, 

MLH1, and CDKN2A (p16) methylation, and microsatellite instability 99. Since the initial 

report of CIMP+ colorectal cancer, hypermethylator phenotypes have been described in 
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almost all malignancies 100-102. The consistent nature, and tumor-suppressor function of 

hypermethylated genes in CIMP+ cancers suggest that DNA methylation may play a 

causal, rather than coincidental, role in cancer formation providing a selective advantage 

for tumor growth. Of clinical importance, patients with CIMP+ cancers have been reported 

to have different outcomes in different cancer settings. Patients with CIMP+ colon cancer, 

AML, or glioma have been reported as having favorable prognoses, while CIMP+ renal 

cell carcinoma is associated with a relatively poor outcome 100, 101, 103. 

In addition to CIMP, extensive data have supported the notion of DNA methylation 

changes associated with normal aging playing a role in cancer. Genes that gain 

methylation with age are enriched for genes that gain methylation in cancer 99, 104, 105. In 

murine models, and human samples, an acceleration of age-related DNA methylation 

changes (usually hypermethylation, but some instances of hypomethylation) has been 

observed in MDS, and AML 104. Many of these genes are involved in normal development 

and cellular differentiation 104. Also of note, many age-associated CpG sites consistently 

modified in cancer are associated with specific genomic aberrations, many of which – 

including WT1, and IDH2 – are known to regulate DNA methylation 105. These 

observations, along with the observation that non-malignant clonal hematopoiesis with 

mutations in epigenetic regulators occurs in healthy aging adults at risk of cancer, further 

supports a causal role for DNA methylation in cancer 106. 

 

2.1.2. Causes of aberrant DNA methylation in cancer 

 

Although still under active investigation, some of the causes of altered DNA methylation 

have been recently elucidated. Specific non-synonymous point mutations in isocitrate 
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dehydrogenase (IDH) 1 and 2 have been observed in AML and in high-grade gliomas 102. 

Under normal conditions, IDH1/2 catalyzes the conversion of isocitrate to α-ketoglutarate 

in the citric acid cycle. However, the R132H mutation in IDH1 and both the R140Q, and 

R172K mutations in IDH2 have been shown to alter this enzymatic activity such that 

isocitrate is converted to 2-hydroxyglutarate (2-HG) 107. Recent data support the role of 2-

HG in promoting hypermethylation through inhibition of TET family members 102, 107, 108. 

Not surprisingly, mutations in TET family proteins themselves have also been shown to 

cause distinct aberrant DNA methylation changes 109-111. It remains unclear how specific 

genomic compartments are targeted for hypermethylation in these contexts, however, 

some recent data suggest that perhaps specific proteins interacting with TET enzymes 

(e.g. WT1 interactions with TET2) may play a role 112, 113. In addition to hypermethylation-

associated mutations in IDH1/2 or TET family members, the de novo methyltransferase, 

DNMT3A, is mutated in up to 30% of AML cases resulting in profound hypomethylation, 

and some recent data suggest that these mutations confer a poor clinical prognosis 114, 

115. Open questions in this area include whether there are other causes of aberrant DNA 

methylation patterns in cancer, and how aberrations in the different epigenetic writers and 

erasers manifest specific patterns. 

 

2.2. Aberrant histone modification in cancer 

 

Changes in the transcriptional program seen in cancer can arise as a result of DNA 

methylation changes, but indeed, histone modifying enzymes have also been implicated 

in a number of cancer settings (Table 2). Translocations and mutations involving the HAT, 

CBP, for example, have been observed in certain subtypes of AML, B-cell lymphoma, 
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colorectal, breast, and gastric cancer 37, 116-118. In particular, CBP is a frequent fusion 

partner in MLL-rearranged AML 37, 116. Another example of a HAT aberration implicated in 

cancer is the MYST family member MOZ, which forms a fusion product with TIF2 in AML 

119. Recent data have also supported a role for MOZ in leukemia and lymphoma 

development, implicating translocations that lead to aberrant activation of MYC 120, 121. 

HDACs have also been recognized as important epigenetic modulators in cancer 122. In 

AML HDACs have been shown to modulate gene expression in response to the known 

fusion gene PML-RARα 123. In this disease setting HDACs clearly promote an altered 

transcriptional program that may be abrogated with HDAC inhibition 124, 125. Aberrant 

HDAC interactions with BCL6 have also been reported in other settings, and clinical data 

using HDAC inhibitors in lymphoma have shown efficacy 126, 127. There are several HDAC 

inhibitors approved by the FDA for cancer indications which are described in Section 3. 

In addition to acetylation regulators, there have been a number of histone 

methyltransferases and demethylases demonstrated to play a role in various cancers 35. 

Some of the best studied KMTs in cancer include the MLL family of genes, which are 

fusion partners in a distinct subtype of MLL-rearranged AML 128, 129. In addition, mutations 

and other aberrations in the histone methyltransferase EZH2 have been reported in 

myeloid, lymphoid, and solid epithelial malignancies 130-134. Although the precise 

mechanisms remain under investigation, the H3K79 methyltransferase, DOT1L, has also 

been reported as essential in MLL-rearranged leukemia, and inhibitors of DOT1L have 

shown promise in pre-clinical studies of AML 135-137. Finally, histone demethylases have 

recently emerged as mechanistic contributors to cancer phenotypes, with mutations in 

Jumonji family proteins being reported in several tumor types 35. The non-Jumonji family 

demethylase, LSD1 has also been implicated in hematologic malignancies, and its 
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mechanistic role remains under active study 49, 50, 138. As discussed below, histone 

methyltransferase and demethylase inhibitors are currently being tested in clinical trials. 

The final category of histone modifiers known to be altered in cancer include the reader 

proteins. The most prominent example of which is in nuclear protein in testis (NUT) midline 

carcinoma where aberrations involving BRD3 or BRD4 are often observed 139. 

Mechanistically, it has been shown that fusion genes involving BRD3 or BRD4 and NUT 

are critical to maintaining cells in an undifferentiated state 140. Moreover, inhibition of these 

fusion proteins was shown to cause cell cycle arrest and differentiation 140. Although 

bromodomain-containing proteins are most strongly associated with NUT midline 

carcinoma, data in other settings has suggested that inhibiting these proteins may dampen 

the tumorigenic activity of MYC, and represent a promising therapeutic avenue 141, 142. 

 

2.3. Non-coding RNA expression in cancer 

 

Aberrant ncRNA expression has been reported in many cancers, and is now widely 

accepted as one mechanism of tumorigenicity. Since their discovery there have been 

thousands of articles detailing changes in expression of various miRNAs in cancer 72, 74. 

MiRNAs can be tumor suppressors, or oncogenes, depending on their target transcripts 

and cellular contexts; oncogenic miRNAs target tumor suppressor mRNAs, while tumor 

suppressor miRNAs target oncogenic mRNAs 72, 75. Although miRNAs demonstrate tissue 

specific activities in the context of cancer, certain clusters have relatively consistent 

functions as either tumor-suppressors, or tumor-promoters 143. One example is seen in the 

oncogenic miR-17-92 cluster, which has been reported as over-expressed in lymphoma, 
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breast, lung, gastric, colorectal, and pancreatic cancers, and was causally linked to 

inactivation of tumor suppressor genes including BCL2L11, PTEN, and CDKN1A 72. 

LncRNAs have a less established role in cancer, but recent data highlight their potential 

importance 79, 144. One interesting example is seen with HOTAIR-mediated targeting of the 

polycomb repressive complex 2 (PRC2) in breast and colorectal cancer 35, 81, 145. Another 

example is seen in non-small cell lung cancer and gastric cancer, where the lncRNA 

ANRIL is up-regulated, leading to PRC2 recruitment to tumor suppressor gene loci 146. 

These data suggest that lncRNAs can mediate neoplastic phenotypes through a variety 

of mechanisms, including modulation of other epigenetic regulators. 

 

3. Altering the cancer epigenome: Epigenetic therapies and precision medicine 

applications 

 

In recent years it has become apparent that targeting the epigenome of cancers may be 

a viable therapeutic strategy 147. Over the past decade novel epigenetic therapies have 

started making their way to the clinic (Table 3, 4). The first FDA approved epigenetic 

therapy was azacitidine. Along with decitabine, these DNA methyltransferase inhibitors 

are now approved for certain indications in MDS and AML. More recently, HDAC inhibitors 

such as vorinostat, belinostat, and panobinostat have been FDA approved for treatment 

of peripheral cutaneous T-cell lymphoma, and many other HDAC inhibitors are currently 

in clinical trials for a range of malignancies (Table 3, 4). In this section, we will discuss the 

state of epigenetic therapies falling into discrete categories based on their targets. 
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Table 3  
 
FDA approved epigenetic therapies for cancer 

Compound Target Approved Cancer Indication 
DNMT inhibitors   

Azacitidine
†
 DNMTs AML, MDS 

Decitabine
‡
 DNMTs AML, MDS 

HDAC inhibitors   

Belinostat HDAC classes I, II PTCL 
Panobinostat HDAC classes I, II, IV Multiple myeloma 
Romidepsin HDAC class I CTCL, PTCL 
Valproic Acid* HDAC classes I, IIa   

Investigated in multiple cancer 
types 

Vorinostat HDAC classes I, II, IV CTCL 
LSD1 inhibitors   

Tranylcypromine* LSD1 
Investigated in multiple cancer 
types 

*FDA approved for non-cancer indication 
†
Approved in the US for AML in patients with 20%-30% blasts 

‡
Approved in the US for MDS, and in Europe for AML in patients 65 and older 
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3.1. DNA methyltransferase inhibitors 

 

DNMT1 inhibition is the principal mechanism by which DNA hypomethylating agents act 

148. There are currently two FDA-approved DNMT1 inhibitors: azacitidine, and decitabine. 

Both of these agents are approved for the treatment of patients with myelodysplastic 

syndromes, and are considered a low-intensity treatment option in some patients with 

AML. Ongoing clinical trials of the novel DNMT1 inhibitor, guadecitabine (SGI-110) have 

shown promise in AML and MDS, with a recent phase 1 study showing induced DNA 

hypomethylation, and clinical responses in 6 of 74 AML patients, and 6 of 19 MDS patients 

149. In addition to potential benefits as a monotherapy, DNMT1 inhibitors may also 

sensitize cancer cells to chemotherapy or immunotherapy 150, 151. 

 

3.2. HDAC inhibitors 

 

The first FDA-approved HDAC inhibitor, vorinostat, has an indication for T-cell lymphoma. 

Over the past decade, many other HDAC inhibitors have been developed, three of which 

have also gained FDA-approval: romidepsin, belinostat, and panobinostat. In clinical 

practice, roughly one-third of peripheral T-cell lymphoma patients achieve an objective 

response to HDAC inhibition, suggesting that although effective in subsets of patients, 

novel predictive biomarkers are still needed 152. There are many other HDAC inhibitors of 

varying HDAC class selectivity currently in clinical trials for treatment of a range of 

malignancies, and remain a promising therapeutic avenue (Table 4). 
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3.3. EZH2 inhibitors 

 

Recent data showing the reliance of certain lymphomas on EZH2 activity suggested that 

its inhibition may be a viable therapeutic strategy. There are currently two EZH2 inhibitors 

in clinical trials, both of which are being tested in lymphoma. EPZ-6438 is currently in a 

phase I/II trial (NCT01897571), and CPI-1205 is currently being tested in a phase I study 

(NCT02395601). 

 

3.4. LSD1 inhibitors 

 

The histone demethylase LSD1 was shown to play a crucial mechanistic role in promoting 

neoplastic transformation in AML, small cell lung cancer, and esophageal cancer, with 

promising pre-clinical data on LSD1 inhibition in these settings 50, 51, 138, 153. As a result the 

LSD1 inhibitor GSK2879552 is being tested in a phase I study recruiting patients with 

small cell lung cancer and AML (NCT02034123, NCT02177812). The FDA-approved 

monoamine oxidase inhibitor (approved for psychiatric indications), tranylcypromine, has also 

been shown to inhibit LSD1, and is also being tested in two studies in its capacity as an anti-

cancer agent in AML and MDS (NCT02273102, NCT02261779) 153. 

 

3.5. Bromodomain and extra-terminal (BET) protein inhibitors 

 

Inhibition of the class of histone modification readers, the bromodomain-containing 

proteins,  has been supported by preclinical data as a viable strategy for therapy in certain 
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tumor types, including lymphoma, AML, ALL, and NUT midline carcinoma 141, 142, 154, 155. 

More specifically, BET inhibition was shown to down-regulate MYC transcription, and lead 

to a significant decrease in proliferation, and increase in cell cycle arrest in vitro, and a 

significant survival benefit in an in vivo model of multiple myeloma 142. Following 

successful pre-clinical data, a number of small molecule compounds were developed, and 

are currently in clinical trials. The majority of these are in hematologic malignancies, 

although there are several active trials recruiting patients with other advanced solid tumors 

(Table 4). 

 

3.6. IDH inhibitors  

 

Based on observations of recurrent oncogenic mutations in IDH1/2 seen in AML, novel 

inhibitors specific for the IDH1 R132H, IDH2 R140Q, and IDH2 R172K mutant proteins 

were developed and demonstrated pre-clinical efficacy. Currently there are 4 mutant IDH 

inhibitors in clinical trials, all of which are recruiting patients with hematologic malignancies 

harboring one of the known oncogenic mutations in IDH1 or IDH2. AG-881 inhibits both 

mutant IDH1 and IDH2, and is currently in two phase I trials recruiting patients with AML, 

MDS, chondrosarcoma, glioma, and cholangiocarcinoma (NCT02492737, 

NCT02481154). AG-120 is selective for mutant IDH1, and is also in two phase I studies 

of patients with AML, cholangiocarcinoma, chondrosarcoma, glioma, and other advanced 

tumors with IDH1 mutations (NCT02073994, NCT02074839). IDH305 is an additional 

mutant IDH1-selective inhibitor which is being tested in a phase I study of patients with 

any advanced malignancy harboring IDH1 R132 mutations (NCT02381886). Finally, AG-

221 is a mutant IDH2-selective inhibitor being tested in two phase I studies of patients with 
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AML, glioma, and cholangiocarcinoma harboring IDH2 mutations (NCT01915498, 

NCT02273739). 
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Table 4 
 
Investigational epigenetic therapies 

Compound Target Status Clinical Trial Inclusion 

DNMT inhibitors 
   

Guadecitabine DNMTs Phase III AML, MDS 

HDAC inhibitors 
   

Abexinostat HDAC classes I, II, IV Phase I Sarcoma, Lymphoma 

ACY-241 HDAC6 Phase I Multiple Myeloma  

AR-42 HDAC classes I, II, IV Phase I Investigated in multiple cancers 

CUDC-907 HDAC classes I, IIb   Phase I Lymphoma, Multiple Myeloma 

CXD101 HDAC class I Phase I Investigated in multiple cancers 

Entinostat HDAC class I Phase I Investigated in multiple cancers 

Givinostat HDAC classes I, II Phase II Investigated in multiple cancers 

Mocetinostat HDAC class I Phase II MDS, Urothelial Carcinoma 

Resminostat HDAC1, HDAC3, HDAC6 Phase II Investigated in multiple cancers 

Ricolinostat HDAC6 Phase II Lymphoma, Multiple Myeloma 

EZH2 inhibitors 
   

CPI-1205 EZH2 Phase I Lymphoma 

EPZ-6438 EZH2 Phase II Lymphoma 

LSD1 inhibitors 
   

GSK2879552 LSD1 Phase I AML, Small Cell Lung Cancer 

BET inhibitors 
   

CPI-0610 BRD2, BRD3, BRD4, BRDT Phase I Lymphoma, AML, MDS, Multiple 
Myeloma 

TEN-010 BRD2, BRD3, BRD4, BRDT Phase I Investigated in multiple cancers 

BAY1238097 BRD2, BRD3, BRD4, BRDT Phase I Investigated in multiple cancers 

OTX015 BRD2, BRD3, BRD4, BRDT Phase I Investigated in multiple cancers 

INCB054329 BRD2, BRD3, BRD4, BRDT Phase I Investigated in multiple cancers 

BMS-986158  BRD2, BRD3, BRD4, BRDT Phase I Investigated in multiple cancers 

FT-1101 BRD2, BRD3, BRD4, BRDT Phase I AML, MDS 

GSK525762 BRD2, BRD3, BRD4, BRDT Phase I NUT Midline Carcinoma 

IDH inhibitors 
   

AG-881 IDH1, IDH2 Phase I AML, MDS, Chondrosarcoma, 
Glioma, Cholangiocarcinoma 

AG-120 IDH1 Phase I AML, Cholangiocarcinoma, 
Chondrosarcoma, Glioma 

IDH305 IDH1 Phase I Investigated in multiple cancers 

AG-221 IDH2 Phase I AML, Glioma, Cholangiocarcinoma 
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3.7. Opportunities for precision medicine 

 

It has now been shown that specific genomic or epigenomic states may be associated 

with differential responses to therapy, and this concept is making its way into clinical trials. 

For instance, the novel IDH inhibitors described above are selective for oncogenic mutant 

forms of the protein known to generate 2-HG. Thus, in ongoing phase I studies, patients 

are selected to possess the specific mutations being targeted. In addition to mutant protein 

forms, however, distinct epigenotypes may ultimately stratify patients with other genetic 

backgrounds as likely responders to hypomethylating agents. One published example of 

this phenomenon is the expression of the miRNA, miR-29b as a candidate predictor of 

response to decitabine in AML 156. Epigenetic biomarkers can also predict response to 

more classical therapies. For example, MGMT methylation in brain tumors is associated 

with a better response to temozolamide, and an enhancer DNA methylation signature 

predicts response to intensive chemotherapy in AML 157, 158. Ongoing research in this area 

continues to focus on understanding what genetic and epigenetic patterns may be 

associated with response to novel epigenetic agents, and may ultimately identify 

integrated genetic/epigenetic predictive biomarkers for precision cancer treatment. 

 

4. Conclusions and future research 

 

Over the past decade we have seen an explosion in knowledge of the epigenetic 

determinants of cellular identity, normal physiology, and malignant transformation. Several 

distinct mechanisms of aberrant DNA methylation and histone modification have been 

uncovered, and the transcriptional programs altered by these epigenetic phenomena have 
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become better understood. As a result of this basic knowledge, we have started to target 

the epigenome for cancer treatment; there are currently several FDA-approved epigenetic 

drugs with cancer indications, and many others are in pre-clinical or clinical studies. Going 

forward it will be critical to harness the power of genomic technologies to identify patients 

most likely to benefit from epigenetic therapies. It seems likely that DNA methylation 

patterns in conjunction with mutational backgrounds may identify likely responders to 

epigenetic therapies in a manner analogous to how somatic point mutations identify likely 

responders to mutant protein inhibition. Finally, going forward it is important to not only 

continue developing novel drugs against epigenetic targets, but also attempt to rationally 

combine epigenetic therapies, conventional cytotoxic therapies, other targeted agents, 

and immunotherapy. 
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CHAPTER 2. HYPERMETHYLATOR PHENOTYPES IN ACUTE MYELOID LEUKEMIA 

 

Introduction 

 

Acute myeloid leukemia (AML) in adults is curable in a subset of cases that remain 

incompletely characterized. Certain molecular aberrations have been shown to associate 

with differential outcomes in AML159-162. For instance, curability is highest in younger 

patients with core binding factor (CBF) rearrangements between chromosomes 8 and 21, 

and within chromosome 16, while prognosis is poor in patients with autosomal 

monosomies160, 163-167. Despite these clinically useful cytogenetic risk associations, 

outcomes in AML remain heterogeneous and the biological mechanisms for diverse 

outcomes remain obscure168. Importantly, a number of patients with intermediate or poor 

risk cytogenetics can still be cured and may benefit from dose-intensive chemotherapy but 

their identification is uncertain, even in the era of whole genome mutational analysis159, 160, 

168-170. 

 

DNA methylation is an epigenetic process that is frequently altered in AML, either as a 

primary defect or secondary to mutations in regulators of DNA methylation such as TET2, 

DNMT3A and IDH1 or IDH2171-178. Aberrant methylation at many CpG islands (CGIs) 

characterizes a subset of cancers of multiple primary origin that has been termed CGI 

methylator phenotype (CIMP) 179. Interestingly, CIMP is often associated with a relatively 

better outcome. In colon cancer, CIMP is associated with microsatellite instability, and 

these patients often survive longer, perhaps as a result of enhanced anti-tumor 

immunity180-184. In gliomas, CIMP is an independent predictor for improved outcome100, 185, 

186 and in breast cancer, CIMP is associated with a gene expression signature 
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characteristic of good survival187, 188. Consistent with CIMP, Marcucci, et al. recently 

reported expression of seven genes that gain methylation in AML is associated with 

improved survival101. While these and other data suggest that CIMP exists in AML, its 

biological and clinical characteristics remain incompletely defined101, 189, 190. Observed 

mutations in IDH1/2 are a notable potential cause of CIMP. It has previously been shown 

that the R132H mutation in IDH1 and the R140Q or R172K mutations in IDH2 can cause 

aberrant enzymatic generation of the oncometabolite, 2-hydroxyglutarate, which inhibits 

normal TET-mediated DNA demethylation107, 191-193. While IDH1/2 mutations can lead to 

hypermethylation, CIMP in colorectal and gastric cancers are not IDH1/2 associated; thus, 

other potential causes of CIMP remain unexplored.  

 

In this study, we analyzed AML patient samples for DNA methylation status and identified 

two distinct CIMP phenotypes: an IDH1/2 mutation-associated CIMP (I-CIMP), and an 

IDH1/2 mutation-independent AML CIMP (A-CIMP). We found that the DNA methylation 

patterns, genetic backgrounds, and clinical characteristics between I-CIMP and A-CIMP 

are distinct, with an overall survival (OS) benefit for patients with A-CIMP+ disease. 

 

Methods 

 

Patient samples 

 

For the pilot analysis we examined 65 bone marrow samples from AML patients who had 

been treated at MD Anderson Cancer Center (MDACC) from 1985 to 2004. The samples 

were selected for patients with short and long survival from a tissue bank. The expanded 

whole-genome methylation analysis was based on 42 of these 65 samples (selected by 

DNA availability) in addition to an unselected cohort of 59 consecutive samples from 
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patients treated for AML at MDACC. We included only patients treated with MDACC-

standard idarubicin + cytarabine based chemotherapy. None of the patients received 

treatment with hypomethylating agents. Standard diagnostic and remission criteria were 

used. DNA was extracted by standard methods. Cytogenetic risk groups were defined as 

follows: good (inv16), intermediate (normal karyotype; +8; +18; +6, +21), and poor (-

5/del5q; -7; 11q23; t(6;11), +21; complex karyotype with 3 or more genetic abnormalities). 

For normal controls, peripheral blood leukocytes were obtained from 32 healthy volunteers 

(18-53 years of age). Patient characteristics for the expanded analysis are described in 

Table 5, and for the pilot study alone in Supplementary Table S1. The Institutional Review 

Boards at MDACC, and Temple University approved all protocols, and all patients gave 

informed consent for the collection of residual tissues as per institutional guidelines and in 

accordance with the Declaration of Helsinki. A summary of the different patient sample 

cohorts used and their DNA methylation status is provided in Supplementary Figure S1. 

 

Bisulfite-pyrosequencing 

 

DNA was extracted, bisulfite-treated, and sequenced as previously reported171. In brief, 

bisulfite-treated DNA was amplified with gene-specific primers in a 2-step polymerase 

chain reaction (PCR). The second step of PCR was used to label the reverse DNA strand 

with biotin. DNA methylation was measured as the percentage of bisulfite-resistant 

cytosines at CpG sites by pyrosequencing. Assays close to transcription start sites were 

used for OSCP1, CDH13, CDKN2B, NPM2, OLIG2, SLC26A4, PGR, and SCGB3A1, as 

well as the LINE-1 repeat (GenBank accession number X58075) to approximate global 

methylation. Quantitative cutoffs for determining abnormal methylation in AML were 

defined as values outside of the 95% confidence interval for methylation in normal blood. 
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DREAM interrogation of genome-wide methylation 

 

DREAM analysis was performed on 96 AML samples and 32 normal blood controls as 

previously described 194. In brief genomic DNA extracted from AML samples was 

sequentially cut with two enzymes recognizing CCCGGG sites in DNA. SmaI does not cut 

methylated sites, and leaves blunt ends. XmaI can cleave methylated sites and leaves a 

5’ overhang sequence. Thus, specific signatures are created for methylated and 

unmethylated sites. Enzyme-treated DNA was then used to generate sequencing libraries 

according to Illumina protocols, and run on an Illumina HiSeq 2000 or 2500. Sequencing 

data were mapped to CCCGGG sites in the human genome (hg19) and methylation was 

calculated as the fraction of total CCCGGG site sequencing reads that mapped to the 

methylated signature. For quality control, these data were filtered to include sites with at 

least 100 reads in 75% of samples, giving 11,499 CpG sites for bioinformatic analysis. For 

clustering analyses missing values in each sample were imputed as the median of all non-

missing values for that site. In order to select for cancer specific hypermethylation patterns 

we selected CpG sites with average methylation and standard deviation <20% in normal 

blood, and standard deviation >12% in AML (1210 sites).  

 

Targeted mutational analysis 

 

Targeted next-generation sequencing was performed on DNA extracted from 88 AML 

samples using the Illumina TruSight Myeloid Sequencing Panel (54 genes) with library 

preparation done according to manufacturer instructions (Illumina, Inc.). In brief, genomic 

DNA was hybridized to region-specific upstream and downstream oligonucleotide pairs. 

Unbound oligonucleotides were washed and hybridized pairs were joined by a DNA 

polymerase and ligated. Captured target regions were PCR amplified with multiplexing 
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index sequences added and pooled for sequencing. Paired-end sequencing was 

performed on an Illumina HiSeq 2500 which generated 78, and 85 million total aligned 

reads across two rapid run lanes. Over 95% of aligned reads had sequencing quality 

scores greater than 30, and mean coverage across all interrogated genes for all samples 

was approximately 5,000X. Because there were no normal control tissues available for 

these AML cases, we used Illumina BaseSpace TrueSeq Amplicon app and BaseSpace 

Variant Studio 2.2 (Illumina, Inc.) in conjunction with variant filtering criteria to make likely 

distinctions between somatic and germline alterations. To this end we required that non-

synonymous variants with a minimum allelic ratio of 10% be detected by at least 50 reads 

with quality scores > 50, and that the variants be present in the COSMIC database with a 

hematologic cancer association. Based on these criteria, we detected 212 likely somatic 

mutations in our DREAM cohort. 

 

TCGA and microarray validation data 

 

Level 1 Illumina HumanMethylation450k methylation array data for 194 AML patients were 

downloaded from the TCGA data portal195. The raw data were pre-processed using 

functional normalization in the minfi R package196. For normal blood controls profiled using 

the Illumina HumanMethylation450k platform we used a publicly available dataset 

(GSE51388) 197. Analysis was restricted to only those CpG sites with non-NA values for 

all samples (375,324 sites). To select for cancer-specific hypermethylation, and to remove 

potential age-related sites we selected for CpG sites unmethylated and non-variable in 

normal blood (beta-value average < 20%, standard deviation < 5%) and with variable 

methylation in AML (beta-value standard deviation > 20%). To confirm the overlap in A-

CIMP targets of hypermethylation in the high-throughput datasets  (DREAM and 450k) we 

examined normally unmethylated (< 20%) promoter CpG islands hypermethylated by at 
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least 10% in 30% or more A-CIMP+ AML cases versus normal blood and found significant 

overlap (hypergeometric P<0.0001) across the two platforms (Supplementary Figure S2, 

Supplementary Table S2). RNA-seq data was also downloaded for the 176 available 

cases. Differential expression analysis was performed on read counts using the edgeR 

package in R, and hierarchical clustering was performed using z-score transformed RPKM 

values. For validation of differential gene expression, we downloaded datasets composed 

of 461, and 52 well-annotated AML cases from GEO with available outcomes data 

(GSE6891, and GSE23312-GPL10107) 198, 199. Cluster analysis was performed using 

normalized probe intensity data for all interrogated genes which were down-regulated and 

hypermethylated in TCGA A-CIMP (318 genes). For visual clarity, heatmap of GSE6891 

microarray data display only genes in the 80th percentile by standard deviation. 

Comparisons of average z-score gene expression for up and down –regulated genes were 

done using the non-parametric Kruskal-Wallis test (to avoid assumptions of normal 

distributions) followed by the Dunn post-hoc test implemented in R. 

 

Statistics 

 

Unsupervised hierarchical clustering was performed in R using Ward’s method (Ward.D) 

as implemented by the hclust function200. Differential methylation between clusters of AML 

cases was evaluated using the student t-test which was corrected for multiple hypothesis 

testing using the FDR method implemented in R200, 201. Clinical characteristics were 

compared between groups using single factor ANOVA and Fisher’s Exact Test. Unless 

otherwise stated, two-tailed p-values ≤ 0.05 were considered significant. For the 

preliminary pyrosequencing analysis we calculated methylation z-score by subtracting the 

mean methylation from each individual methylation level and dividing the difference by the 

standard deviation. This allows for comparison of a small number of methylation sites with 
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differing variance across the samples. Cox regression analysis and Kaplan-Meier curves 

were generated in R using the survival package202. 

 

Data Access 

 

The DREAM data have been submitted to the Gene Expression Omnibus (GEO) 

repository (GSE92254). TCGA data used for validation and extended analyses are 

publicly available through the TCGA data portal (https://tcga-data.nci.nih.gov/tcga/). 

Methylation data for normal blood on the Illumina 450k platform are available on GEO 

(GSE51388). Affymetrix array data used for validation of the A-CIMP gene expression 

signature are also available on GEO (GSE6891, GSE23312-10107). 

 

Results 

 

AML patients with long survival have increased CpG island DNA methylation 

 

To study a potential association between DNA methylation and curability in AML, we 

selected patients based on long and short survival as well as sample availability in the 

MDACC leukemia sample bank. Using bisulfite pyrosequencing, DNA methylation was 

compared between 32 patients with OS less than one year after diagnosis (short survivors, 

median OS =6.9 months) and 33 AML patients with long OS (long survivors, median OS 

=89.8 months). Patient characteristics for this pilot cohort are described in Supplementary 

Table S1. We compared DNA methylation at promoter CGIs of the genes listed in 

Supplementary Table S3 (selected from a previous study171), and found that patients in 

the long survival group had significantly more aberrant DNA methylation than the short 

survivors at multiple genes including SCGB3A1, NPM2, CDKN2B, and OSCP1 
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(Supplementary Table S3). In order to account for the heterogeneous nature of a small 

number of CpG sites, we computed z-scores to normalize methylation by the standard 

deviation for each respective locus. When we compared average z-scores across all sites 

interrogated between long and short survivors, we found that the long survivor group had 

significantly higher average z-scores (Figure 3a; P=0.002), and Kaplan-Meier analysis 

demonstrated that patients with more methylation at the interrogated CpG sites had longer 

OS (median OS, years: High methylation =5.8, Low methylation =0.78, P=0.02; Figure 

3b). Furthermore, when other prognostic factors, including cytogenetics, age, blast 

percentage, and FLT3 mutations, were included in a multivariate Cox regression, the 

average methylation z-score retained independent significance (Supplementary Table 

S4), suggesting that CIMP may be an independent prognostic factor in AML. 
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Figure 3. Long surviving AML patients have increased DNA methylation. a) Average 
methylation z-score is plotted for patients with long survival (>12 months) versus short 
survival (<12 months). b) Overall survival (OS) of patients with high methylation (average 
methylation z-score > 0.0) and low methylation (average methylation z-score ≤ 0.0). 
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Genome-wide methylation analysis identifies an IDH1/2-independent 

hypermethylator phenotype 

 

To validate and extend our findings, we performed genome-wide DREAM analysis on 96 

AML samples and 32 normal blood controls. DREAM interrogates DNA methylation at 

thousands of CpGs across the genome and is highly quantitative194. Our preliminary and 

previously published data indicated that the best CIMP markers are those that show the 

most cancer-specific hypermethylation patterns99, 104. To enrich for those we applied 

filtering criteria as described in the methods section; this included removal of age-related 

methylation changes by excluding CpG sites which are highly variable in normal blood. 

Hierarchical clustering of the AML samples based on DNA methylation revealed at least 

two distinct hypermethylator phenotypes (Figure 4a). Ten cases clustered together tightly 

in a group we termed IDH-CIMP (I-CIMP+) because 7/10 (70%) of these cases harbor 

IDH1/2 mutations, a previously described cause for aberrant hypermethylation. Fifteen 

other cases clustered together in a separate group we termed AML-CIMP (A-CIMP+), of 

which none harbored IDH1 or IDH2 mutations. Because A-CIMP was not previously 

characterized we focused on exploring and validating its unique biology. 

 

From an epigenetic perspective A-CIMP+ was distinct. Comparing the distribution of DNA 

methylation levels across each leukemia cluster revealed that both CIMP+ groups had 

significantly higher median methylation compared to CIMP- cases (Kruskal-Wallis 

P<0.001; Figure 4b). To explore the targets of hypermethylation we performed separate 

differential methylation analyses of CGI and non-CGI sites between A-CIMP+ and CIMP- 

leukemia (Figure 4c, d).  

Compared to CIMP- cases, A-CIMP+ cases hypermethylated CGIs preferentially. Overall 

hypermethylation was observed (defined as FDR<0.05 and average methylation 
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difference > 20%) in 3% of detected CGI sites and 1% of non-CGI sites suggesting a 

significant preference for CGI hypermethylation (odds ratio CGI/non-CGI =3.54; 95% CI: 

2.55-5.01; P<0.001). In contrast, I-CIMP+ cases favored non-CGI hypermethylation 

(Supplementary Figure S3a, b). Thus, the methylation targets of A-CIMP were distinct. 

 

From a clinical perspective the A-CIMP+ patients were younger than CIMP- patients 

(median age, years: A-CIMP+ = 43, CIMP- = 53, P=0.02; Table 5), and importantly, A-

CIMP+, but not I-CIMP+ AML was associated with longer OS compared to CIMP- (median 

OS, years: A-CIMP+ = Not reached, versus CIMP- = 1.17, P = 0.08; Figure 4e; median OS 

I-CIMP+ = 3.35, P = 0.50 compared to CIMP-). Because A-CIMP is a relatively rare 

phenotype in AML we could not prove statistical independence from age in this dataset, 

however, an analysis restricted to younger patients (<60 years) revealed a trend for 

prolonged survival within this group (Supplementary Figure S4). We then interrogated the 

AML cases from a genetic mutational perspective and also identified distinct backgrounds. 

By targeted high-throughput sequencing of a hematologic cancer gene panel (54 genes), 

we identified a significant enrichment for IDH1 and IDH2 mutations in I-CIMP+ cases, 

however, A-CIMP appeared to lack a genetic definition (Figure 4f, Supplementary Figure 

S5). 
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Table 5 
 
Clinical characteristics of MDACC cohort 

Characteristic A-CIMP I-CIMP CIMP-negative P-value 

Samples in cluster 15 10 71 - 

Age, years, median (range) 43 (17-62) 43 (20-75) 53 (20-77) 0.02 

Male sex, number (%) 6 (40%) 2 (20%) 35 (49%) 0.21 

Platelet count, X 10^9/L, median (range) 40 (6-135) 48 (13-126) 57 (11-676) 0.34 

WBC count, X 10^9/L, median (range) 10.1 (0.8-312) 39.7 (11.8-263) 16.4 (0.8-271) 0.34 

Peripheral blood blast percent, median (range) 50 (4-97) 91 (40-96) 31 (0-95) <0.01 

Bone marrow blast percent, median (range) 65 (30-96) 82 (42-94) 64 (20-99) 0.14 

Cytogenetic risk, number (%) 
   

0.39 
Favorable 0 (0%) 0 (0%) 5 (7%) 

Intermediate 14 (93%) 7 (70%) 48 (68%) 

Adverse 1 (7%) 3 (30%) 18 (25%) 
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Figure 4. DREAM analysis identifies A-CIMP in AML. a) Hierarchical clustering of 96 
AML patient samples and 32 normal blood controls on quantitative DNA methylation 
levels. b) The distribution of methylation values across all 1,210 selected CpG sites from 
Figure 4a were stratified by cluster using the density function in R. Y-values represent a 
Fourier transformation of number of CpG sites with corresponding methylation. Vertical 
lines correspond to the median of average methylation values across all CpG sites for 
each respective cluster. P-value was computed using the non-parametric Kruskal-Wallis 
test. c, d) Volcano plot differential methylation analysis comparing A-CIMP+ to CIMP- AML 
for CGI sites (c), and non-CGI sites (d). e) Kaplan-Meier survival analysis of A-CIMP+ 
compared to CIMP- AML. f) Genetic mutations associated with A-CIMP, and I-CIMP. * P 
< 0.05, ** P < 0.01, *** P < 0.001. 
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A refined classifier of A-CIMP in TCGA data 

 

In order to validate our findings and extend our analysis we used AML samples from 

TCGA195. These Illumina 450k array-based data interrogated methylation ~480,000 sites 

in 194 AML patients. We also used publicly available normal blood data analyzed on the 

same Illumina 450k methylation platform (GSE51388) 197. After pre-processing, we initially 

used filtering criteria to enrich for cancer-specific CpG sites similar to those described 

earlier (see methods section). Hierarchical clustering of the 6,843 filtered CpG sites 

revealed a pattern consistent with our DREAM data; two distinct hypermethylator 

phenotypes were evident with one being highly enriched (9/10) in IDH1 and IDH2 

mutation-positive cases (Supplementary Figure S6). To refine this classification, we used 

volcano plot analysis to identify 603 CpG sites showing A-CIMP-specific hypermethylation 

(Supplementary Figure S7). Reclustering the TCGA cases using the 603 A-CIMP-specific 

sites revealed a group of 43 A-CIMP+ patients (Figure 5a).  

 

From a clinical perspective A-CIMP+ patients had significantly longer median OS 

compared to A-CIMP- patients (median OS, years: A-CIMP+ =2.34, A-CIMP- =1.00, 

P=0.01; Figure 5b). The TCGA A-CIMP+ patients also tended to be younger than A-CIMP- 

(median age, years A-CIMP+ =43, A-CIMP- =60, P<0.001; Figure 5c), and this group had 

relatively more favorable risk cytogenetic aberrations (P=0.004, Figure 5c; Supplementary 

Table S5). Analysis of I-CIMP using the same methods confirmed a lack of prognostic 

benefit and a significant enrichment for IDH mutations (Supplementary Figure S8; 

Supplementary Table S6). 
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Figure 5. Characterization of A-CIMP+ AML in the TCGA cohort. a) Hierarchical 
clustering of 194 AML patient samples and 24 normal blood controls on the basis of 603 
CpG sites. b) Kaplan-Meier survival analysis of 194 cases based on the clusters derived 
in Figure 5a. c) Clinical characteristics associated with A-CIMP+ versus A-CIMP- AML.  
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The distinct methylation landscape of A-CIMP+ AML 

 

After refining a classification of A-CIMP, we examined these cases from an epigenetic 

perspective. Differential methylation analysis using volcano plots comparing A-CIMP+ to 

A-CIMP- AML across all interrogated CpG sites confirmed that significant 

hypermethylation was disproportionately at CGIs, and relatively less prevalent at non-

CGIs (odds ratio CGI/non-CGI =5.21; 95% CI: 5.01-5.42; P<0.001; Figure 6a, b, e). As 

expected, we found similar results when comparing A-CIMP+ to normal blood instead of 

to A-CIMP- (Figure 6c and d). Examination of I-CIMP confirmed the preference for distinct 

non-CGI hypermethylation (Figure 6e, Supplementary Figure S9a-d). 

 

Examining the overlap in differentially methylated sites revealed that many CpGs are 

hypermethylated in any AML versus normal blood, regardless of CIMP status 

(Supplementary Figure S9e, f). However, a large fraction of CGIs is specifically 

hypermethylated in A-CIMP+ (Supplementary Figure S9e), and a large fraction of non-

CGIs is specifically hypermethylated in I-CIMP+ (Supplementary Figure S9f), again 

confirming the distinct methylation pattern of each phenotype. Most of the hypomethylated 

CpG sites were shared between CIMP+ and CIMP- AML, with many more non-CGI sites 

losing methylation compared to normal blood (Supplementary Figure S9g and h for CGI 

and non-CGI sites, respectively). 

 

In order to dissect possible functional relationships with the observed methylation patterns 

in AML, we performed Gene Set Enrichment Analysis (GSEA), and Ingenuity Pathway 

Analysis (IPA). Both analyses revealed that promoter CGI sites characteristic of A-CIMP+ 

AML were significantly enriched for genes involved in maintaining pluripotency 

(Supplementary Tables S7-9), with the top upstream regulators including OCT4, SOX2, 
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and POU5F1. Taken together, these data suggest A-CIMP+ is a biologically distinct entity 

with divergent pathway dysregulation compared to A-CIMP- AML. 

 

Genetic backgrounds in epigenetically defined AML subtypes 

 

The distinct biology underlying A-CIMP+ AML was also evident in the set of genetic 

aberrations detected (Figure 6f, Supplementary Figure S10). From a genetic perspective, 

A-CIMP+ cases demonstrated associations with WT1 (6/43; 14%) and CEBPA (8/43; 19%) 

mutations (Fisher’s Exact Test P =0.02, and P =0.002, respectively; Figure 6f, 

Supplementary Figure S10a). These mutations were mostly mutually exclusive, with only 

one case being positive for both. However, most A-CIMP+ cases (30/43; 70%) lacked 

either WT1 or CEBPA mutations. A-CIMP+ also demonstrated significantly fewer IDH1, 

NPM1, and TET2 mutations compared to A-CIMP- AML (Fisher’s Exact Test P =0.009, P 

=0.01, and P =0.02, respectively; Figure 6f). In contrast, I-CIMP+ cases were mostly 

defined by IDH1 and IDH2 mutations (75% with IDH1 or IDH2; Fisher’s Exact Test 

P<0.001), although they also demonstrated significant enrichments for RUNX1 and PHF6 

mutations, and a relative lack of FLT3 mutations (Fisher’s Exact Test P =0.01, P =0.04, 

and P=0.02, respectively; Supplementary Figure S8d, S10b). Notably, the 25% of I-CIMP+ 

cases with wild-type IDH1/2 were not enriched for any other genetic mutations. These 

observations suggest that the distinct DNA methylation profiles observed in AML are 

associated with specific genetic backgrounds, but that unlike, I-CIMP+, most A-CIMP+ 

cases do not have a defining mutational signature. 
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Figure 6. A-CIMP+ AML is defined by CGI enriched hypermethylation. Volcano plot 
and density plot differential methylation analysis between A-CIMP+ and A-CIMP- for CGI 
sites (a), and non-CGI sites (b); and between A-CIMP+ AML and normal blood for CGI 
sites (c), and non-CGI sites (d). Numbers in each volcano plot correspond to CpG sites 
with methylation beta-value differences greater than 0.2, and FDR<0.001. Numbers in 
each density plot correspond to CpG sites with methylation beta-value differences 
compared to normal blood greater than 0.2. Orange dashed lines in density plots represent 
LOWESS regression of the CpG density data. The enrichment of CGI sites 
hypermethylated in A-CIMP is distinct from the non-CGI preference seen in I-CIMP, as 
reflected by odds ratios of hypermethylated CpGs (e). f) Plots of somatic mutations 
associated with A-CIMP. Despite widespread epigenetic changes in A-CIMP, there is not 
a dominant genetic mutational definition for this subset of AML. * P < 0.05, ** P < 0.01, *** 
P < 0.001. 
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An A-CIMP-associated gene expression program is prognostic in multiple datasets 

 

We hypothesized that, by virtue of differences in DNA methylation, A-CIMP+ AML would 

have a unique gene expression signature. To test this we performed a differential 

expression analysis comparing A-CIMP+ to A-CIMP-. By using the edgeR package with 

subsequent volcano plot analyses we observed 1,189 differentially expressed genes 

(FDR<0.01, Fold-change>2), of which 908 (76%) were down-regulated in A-CIMP+ (Figure 

7a). Among the down-regulated genes, there were promoter CGI methylation data on 403 

of them, and we found significant hypermethylation (FDR<0.05) in A-CIMP+ versus A-

CIMP- AML in 318/403 (79%). A pathway enrichment analysis on these genes confirmed 

significant representation of functions maintaining human embryonic stem cell 

pluripotency. Some of the relevant down-regulated hypermethylated genes include 

BMPR2, WNT3A, FZD3, and FZD8, among others. We identified significant negative 

Spearman correlation coefficients between methylation and expression for 240 of these 

genes (60% of down-regulated genes with methylation data on the 450k array; 

Supplementary Figure S11, Supplementary Table S10). 

 

Hierarchical clustering of TCGA cases on the expression of all 318 down-regulated and 

hypermethylated genes revealed a group of cases highly enriched for A-CIMP+ AML by 

methylation status (A-CIMP-like; Figure 7b). As expected, average z-score transformed 

RPKM values were lowest for the A-CIMP-like cluster (Figure 7c). In addition, Kaplan-

Meier survival analysis of gene expression-based clusters recapitulated the prognostic 

advantage associated with A-CIMP methylation (median OS, years: A-CIMP-like = 2.25, 

Cluster 1 = 1.00, P=0.05; Figure 7d). To validate the prognostic importance of the A-CIMP 

transcriptional signature, we used published Affymetrix expression array data (GSE6891) 

to cluster 461 well-annotated AML cases on A-CIMP-down-regulated and 
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hypermethylated genes (Figure 7e) 198, 203. This analysis revealed an A-CIMP-like cluster 

of cases with the lowest average expression z-score for the A-CIMP signature genes 

(Figure 7f). Importantly, the A-CIMP-like cluster demonstrated significantly improved 

survival compared to other gene expression clusters (median OS, years: A-CIMP-like = 

2.10, Cluster 1 = 0.44, Cluster 2 = 0.32, Cluster 3 = 0.26, log-rank P<0.01; Figure 7g). We 

also examined the genetic and clinical characteristics associated with the A-CIMP-like 

cluster in GSE6891, and found an enrichment for favorable cytogenetics, younger age, 

presence of CEBPA mutations, and a lack of IDH1/2 and NPM1 mutations, all of which 

are consistent with the genetic background of A-CIMP identified in our previous analyses 

(Figure 7h , i). We next performed the same analysis on one more independent gene 

expression microarray dataset (GSE23312-GPL10107; Supplementary Figure S12). We 

clustered AML cases on A-CIMP-down-regulated and hypermethylated genes and 

identified a low-expression cluster with improved overall survival (median OS, years: A-

CIMP-like = Not reached, Cluster 1 =0.29, Cluster 2 =1.83, Cluster 3 =1.27, log-rank 

P=0.13; Supplementary Figure S12a-c). These results support the clinical importance of 

an altered transcriptional program related to DNA methylation status specific to A-CIMP+ 

AML. 
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Figure 7. Gene expression program characteristic of A-CIMP is prognostic in 
multiple datasets. a) Volcano plot of differential expression analysis comparing TCGA A-
CIMP+ to A-CIMP- AML defined by methylation. b) Hierarchical clustering of TCGA cases 
on RNA-seq data for down-regulated and hypermethylated genes identified in (a). c) 
Average expression z-scores for clusters in (b). Lines correspond to median z-score 
values. d) Kaplan-Meier analysis of gene expression clusters. e) Hierarchical clustering of 
461 cases from GSE6891 based on down-regulated and hypermethylated genes identified 
in (a). For clarity, heatmap shows only genes with 80th percentile standard deviation, 
however clustering was done using all genes. f) Average expression z-scores for clusters 
in (e). g) Kaplan-Meier analysis of gene expression clusters in (e). h) Molecular 
characteristics of gene expression clusters in (e). i) Other clinical characteristics 
associated with gene expression clusters from (e). * P < 0.05, ** P < 0.01, *** P < 0.001. 
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Finally, a previous study found a gene expression-based prognostic signature by also 

selecting for hypermethylated promoter CGI sites associated with outcome 101. We 

compared this signature to the A-CIMP classifier. We found that the previously published 

signature – Marcucci et al. CIMP (M-CIMP) – is prognostic in the TCGA methylation 

dataset (median OS, years: M-CIMP+ =2.25, M-CIMP- =1.00, P=0.04; Supplementary 

Figure S13a, b); however, it identifies a mix of A-CIMP+ and I-CIMP+ cases, and in this 

dataset we could not determine which epigenetic classifier performs better 

(Supplementary Figure S13c). Notably, FAM92A1 and SCRN1 from the M-CIMP signature 

were hypermethylated in both A-CIMP and I-CIMP in our classification of the TCGA cases, 

and appeared to drive their M-CIMP status identification (i.e. by magnitude of change they 

were the most hypermethylated genes in M-CIMP+ cases). The other genes in this 

signature (VWA8, CD34, RHOC, and F2RL1) were not found to be differentially 

methylated or expressed in our analyses of A-CIMP in the TCGA data (miR-155 was also 

part of this signature, however, we did not have data for this miRNA). In the GSE6891 

microarray expression dataset M-CIMP gene expression was prognostic, and in a 

multivariate analysis, it was independent of A-CIMP gene expression status 

(Supplementary Figure S13d-g). 

 

Discussion 

 

In this study we interrogated DNA methylation in AML and identified two hypermethylation 

patterns, A-CIMP and I-CIMP. An important implication of these two CIMP phenotypes is 

that they affect different genomic compartments, and must arise via distinct mechanisms. 

A-CIMP is a CGI-favoring process, while I-CIMP targets are more often non-CGIs. A 

further important observation is that A-CIMP+ cancers lack mutations in epigenetic 

regulators known to cause aberrant DNA hypermethylation defects, such as IDH1/2, or 
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TET1/2/3. Conversely, I-CIMP+ AML was predominantly characterized by known 

mutations in IDH1 or IDH2. 

 

The causes of IDH1/2-independent CIMP remain unknown, but some possibilities are 

lncRNA/miRNA mutations, epigenetic changes affecting epigenetic regulators, and 

exogenous factors (e.g. infectious agents) leading to metabolites affecting DNA 

methylation. Mutations in non-coding RNA species may function by preventing proper 

recruitment of epigenetic regulators to their genomic targets, as has recently been 

described 204, 205. Down-regulation of TET family members, or down-regulation of their 

interacting partners either through DNA methylation or repressive histone marks may also 

explain mutation-independent hypermethylation 206. Finally, it has been shown that 

colorectal cancers harboring high amounts of fusobacterium are enriched for CIMP, and 

EBV is associated with CIMP in gastric cancer 207, 208. It is possible that metabolites and/or 

inflammation related to chronic infections may affect DNA methylation in other disease 

contexts, and it is worth exploring these possibilities in AML.  

 

The specific targets of A-CIMP hypermethylation were to a large degree, normally 

unmethylated CGIs which were significantly enriched for pluripotency maintenance genes. 

This association is also intriguing in light of the genetic background of A-CIMP+ AML which 

has a relatively high frequency of mutations in CEBPA and WT1. Recent data have 

reported interactions between wild-type TET2 and both WT1, and CEBPα 112, 113, 131, 209, 210. 

Di Stefano, et al. found that CEBPα poises B cells for transformation into pluripotent stem 

cells, and induces the expression of TET2, while Sinha, et al. found that mutant WT1 can 

cause DNA hypermethylation at PRC2 targets 131, 210. Both observations are consistent 

with our description of A-CIMP, and may represent one possible contributing mechanism 

in a subset of these patients who harbor such mutations. It is important to note, however, 
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that TET2 mutant AML cases do not phenocopy methylation in WT1 or CEBPA mutant 

cases, suggesting that these genes have additional effects, perhaps on TET1 and/or 

TET3. We speculate that TET1 and TET3 may be more specific to CGIs because they 

contain a conserved CXXC domain that allows them to bind DNA and protect CGIs from 

methylation. TET2 lacks a CXXC domain, and thus its specificity is likely dependent on 

other factors, including its various interacting partners. 

 

From an epigenetic mechanistic perspective, we find these alternative explanations for 

hypermethylation attractive given the very small number of patients in our analyses who 

were classified as harboring both hypermethylator profiles (3%). Presumably A-CIMP and 

I-CIMP may be redundant, but since we do not know the cause of A-CIMP, we can only 

speculate that the two phenotypes very likely arise via different mechanisms. It is also 

notable that in our analyses, true epigenetic instability either manifesting in A-CIMP or I-

CIMP, comprises only about 30% of AML cases. The remaining CIMP-negative leukemias 

are not devoid of epigenetic aberrations, however, many of the DNA methylation changes 

one could observe are likely age-related, and do not reflect distinct cancer phenotypes 211. 

This phenomenon has been shown in colorectal cancer, where the majority of cases show 

aberrant methylation at age-related loci, but are CIMP-negative at disease phenotype-

specific targets 212. Similarly, while we do observe epigenetic aberrations in CIMP-negative 

AML, disease specific hypermethylation is limited to the relatively small subset of A-CIMP 

and I-CIMP leukemias. 

 

A final important implication of our data is the clinical relevance of CIMP in AML 

management. Our analysis revealed that only A-CIMP is associated with a favorable 

prognosis, and that this phenotype tends to occur more frequently in younger patients. 

Because A-CIMP is relatively rare, we could not definitively prove prognostic 
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independence from age, however, we observed trends hinting at independence. Given the 

functional nature of A-CIMP+ hypermethylation targets it is plausible that these patients’ 

improved survival is related to a lack of full dedifferentiation in their leukemia, possibly 

making them more chemosensitive. Because the targets of hypermethylation in I-CIMP+ 

patients are quite distinct, and their outcomes are poor compared to A-CIMP+, this 

subgroup does not seem to respond well to chemotherapy, but may potentially benefit 

from treatment with hypomethylating agents (e.g. decitabine, azacitidine). This possibility 

is further alluded to by recent data suggesting gliomas harboring IDH mutations favor 

hypermethylation of CTCF binding sites and demonstrate reduce expression of the 

oncogenic driver, PDGFRA, upon administration of azacitidine 213. Ongoing clinical trials 

in AML may reveal whether such a treatment strategy benefits patients with an identifiable 

I-CIMP+ epigenomic signature. 

 

In summary, we present evidence of multiple hypermethylator phenotypes in AML. Using 

high-throughput methylation profiling of clinical AML specimens we identified three 

epigenetic phenotypes defined by distinct DNA methylation patterns: A-CIMP+, I-CIMP+, 

and CIMP-. These epigenetic states are associated with differential outcomes and gene 

expression in AML, and were validated using TCGA data. Future studies should focus on 

both further characterizing the transcriptional changes and aberrant epigenetic 

mechanisms associated with these observed methylation patterns in AML, and 

investigating the use of novel epigenetic biomarkers as clinical tools in AML management. 
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Supplementary Figure S1. Flow chart of patient cohorts used for DNA methylation 
analysis. Note that the DREAM cohort contains 42 of the 65 pilot samples, selected based 
on DNA availability. 
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Supplementary Figure S2. Flow chart of differentially methylated promoter CpG 
islands identified by DREAM in the MDACC cohort, and by 450k arrays in the TCGA 
cohort. Comparable hypermethylated CpG sites (≥10% hypermethylation versus normal 
in ≥30% of A-CIMP+ cases) in the 450k arrays were identified as having probes 
interrogating sites within 50 bases of each respective CpG site measured by DREAM. 
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Supplementary Figure S3. Distinct DNA methylation profiles of A-CIMP and I-CIMP. 
Volcano plot differential methylation analysis comparing I-CIMP+ to CIMP- AML for CGI 
sites (a), and non-CGI sites (b). Numbers in volcano plots correspond to differentially 
methylated CpG sites defined by difference in methylation of 20% and FDR<0.05. 
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Supplementary Figure S4. Survival analysis restricted to AML patients younger than 
60 years. a) Kaplan-Meier analysis of AML patients younger than 60 (n=76) from the 
MDACC dataset stratified by A-CIMP status (median OS, years: A-CIMP+ = Not reached, 
A-CIMP- =1.52, P=0.12). b) Kaplan-Meier analysis of AML patients younger than 60 (n=96) 
from the TCGA dataset stratified by A-CIMP status (median OS, years: A-CIMP+ =2.59, 
A-CIMP- =2.17, P=0.19). 
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Supplementary Figure S5. Genetic mutations associated with A-CIMP+ and I-CIMP+. 
Likely somatic mutations detected in AML based on variant filtering criteria (see methods). 
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Supplementary Figure S6. TCGA validates presence of multiple hypermethylation 

phenotypes in AML. a) Hierarchical clustering of 194 AML patient samples and 24 normal 

blood controls on the basis of CpG sites filtered for variable methylation in AML, and low 

methylation in normal blood (see methods). b) Kaplan-Meier survival analysis of 194 cases 
based on the clusters derived in (a). A-CIMP+ patients demonstrated a survival advantage 

relative to CIMP- patients, while I-CIMP+ patients did not (median OS, years: A-CIMP+ 

=2.34, I-CIMP+ =1.25, CIMP- =1.00, P=0.02). c) The distribution of methylation values 

across all 6,843 selected CpG sites from (a) were stratified by cluster. Vertical lines 
correspond to the median of average methylation values across all CpG sites for each 

respective cluster. P-value was computed using the non-parametric Kruskal-Wallis test.  
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Supplementary Figure S7. Refining a methylation classifier of A-CIMP and I-CIMP. 
Volcano plot differential methylation analysis used to select classifiers of A-CIMP and I-
CIMP at CGI sites (a), and non-CGI sites (b). Numbers in volcano plots correspond to 
differentially methylated CpG sites defined by difference in methylation beta value of 20% 
and FDR<0.001. 
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Supplementary Figure S8. Characterization of I-CIMP+ AML in the TCGA cohort. a) 
Hierarchical clustering of 194 AML patient samples and 24 normal blood controls on the 
basis of 764 I-CIMP-specific hypermethylated CpG sites. b) Kaplan-Meier survival 
analysis of 194 cases based on the clusters derived in (a) showing 28 I-CIMP+ patients 
having statistically equivalent OS compared to I-CIMP- patients (median OS, years: I-
CIMP+ =1.58, I-CIMP- =1.17, P=0.98). c) Clinical characteristics associated with I-CIMP+ 
versus I-CIMP- AML demonstrating a tendency for fewer favorable cytogenetic aberrations 
and no difference in age. d) Somatic mutations associated with I-CIMP+ AML. * P < 0.05, 
** P < 0.01, *** P < 0.001. 
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Supplementary Figure S9. I-CIMP+ AML is defined by non-CGI enriched 
hypermethylation distinct from A-CIMP. Volcano plot and density plot differential 
methylation analysis between I-CIMP+ and I-CIMP- for CGI sites (a), and non-CGI sites 
(b); between I-CIMP+ AML and normal blood for CGI sites (c), and non-CGI sites (d). 
Numbers in each volcano plot correspond to CpG sites with methylation beta-value 
differences greater than 0.2, and FDR<0.001. Numbers in each density plot correspond 
to CpG sites with methylation beta-value differences compared to normal blood greater 
than 0.2. Orange dashed lines in density plots represent LOWESS regression of the CpG 
density data. e, f) Overlap in hypermethylated CpG sites from analysis comparing A-
CIMP+, I-CIMP+, and CIMP- to normal blood for CGIs (e) and non-CGIs (f). g, h) Overlap 
in hypomethylated CpG sites from analysis comparing A-CIMP+, I-CIMP+, and CIMP- to 
normal blood for CGIs (g) and non-CGIs (h). 
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Supplementary Figure S10. Methylation status is associated with distinct genetic 
backgrounds. Circos plots showing the relationship between methylator phenotypes and 
genetic mutations for A-CIMP+ (a), I-CIMP+ (b), and CIMP- (c). 
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Supplementary Figure S11. Down-regulated genes in A-CIMP are negatively 
correlated with promoter CGI methylation levels. a) Flow chart for identification of 
hypermethylated and down-regulated genes. b) Of the 403 genes down-regulated in A-
CIMP+ AML with available 450k data, the majority had a negative correlation between 
expression and promoter CGI DNA methylation (top panel). Sixty percent of these 
negative correlations reached statistical significance (bottom panel). 
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Supplementary Figure S12. Additional validation of the prognostic importance of A-
CIMP-like gene expression. a) Hierarchical cluster analysis of GSE23312-GPL10107 
AML cases based on expression of all down-regulated and hypermethylated genes in A-
CIMP identified from TCGA. b) Average expression z-scores for clusters in (a). c) Kaplan-
Meier analysis of gene expression clusters from (a). * P<0.05, ** P<0.01, *** P<0.001. 
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Supplementary Figure S13. A-CIMP compared to previously published methylator 
phenotype markers. a) Hierarchical clustering of 194 TCGA AML cases on the basis of 
promoter CGI sites for previously reported genes 101 to identify “Marcucci et al. CIMP” (M-
CIMP). b) Kaplan-Meier survival analysis of clusters derived in panel (a). c) Kaplan-Meier 
survival analysis of clusters derived in panel (a) in conjunction with A-CIMP status. d) 
Hierarchical clustering of 461 AML cases from GSE6891 on the expression of interrogated 
genes from the M-CIMP signature (includes CD34, RHOC, SCRN1, F2RL1, and 
FAM92A1). e) Stripchart showing average normalized expression values for clusters 
derived in (d). Based on this analysis, Cluster 1 was considered M-CIMP+ and the other 
clusters M-CIMP-. f) Kaplan-Meier survival analysis of the clusters derived in (d) show M-
CIMP+ cases have significantly improved outcomes. g) Multivariate Cox regression 
analysis showed that A-CIMP and M-CIMP are independently prognostic in the GSE6891 
dataset. A+/- = A-CIMP status, I+/- = I-CIMP status, M+/- = M-CIMP status. 
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Supplementary Tables 

Supplementary Table S1 
 
Clinical characteristics of pilot AML cohort 

Variable OS < 12 months OS ≥ 12 months P-value 

Number of cases 32 33 - 

Median age (range) 61 years (17-76) 48 years (17-77) 0.04 

Female gender 15 (47%) 17 (52%) 0.75 

Cytogenetic risk    

Favorable 1 (3%) 4 (12%) 0.01 

Intermediate 14 (44%) 22 (67%) 0.01 

Adverse 15 (47%) 5 (15%) 0.01 

Median peripheral blood blast % (range) 39% (4-95) 71% (4-96) 0.21 

Median bone marrow blast % (range) 64% (20-89) 72% (27-94) 0.29 

Median white blood cells, 10³/µL (range) 32 (1-271) 42 (1-312) 0.55 

Median platelets, 10³/µL (range) 49 (16-376) 41 (11-258) 0.48 

Complete chemotherapy response 17 (53%) 31 (94%) < 0.01 

Relapse after response 17 (50%) 13 (39%) < 0.01 

DNMT3A mutation 5 (16%) 5 (15%) > 0.99 

FLT3-ITD mutation 13 (41%) 7 (21%) 0.11 

NPM1 mutation 12 (38%) 13 (39%) > 0.99 

IDH1 R132 mutation 0 (0%) 3 (9%) 0.24 

IDH2 R140 mutation 4 (13%) 4 (12%) > 0.99 

IDH2 R172 mutation 1 (3%) 0 (0%) 0.49 

Any IDH1 or IDH2 mutation 5 (16%) 6 (18%) > 0.99 
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Supplementary Table S2 
 
List of genes with promoter CGI hypermethylation in A-CIMP+ AML 
identified by both DREAM and 450k arrays 

ACTL6B ENTPD2 LOC100128811 SHISA2 

ADM2 FAM110C LOC100132215 SKOR1 

AJAP1 FAM132A LPPR5 SLC13A5 

ARRDC2 FBXO17 MADCAM1 SLC6A3 

B3GAT1 FGFR2 MAGI1 SLC9A3 

BARX1 FLJ31485 MIR1247 SPAG6 

BHLHA15 FOXE1 MIR1253 SPON2 

BMP7 FOXQ1 MIR3131 SSTR5 

C14orf132 GRIK3 MIR375 SYNGR3 

C14orf162 HAP1 MNX1 SYT13 

CES4A HOXA6 NELL2 TJP1 

COBL INHBB NES TLX3 

COL5A1 IRX1 ONECUT3 TOX2 

CPT1C ITGA8 OSCP1 TTC22 

CRIP2 KCNK10 P2RX2 TWIST2 

CTTNBP2 KCTD11 PARD3B VENTX 

CWH43 KIF17 PCDP1 WNT2B 

DMRT1 LAD1 PRDM5 WNT6 

DNASE1L2 LHX1 PRDX2 WNT9B 

DPYSL4 LMX1A RND2  
EFNA4 LOC100128338 SALL1  

 

  



71 

 

Supplementary Table S3 
 
Differentially methylated sites from preliminary pyrosequencing data 

  Number of patients with methylation over threshold   

Gene OS < 12 months (out of 32 patients) OS ≥ 12 months (out of 33 patients) P-value 

SCGB3A1 2 11 < 0.01 

NPM2 2 12 < 0.01 

CDKN2B 12 22 0.02 

OSCP1 6 14 0.04 

SLC26A4 (+355) 4 5 0.76 

SLC26A4 (-15) 14 17 0.45 

CDH13 22 27 0.22 

OLIG2 9 15 0.15 

PGRB 15 19 0.39 

PGRA 15 18 0.54 

LINE1 27 32 0.08 
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Supplementary Table S4 
 
Multivariate Cox regression analysis for hypermethylation in pilot cohort 

Variable HR 95% CI P-value 

Univariate Cox Regression    

Low methylation 2.11 1.11-4.00 0.02 

Age 1.02 1.01-1.04 <0.01 

Cytogenetics 2.16 1.29-3.59 <0.01 

FLT3-ITD-negative 0.58 0.32-1.05 0.07 

Blast % 1.00 0.98-1.01 0.58 

    

Multivariate Cox Regression    

Low methylation 3.20 1.56-6.56 <0.01 

Age 1.03 1.01-1.05 0.01 

Cytogenetics 2.89 1.63-5.12 <0.01 

FLT3-ITD-negative 0.38 0.19-0.75 <0.01 

Blast % 1.00 0.98-1.02 0.97 
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Supplementary Table S5 
 
Additional clinical characteristics associated with A-CIMP 

Variable A-CIMP+ A-CIMP- P-value 

Total samples in cluster 43 151 - 

Median peripheral blood blast % (range) 68 (0-95) 74 (0-100) 0.74 

Median bone marrow blast % (range) 50 (0-96) 25 (0-98) 0.07 

Median white blood cells, 10³/µL (range) 28 (1-224) 15 (1-298) 0.6 

Median platelets, 10³/µL (range) 42 (12-232) 53 (8-351) 0.97 
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Supplementary Table S6 
 
Additional clinical characteristics associated with I-CIMP 

Variable I-CIMP+ I-CIMP- P-value 

Total samples in cluster 28 166 - 

Median peripheral blood blast % (range) 79 (39-99) 71 (0-100) 0.04 

Median bone marrow blast % (range) 62 (0-97) 22 (0-98) < 0.01 

Median white blood cells, 10³/µL (range) 23.5 (1-132) 17 (1-298) 0.52 

Median platelets, 10³/µL (range) 43 (11-175) 52.5 (8-351) 0.23 
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Supplementary Table S7 
 
Genes with promoter CGI hypermethylation in A-CIMP+ AML compared to I-CIMP+ cases (Δ > 0, -log(FDR) > 2) 

A2BP1 CDX2 FAM196A IGSF9B NEFL RASEF TDRD5 

AASS CELSR1 FAM19A4 IHH NEFM RASGRF2 TEKT3 

ABCC8 CELSR3 FAM38B IMPACT NELL1 RASL12 TF 

ACCN1 CHAT FAM71E1 INS-IGF2 NELL2 RASSF10 TFAP2C 

ACSS3 CHL1 FAM84A IQSEC1 NGF RAX THBS4 

ACTA1 CHODL FAT4 IRF6 NINL RBM24 THNSL2 

ACTL6B CHRM2 FBLL1 IRX2 NIPAL4 REC8 THRB 

ACTN3 CHST8 FBLN2 IRX4 NKAIN4 RELN TJP1 

ADAM12 CHST9 FBXL15 ISL1 NKAPL REM1 TLX3 

ADAM32 CIDEA FBXL21 ISLR2 NKX1-2 RFX6 TM6SF2 

ADAMTS16 CLDN7 FBXL7 ITGA8 NKX2-1 RGS7 TMC5 

ADAMTS9 CLIC6 FBXO39 JAKMIP1 NKX2-2 RGS7BP TMEM108 

ADCY8 CLVS2 FEZ1 KCNA1 NKX2-3 RHOD TMEM132D 

ADCYAP1 CNR1 FGF12 KCNA4 NKX2-4 RIPPLY2 TMEM132E 

ADD2 CNTN5 FGF3 KCNC1 NKX2-6 RNF180 TMEM155 

ADRA1A CNTNAP2 FLJ16779 KCND2 NLRP14 ROBO3 TMEM171 

AFAP1 CNTNAP5 FLJ41350 KCND3 NOL4 RORA TMEM20 

AGBL4 COBL FLJ43390 KCNE1 NOTO RSPO4 TMEM200B 

AIFM2 COL12A1 FLJ44817 KCNIP4 NPAS2 RTN1 TMEM215 

AKAP12 COL21A1 FLJ45983 KCNJ12 NPBWR1 RXFP3 TMEM229A 

ALDH1A2 COL25A1 FNDC1 KCNJ3 NPHS2 S1PR5 TMEM61 

ALDH1L1 COL4A3 FOXA2 KCNK1 NPNT SALL1 TMEM90A 

ALX1 COL4A4 FOXI2 KCNK10 NPY2R SALL3 TMEM98 

ANGPTL5 COL5A3 FOXI3 KCNK12 NPY5R SASH1 TMPRSS2 

ANKMY1 COL9A1 FOXQ1 KCNK2 NR2E1 SCGN TNFSF11 

ANKRD20B COL9A2 FZD10 KCNN2 NR2F2 SCNN1B TOX2 

ANKRD30B CPNE8 GABRA2 KCNS3 NRG1 SCRN1 TPM1 

ANKRD34B CPT1C GABRA4 KCNV1 NRG3 SDHAP3 TRAM1L1 

ANKRD57 CR1L GABRA5 KIAA1024 NRSN1 SEMA6A TRHDE 

ANO1 CRB3 GABRG3 KIAA1239 NRXN3 SEPT10 TRIM32 

ANO3 CRMP1 GALR1 KIAA1377 NXPH1 SFRP1 TRIM61 

AP1M2 CRTAC1 GATA3 KIAA1755 NXPH2 SFRP2 TRIM67 

APCDD1L CTGF GATA4 KIF5C OCA2 SGCB TRPA1 

ARHGAP29 CTNNA2 GBX2 LAD1 ODZ4 SGPP2 TRPC4 

ARHGEF10 CTNND2 GDAP1L1 LBX1 ONECUT3 SGSM1 TRPC6 

ASTN2 CWH43 GFRA1 LGR6 OPRK1 SH3GL3 TSPYL5 

B4GALNT2 CXCL12 GHSR LHX5 OTOP3 SHISA2 TTBK1 
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Supplementary Table S7, continued 

BARX2 CXCL16 GJD2 LMX1A OVOL1 SHISA9 TTC23L 

BCAR1 CYP1B1 GLRA3 
LOC1001288
11 

OVOL2 SIM2 TUSC3 

BHLHA9 CYP26B1 GNAL 
LOC1001923
79 

OXGR1 SIX1 UCHL1 

BMP4 DACT2 GNMT LOC134466 PAK7 SIX2 UGGT2 

BMPR1B DBC1 GPC2 LOC169834 PARVA SIX6 UGT8 

BOK DBX1 GPR123 LOC200726 PAX1 SKAP1 UNC13A 

BOLL DBX2 GPR158 LOC283392 PAX3 SLC12A5 UNC5D 

BRUNOL4 DCHS2 GPR26 LOC283731 PAX6 SLC12A8 UNC80 

BSX DCLK1 GPR37 LOC389493 PCDH10 SLC18A2 UNCX 

BTG4 DIO3 GPR39 LOC404266 PCDH8 SLC18A3 UPK3A 

BVES DKK3 GPR6 LOC642597 PCDHA12 SLC19A3 USH1C 

C10orf107 DLX4 GPR78 LOC643719 PCDHA6 SLC22A3 USP44 

C10orf35 DLX5 GPR83 LOC643923 PCDHA7 SLC24A4 VAX1 

C10orf53 DMRT1 GREM1 
LOC729991-
MEF2B 

PCDHAC2 SLC32A1 VGLL2 

C10orf72 DMRT3 GRHL2 LPPR5 PCDHGA1 SLC34A2 VSNL1 

C10orf82 DMRTA2 GRIA4 LRAT PCDHGA4 SLC35F1 VSTM2A 

C11orf70 DNAH9 GRIK2 LRIG3 PCDHGA6 SLC5A7 VSX1 

C11orf88 DOCK1 GRIN2A LRRC3B PCDHGA9 SLC6A11 VWA3B 

C12orf42 DOK6 GRIN3A LRRTM1 PCDHGB6 SLC6A15 VWC2 

C13orf33 DPP6 GRM6 LUZP2 PCLO SLC6A2 WBSCR17 

C14orf132 DPY19L2 GRP LYNX1 PCSK1 SLC6A20 WDR69 

C14orf39 DPY19L2P2 GSC2 LYPD1 PCSK9 SLC6A3 WDR72 

C16orf73 DPY19L2P4 GSTM1 LYPD5 PDE10A SLC9A3 WDR86 

C17orf102 DPYSL4 GUCY1A2 MACROD2 PDLIM4 SLIT2 WFS1 

C17orf104 DRD1 GULP1 MADCAM1 PDX1 SLIT3 WNK2 

C18orf34 DRD2 HAND2 MAL2 PDZRN3 SMOC2 WNT2 

C19orf63 DRD4 HAS3 MAP1B PENK SNAP91 WNT5A 

C19orf76 DRD5 HBM MARVELD2 PHF21B SNX31 XKR6 

C1orf115 DSC3 HCG4 MARVELD3 PHOX2A SORCS3 ZAR1 

C1orf172 DSCAM HECW1 MCHR2 PHYHIPL SOX1 ZBTB8B 

C1orf65 DSCAML1 HELT MCOLN2 PITX2 SOX14 ZDBF2 

C1orf94 DSG2 HHIPL1 MEF2B PLA2G16 SOX17 ZDHHC24 

C1QL2 DUOX1 HIST3H2A MGC2889 PLD5 SOX21 ZFP2 

C20orf85 DUOXA1 HIST3H2BB MIPOL1 PLIN5 SOX7 ZFP37 

C2orf65 EBF2 HMGCLL1 MIR10B PLSCR4 SP9 ZFP42 

C4orf39 EDN3 HMX2 MIR124-3 PON3 SPAG17 ZFR2 

C5orf38 EFEMP1 HOXA10 MIR1247 POU4F3 SPAG6 ZIC1 
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Supplementary Table S7, continued 

C5orf49 EFHA2 HOXA6 MIR1258 PPAP2C SPATA18 ZIC2 

C5orf52 EFS HOXA9 MIR129-2 PPP1R14A SPHKAP ZIC4 

C6orf155 EGFLAM HOXB13 MIR1469 PPP1R3C SRD5A2 ZIC5 

C7orf63 ELAVL2 HOXB5 MIR196B PPYR1 SSTR4 ZMYND15 

C8orf84 ELAVL4 HOXB7 MIR203 PRDM14 ST6GAL2 ZNF135 

CABYR ELMOD1 HOXC11 MIR34B PRDM5 
ST6GALNAC
5 

ZNF214 

CACNA1D ELOVL4 HOXC12 MIR34C PRKCDBP ST8SIA3 ZNF215 

CACNA1E EMID2 HOXC9 MKX PRKD1 STAC ZNF229 

CADPS EMILIN3 HOXD1 MLF1 PRLHR STAG3 ZNF287 

CADPS2 EMX2 HOXD11 MLPH PRMT8 STEAP2 ZNF300 

CALCB EMX2OS HOXD12 MNX1 PRUNE2 STL ZNF354C 

CALCR EPHA10 HOXD4 MOCS1 PSD STOX2 ZNF365 

CBLN4 EPO HOXD8 MOGAT1 PTF1A SULT4A1 ZNF385B 

CCDC108 ESRRG HOXD9 MPPED2 PTGDR SUSD5 ZNF418 

CCDC140 ETV1 HRASLS MSX2 PTH2R SYN2 ZNF454 

CCDC37 EVC2 HS3ST2 MT1A PTPN5 SYN3 ZNF483 

CCDC60 EYA4 HS3ST6 MTMR7 PTPRN SYNE1 ZNF502 

CCDC67 FAM110B HS6ST3 MTNR1A PTPRO SYT13 ZNF518B 

CCDC68 FAM110C HTR1B MYH14 PTPRT SYT9 ZNF578 

CCDC81 FAM123A HTR4 MYOCD PTPRZ1 TAC1 ZNF793 

CCK FAM123C HTR6 MYOD1 PTRF TBC1D12 ZNF804B 

CDC14B FAM135B HUNK NALCN PXDN TBPL2 ZNF880 

CDH1 FAM155A HYDIN NBLA00301 QRFPR TBX18 ZSCAN1 

CDH8 FAM164A IGF2 NCAN RAB36 TBX20 ZSCAN18 

CDKL2 FAM169A IGF2AS NECAB1 RALYL TBX5   

CDO1 FAM184B IGF2BP1 NEFH RAPGEFL1 TCL1A   
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Supplementary Table S8 
 
Upstream regulator analysis of genes with promoter CGI hypermethylation in A-CIMP+ AML 
compared to I-CIMP+ cases (∆ > 0, -log(FDR) > 2) 

Upstream regulator Molecule type P-value of overlap Target molecules in dataset 

NANOG transcription regulator 9.90E-04 
GBX2, ISL1, PAX6, 

VSTM2A, ZFP42 

POU5F1 transcription regulator 3.18E-03 GBX2, ISL1, PAX6 

CTCF transcription regulator 3.18E-03 
PAX6, PCDHA12, 

PCDHGA4 

SOX2 transcription regulator 5.59E-03 GBX2, ISL1, PAX6 

SBDS other 8.05E-03 
CRMP1, MSX2, MYEF2, 

NEFM 

KCNIP4-IT1 other 9.26E-03 KCNIP4 

ASB2 transcription regulator 9.26E-03 HOXA9 

CTNNB1 transcription regulator 1.07E-02 
FOXQ1, KCNIP4, MME, 

MSX2, SLC6A2 

RAD21 other 1.45E-02 PCDHA12, PCDHGA4 

mir-29 microrna 1.60E-02 ADAM12, ADAMTS9 

YBX1 transcription regulator 1.60E-02 EFEMP1, RELN 

Ras homolog group 1.84E-02 TJP1 

LMX1B transcription regulator 1.84E-02 COL4A4 

KCNJ2 ion channel 1.84E-02 MYEF2 

TACR1 
g-protein coupled 

receptor 
1.84E-02 TAC1 

REST transcription regulator 2.06E-02 GJD2, TAC1 

MECP2 transcription regulator 2.06E-02 ADAM12, RELN 

ZNF217 transcription regulator 2.72E-02 DPP6, PAX6, SLC6A15 

LEO1 other 2.75E-02 HOXA9 

gelatinase group 2.75E-02 TJP1 

SOX5 transcription regulator 2.75E-02 SPAG6 

ACE peptidase 2.75E-02 TAC1 

CARD11 kinase 2.75E-02 MME 

DSP other 2.75E-02 DSC3 

TCF group 3.25E-02 MME, MSX2, SLC6A2 

CDC73 other 3.65E-02 HOXA9 

ZFYVE9 peptidase 3.65E-02 TJP1 

miR-7a-5p (and 
other miRNAs 
w/seed 
GGAAGAC) 

mature microrna 3.65E-02 NEFM 

PHOX2A transcription regulator 3.65E-02 SLC6A2 

NR4A2 
ligand-dependent 
nuclear receptor 

3.65E-02 KCNIP4 

PHOX2B transcription regulator 3.65E-02 PHOX2A 

RELA transcription regulator 4.14E-02 
ORAI1, SLC2A4, TAC1, 

TRPC6 
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Supplementary Table S8, continued 

TET1 other 4.55E-02 HOXA9 

LIPE enzyme 4.55E-02 SLC2A4 

NFIC transcription regulator 4.55E-02 ADAM12 

 

  



80 

 

Supplementary Table S9 
 
Network analysis of genes with promoter CGI hypermethylation in A-CIMP+ AML compared to I-CIMP+ cases (∆ > 0, 
-log(FDR) > 2) 

Molecules in Network Score Focus Molecules Top Diseases and Functions 

ADAP1, alpha2-adrenergic receptor, BRK1, 
CYFIP2, DSC3, EZH2, GABRA2, GALR1, 
GNAI2, GNB4, GPR68, GPR176, GRIA4, 
GRIK2, HAMP, HOXB5, IL17RB, JAK1, 
JAKMIP1, JARID2, KRT81, LPHN2, LSS, 
MAL2, MGEA5, MTNR1A, NCKAP1, NEFM, 
OPRK1, PAX1, ROMO1, SFRP5, SOX5, 
SPAG6, TNF 

21 15 
Cancer, Hematological Disease, 

Organismal Injury and 
Abnormalities 

ABHD2, DIO3, DLX1, DLX4, DPP6, GBX2, 
GOLGA6A (includes others), GULP1, HOPX, 
IER5L, ISL1, LBX1, LHX2, LHX5, NANOG, 
NCL, NKX2-3, NR3C1, NTF3, ORAI1, OTP, 
OTX1, PAX6, PCDHGA4, POU5F1, RAD21, 
RELA, SLC35G1, SLC6A15, SP1, UGDH, 
VSTM2A, ZFHX3, ZFP42, ZNF217 

19 14 
Cellular Development, 

Embryonic Development, 
Organismal Development 

ACKR2, Akt, BTC, C4orf27, CCL25, CDH8, 
CDH13, CLEC11A, CLEC4A, CLEC4C, 
EGLN2, ERK1/2, estrogen receptor, FXN, 
GOLGA2, GORASP2, IAPP, MYEF2, NEU1, 
NFkB (complex), P38 MAPK, PACSIN2, 
PARVA, PCDH8, PFKFB2, PI3KÎ³, PRLHR, 
SH3GLB2, STAB2, TAC1, TBC1D4, TCL1A, 
TJP1, TRPC6, UGT8 

16 12 

Cellular Function and 
Maintenance, Skeletal and 

Muscular System Development 
and Function, Cardiovascular 

System Development and 
Function 

AIM1, CNN2, COL4A3, CRAT, CTNNB1, 
DEFA5, DPEP1, EDN3, EFEMP1, ELAVL2, 
F13A1, FOXQ1, GAD1, GLI1, GPR37, GPX2, 
HSD17B2, IHH, ITGB3, KCNIP4, MAML1, 
MME, MSX2, MUC6, PCCA, PDLIM2, 
PHOX2A, RCN1, SLC22A3, SLC26A2, 
SLC6A2, STUB1, TCF, TOB2, VEGFA 

16 12 
Organismal Development, 

Cellular Movement, Cellular 
Assembly and Organization 

ACO1, ADAM12, ADAMTS9, Ap1, ARL4C, 
COL7A1, DGKI, DXO, E2F1, EYA4, FLNC, 
HLA-E, IFITM3, IGFBP7, KCNN2, Lh, LRAT, 
MAPK1, MARVELD3, mir-29, NFS1, NPPC, 
NR0B1, PDLIM3, PITX2, PPT2, PTP4A1, 
PTPN7, SERTAD1, SMARCA4, SMARCD1, 
SRD5A2, TK1, TPSD1, WNT2 

14 11 

Developmental Disorder, 
Organismal Injury and 

Abnormalities, Reproductive 
System Disease 

AGTR1, BANP, CHFR, COL25A1, COL9A1, 
CSNK2A2, DNMT1, ERMAP, HCG4, HDAC1, 
HDAC10, HIST1H4C, Histone h3, HOXA9, 
HOXA11, HOXD1, HR, MEIS1, MYT1, NACC2, 
NKD1, PAF1, PAK7, PCDHA12, PCDHAC2, 
PDX1, RELN, RGS10, RNA polymerase II, 
RPL10A, RPRM, SF3B3, SLIT3, SPTA1, 
SRRM2 

12 10 
Gene Expression, Cancer, 
Developmental Disorder 
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ABCC5, CCDC53, CHMP1B, COL4A3BP, 
CRMP1, DDX54, DOCK1, DPY19L2P2, EGFR, 
ERBB2, ESPL1, ESR1, GTSE1, KIAA0196, 
KIAA1033, MATK, NELL2, NUPR1, PARP1, 
PARP2, PLXNB2, PM20D2, PRIM1, PTPRK, 
SLC2A4, SLC2A12, SLC39A8, SRC, 
STAMBP, TAGLN2, TEP1, TMEM97, TP53, 
UNC5B, ZPR1 

12 10 
Cancer, Organismal Injury and 

Abnormalities, Hereditary 
Disorder 

SFR1, SWI5 2 1 
Cell Morphology, Cellular 

Function and Maintenance, Cell 
Death and Survival 

PRKCA, ZSCAN1 2 1 
Cellular Movement, Cell Cycle, 

Cellular Development 

CNOT10, GRB2 2 1 

Cellular Movement, Connective 
Tissue Development and 

Function, Renal and Urological 
System Development and 

Function 

COL4A4, LMX1B 2 1 
Embryonic Development, Organ 

Development, Organismal 
Development 

CELSR3, NCOA1 2 1 

Cellular Development, 
Reproductive System 

Development and Function, 
Tissue Development 

SLC32A1, UHRF2 2 1 
Amino Acid Metabolism, Lipid 
Metabolism, Small Molecule 

Biochemistry 

ZNF24, ZSCAN18 2 1 
Tissue Development, 
Neurological Disease, 

Embryonic Development 

CDC25B, PEG3 2 1 
Tissue Morphology, Cancer, 

Cell Cycle 

GJD2, REST 2 1 

Cell-To-Cell Signaling and 
Interaction, Cellular Assembly 

and Organization, Nervous 
System Development and 

Function 

MLPH, RAB27A 2 1 

Cellular Assembly and 
Organization, Hair and Skin 
Development and Function, 

Developmental Disorder 
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Supplementary Table S9, continued 

AP2A1, TALDO1 2 1 
Hereditary Disorder, Metabolic 

Disease, Carbohydrate 
Metabolism 

CBLN4, DCC, NTN1 2 1 
Cell Morphology, Cellular 

Assembly and Organization, 
Cellular Development 

COPA, COPB1, COPE, COPG1, SACM1L 1 1 

Infectious Disease, 
Carbohydrate Metabolism, 

Cellular Assembly and 
Organization 

 

 

  



83 

 

 

Supplementary Table S10 
  
Analysis of differentially expressed genes in A-CIMP+ 

Gene symbol 
Expression 

log(fold-change) 
Expression FDR 

Average 
methylation 
difference 

Spearman ρ 
Correlation 

P-value 

TMEM20 -2.72 5.43E-11 0.27 -0.80 7.22E-40 

ZNF354C -1.13 1.23E-03 0.24 -0.79 1.78E-39 

UGGT2 -2.97 1.30E-08 0.33 -0.78 4.55E-37 

TSPYL5 -2.88 1.42E-08 0.31 -0.76 8.43E-34 

TBC1D12 -3.15 9.53E-13 0.31 -0.71 8.68E-29 

XKR6 -3.01 5.85E-10 0.32 -0.71 1.92E-28 

ZNF502 -1.07 2.37E-03 0.30 -0.70 1.21E-27 

ZNF229 -1.40 5.61E-03 0.27 -0.70 2.04E-27 

MARVELD2 -1.63 7.70E-05 0.42 -0.69 4.38E-26 

CDK20 -1.07 2.40E-03 0.15 -0.68 5.95E-25 

FAM164A -1.50 2.58E-04 0.21 -0.67 7.82E-24 

CPNE8 -1.41 2.57E-03 0.15 -0.64 6.39E-22 

MPV17L -1.72 1.75E-04 0.11 -0.61 4.49E-19 

FAM110B -2.12 2.37E-04 0.19 -0.60 6.94E-19 

GSTT1 -1.63 2.49E-03 0.15 -0.59 3.79E-18 

STL -1.46 1.80E-03 0.27 -0.59 6.57E-18 

STK33 -1.49 5.98E-03 0.12 -0.55 2.81E-15 

MTX3 -1.16 7.50E-05 0.21 -0.54 8.29E-15 

BMPR2 -1.07 2.40E-04 0.07 -0.54 1.03E-14 

HOXB7 -1.85 8.24E-03 0.17 -0.53 2.28E-14 

ONECUT2 -4.29 3.13E-06 0.23 -0.53 2.69E-14 

SCRN1 -1.38 1.87E-03 0.23 -0.53 4.33E-14 

WFS1 -1.45 6.72E-04 0.20 -0.52 1.86E-13 

NHLRC1 -1.12 3.08E-04 0.13 -0.51 5.04E-13 

ST8SIA6 -1.15 9.62E-03 0.03 -0.51 8.35E-13 

MLF1 -1.16 4.76E-03 0.16 -0.50 8.88E-13 

AASS -2.81 2.45E-06 0.25 -0.50 1.12E-12 

C3orf14 -3.81 5.14E-06 0.29 -0.50 1.61E-12 

MSX2 -3.29 3.32E-03 0.36 -0.50 1.83E-12 

FAM174B -1.47 2.20E-04 0.08 -0.48 1.62E-11 

THBS1 -2.73 2.59E-06 0.06 -0.48 1.69E-11 

C15orf38 -1.62 3.85E-04 0.14 -0.48 2.20E-11 

KCNC3 -3.11 5.56E-09 0.18 -0.48 2.30E-11 

IGF2R -1.51 1.94E-06 0.02 -0.48 2.53E-11 
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PSAT1 -1.44 3.40E-04 0.30 -0.47 4.44E-11 

BFSP1 -1.55 1.49E-04 0.06 -0.47 6.28E-11 

ARHGEF11 -1.12 1.22E-03 0.02 -0.46 1.01E-10 

HCG4 -2.09 1.83E-04 0.31 -0.46 1.08E-10 

GRIN2D -1.39 1.43E-03 0.01 -0.46 1.98E-10 

TCF15 -3.17 1.54E-07 0.21 -0.45 2.63E-10 

SNCAIP -3.89 9.10E-05 0.12 -0.44 1.26E-09 

MAF -1.27 6.98E-06 0.05 -0.43 2.03E-09 

WWC1 -1.71 1.89E-03 0.06 -0.43 2.05E-09 

C21orf63 -1.08 7.10E-04 0.07 -0.43 2.99E-09 

HTR1B -5.87 5.40E-05 0.25 -0.43 3.51E-09 

SPR -1.19 3.54E-04 0.13 -0.42 4.13E-09 

SLC8A3 -2.37 4.83E-05 0.03 -0.42 4.83E-09 

SDR42E1 -2.21 1.90E-06 0.18 -0.42 5.64E-09 

C17orf55 -1.99 2.48E-03 0.01 -0.41 1.95E-08 

RAB11FIP5 -1.77 3.80E-05 0.03 -0.41 2.03E-08 

NFIA -2.05 1.11E-04 0.13 -0.40 2.97E-08 

SUCLG2 -1.00 1.15E-03 0.15 -0.40 3.75E-08 

JAKMIP1 -1.55 3.05E-06 0.34 -0.40 4.17E-08 

LMX1B -2.83 4.45E-03 0.13 -0.40 5.08E-08 

TYMP -1.40 3.09E-04 0.05 -0.39 7.59E-08 

GULP1 -4.92 4.84E-06 0.30 -0.39 9.61E-08 

HS3ST4 -2.71 9.08E-03 0.14 -0.39 9.80E-08 

SRGAP1 -1.41 2.31E-03 0.04 -0.39 1.01E-07 

FEZ1 -2.52 1.16E-06 0.17 -0.39 1.05E-07 

PROX1 -4.10 8.43E-04 0.36 -0.39 1.20E-07 

NCKAP1 -1.87 1.05E-04 0.17 -0.38 1.54E-07 

TRPC1 -1.25 6.35E-03 0.05 -0.38 1.96E-07 

KIAA1598 -3.20 1.11E-11 0.18 -0.37 3.82E-07 

SKAP1 -1.43 1.39E-06 0.22 -0.37 4.04E-07 

MST1R -1.33 9.50E-03 0.11 -0.37 4.43E-07 

TUB -2.37 1.55E-07 0.13 -0.37 4.79E-07 

SASH1 -2.96 2.47E-06 0.28 -0.37 5.14E-07 

UBXN10 -1.69 2.38E-04 0.11 -0.37 5.31E-07 

TBC1D9 -1.52 1.35E-05 0.14 -0.37 5.46E-07 

SDC2 -3.80 3.80E-07 0.10 -0.37 5.79E-07 

KCNK1 -5.15 8.38E-05 0.28 -0.37 6.34E-07 

MIPOL1 -2.75 6.94E-04 0.29 -0.36 6.68E-07 

SGCB -1.37 1.26E-05 0.17 -0.36 6.81E-07 

MOCS1 -1.87 2.20E-04 0.24 -0.36 7.42E-07 
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LYNX1 -1.67 2.91E-04 0.12 -0.36 7.53E-07 

RGS6 -2.04 1.03E-03 0.07 -0.36 8.69E-07 

SH3GL3 -3.48 1.11E-04 0.21 -0.36 9.52E-07 

NMUR1 -1.61 5.47E-04 0.06 -0.36 1.02E-06 

ANXA5 -1.79 2.35E-06 0.13 -0.36 1.03E-06 

NUAK2 -1.21 4.15E-05 0.06 -0.36 1.14E-06 

CDC14B -1.07 3.13E-03 0.14 -0.35 1.93E-06 

MFSD2A -1.01 1.17E-03 0.06 -0.35 2.18E-06 

HNRPLL -1.94 6.05E-10 0.06 -0.35 2.36E-06 

DPYSL4 -1.18 3.54E-04 0.21 -0.34 2.90E-06 

PCOLCE2 -3.09 1.98E-04 0.07 -0.34 3.20E-06 

PDE4A -1.41 1.29E-04 0.02 -0.34 5.42E-06 

LMCD1 -1.33 6.18E-03 0.09 -0.33 5.54E-06 

MFSD7 -1.06 6.40E-05 0.18 -0.33 5.55E-06 

HS6ST3 -3.25 2.95E-03 0.22 -0.33 6.00E-06 

TRPS1 -1.22 1.80E-03 0.00 -0.33 6.18E-06 

TMEFF2 -2.38 3.24E-03 0.10 -0.33 6.47E-06 

ULBP3 -1.17 3.44E-03 0.11 -0.33 8.56E-06 

NKAIN2 -4.02 2.60E-06 0.08 -0.33 8.64E-06 

CADM1 -3.16 1.06E-07 0.24 -0.33 9.20E-06 

LTBP1 -1.78 4.70E-04 0.04 -0.33 9.21E-06 

OXGR1 -2.99 9.74E-04 0.31 -0.33 9.58E-06 

LPAR3 -3.40 2.24E-06 0.18 -0.32 1.21E-05 

PRKCDBP -2.78 6.31E-05 0.17 -0.32 1.39E-05 

WASF3 -1.56 2.21E-03 0.11 -0.32 1.43E-05 

GABRA4 -4.25 4.81E-05 0.27 -0.32 1.59E-05 

FZD3 -1.71 3.54E-04 0.05 -0.32 1.60E-05 

PKP2 -3.03 8.79E-06 0.27 -0.31 2.21E-05 

BACE2 -1.22 9.07E-03 0.06 -0.31 2.23E-05 

RBP4 -1.68 5.90E-03 0.09 -0.31 2.30E-05 

EPB41L3 -2.82 3.86E-06 0.14 -0.31 2.66E-05 

KLF4 -1.16 5.74E-03 0.14 -0.31 2.70E-05 

RTN1 -2.94 1.96E-06 0.21 -0.31 2.78E-05 

LOC400931 -1.07 1.85E-04 0.06 -0.31 2.94E-05 

FAM169A -1.20 1.40E-04 0.27 -0.31 3.44E-05 

CYP1B1 -1.77 6.61E-04 0.11 -0.31 3.46E-05 

SYT17 -2.26 1.57E-05 0.08 -0.30 4.57E-05 

WSCD1 -3.48 1.75E-06 0.11 -0.30 4.76E-05 

BVES -3.34 3.52E-06 0.18 -0.30 5.34E-05 

VDR -1.03 3.06E-03 0.04 -0.30 6.21E-05 
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SLC37A2 -1.11 6.08E-03 0.02 -0.29 7.56E-05 

LCA5 -1.17 2.29E-03 0.13 -0.29 8.74E-05 

SAMD4A -1.04 4.63E-03 0.01 -0.29 1.00E-04 

PDK4 -3.22 2.44E-08 0.13 -0.29 1.01E-04 

LYPD5 -1.33 4.79E-03 0.21 -0.29 1.11E-04 

ITGB5 -1.14 4.03E-04 0.03 -0.29 1.22E-04 

C1orf92 -1.28 2.54E-03 0.12 -0.28 1.47E-04 

SNAP25 -2.61 6.65E-03 0.24 -0.28 1.49E-04 

HES4 -1.61 8.63E-03 0.03 -0.28 1.61E-04 

MCOLN2 -2.31 6.14E-08 0.21 -0.28 1.67E-04 

TPPP3 -1.52 2.39E-03 0.09 -0.28 1.69E-04 

GPRIN1 -1.00 4.30E-03 0.08 -0.27 2.23E-04 

SLC2A14 -1.32 5.73E-03 0.12 -0.27 2.93E-04 

ENAH -1.29 8.73E-03 0.07 -0.27 2.98E-04 

WDR17 -1.66 4.19E-04 0.05 -0.27 3.08E-04 

FOXI2 -4.05 1.60E-03 0.33 -0.27 3.10E-04 

AOX1 -1.39 3.75E-03 0.09 -0.27 3.36E-04 

ULBP1 -1.56 4.08E-03 0.10 -0.27 3.39E-04 

EGLN3 -1.94 1.62E-04 0.13 -0.27 3.56E-04 

MFAP3L -1.26 3.76E-03 0.09 -0.27 3.60E-04 

CDC42BPA -1.74 4.14E-03 0.09 -0.26 3.91E-04 

NTRK1 -1.33 8.96E-03 0.12 -0.26 4.02E-04 

ETV7 -1.61 6.37E-04 0.04 -0.26 4.35E-04 

IL10RA -1.03 1.14E-03 -0.01 -0.26 4.82E-04 

PLSCR4 -2.65 1.72E-05 0.16 -0.26 4.86E-04 

FZD8 -1.89 7.09E-05 0.10 -0.26 5.07E-04 

GNAL -1.00 7.02E-05 0.12 -0.26 5.25E-04 

FAM83F -1.56 3.31E-03 0.25 -0.26 5.63E-04 

PRDM5 -2.26 1.64E-03 0.30 -0.26 6.22E-04 

KCNJ2 -1.91 8.82E-04 0.06 -0.25 6.53E-04 

RAB39 -1.80 6.76E-05 0.09 -0.25 6.62E-04 

TDRD12 -2.29 2.94E-04 0.01 -0.25 6.83E-04 

VAT1L -2.87 6.31E-03 0.09 -0.25 7.02E-04 

SOX21 -3.50 2.51E-03 0.17 -0.25 8.27E-04 

TMEM117 -1.61 1.26E-05 0.01 -0.25 8.69E-04 

CTSL2 -3.49 2.59E-05 0.14 -0.25 9.36E-04 

BATF3 -1.26 4.70E-04 0.04 -0.25 9.64E-04 

KHDRBS3 -1.38 5.58E-03 0.08 -0.24 1.15E-03 

PACSIN1 -2.29 4.20E-04 0.10 -0.24 1.45E-03 

EXT1 -1.35 5.38E-05 0.09 -0.24 1.52E-03 
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MMP17 -1.11 4.21E-03 0.01 -0.24 1.54E-03 

TNFRSF1B -1.12 1.20E-03 0.00 -0.23 2.05E-03 

CDC42EP1 -2.23 9.68E-06 0.03 -0.23 2.14E-03 

PF4 -1.71 3.69E-03 0.04 -0.23 2.30E-03 

LGALS3 -1.34 6.06E-04 0.01 -0.23 2.38E-03 

LRAT -3.94 1.49E-05 0.30 -0.23 2.57E-03 

CYB5R2 -3.70 8.54E-08 0.24 -0.23 2.61E-03 

HTR7 -1.69 4.06E-03 0.01 -0.22 2.72E-03 

MRAP2 -3.45 6.75E-04 0.11 -0.22 2.76E-03 

TDRD5 -3.79 5.76E-03 0.23 -0.22 3.08E-03 

SLC43A2 -1.24 1.08E-04 0.00 -0.22 3.16E-03 

FOXQ1 -7.18 8.82E-04 0.27 -0.22 3.66E-03 

PCSK6 -1.50 1.94E-04 0.10 -0.22 3.72E-03 

ABCC6P2 -2.79 4.48E-03 0.12 -0.22 3.97E-03 

ECE1 -1.19 1.81E-05 0.01 -0.21 4.21E-03 

NECAB1 -1.57 8.43E-04 0.21 -0.21 4.23E-03 

COL25A1 -1.87 2.03E-03 0.33 -0.21 4.31E-03 

RYR2 -5.19 5.97E-06 0.38 -0.21 4.36E-03 

FAM163A -7.69 1.48E-04 0.16 -0.21 5.02E-03 

RYR1 -1.21 3.40E-03 0.09 -0.21 5.04E-03 

OPLAH -1.09 3.44E-03 0.00 -0.21 5.10E-03 

IQCA1 -2.56 2.69E-04 0.23 -0.21 5.23E-03 

DYNC1I1 -2.14 6.00E-05 0.09 -0.21 5.81E-03 

VWA2 -2.58 3.32E-03 0.10 -0.21 5.89E-03 

TRPC6 -2.16 2.84E-03 0.30 -0.20 6.77E-03 

HMX3 -6.93 2.87E-04 0.10 -0.20 7.01E-03 

S100A10 -1.08 3.58E-03 0.07 -0.20 7.56E-03 

TRPV4 -2.63 1.64E-04 0.12 -0.20 7.84E-03 

CHMP4C -2.77 2.34E-05 0.11 -0.20 7.89E-03 

C1orf106 -1.91 1.22E-03 0.04 -0.20 9.16E-03 

SLC47A1 -1.81 1.98E-04 0.11 -0.20 9.35E-03 

KCNH3 -1.32 6.40E-05 0.03 -0.19 9.52E-03 

HIST3H2A -3.94 3.90E-10 0.24 -0.19 9.60E-03 

CGREF1 -1.17 4.03E-04 0.08 -0.19 9.68E-03 

APBB1 -1.37 5.80E-06 0.03 -0.19 1.14E-02 

TPD52L1 -1.54 1.34E-03 0.11 -0.19 1.26E-02 

KCNJ6 -4.15 1.63E-03 0.08 -0.19 1.36E-02 

CNTN5 -3.77 1.83E-03 0.19 -0.19 1.39E-02 

ADAMTSL5 -1.13 1.36E-03 0.11 -0.19 1.39E-02 

SCUBE2 -1.10 5.30E-03 0.05 -0.18 1.44E-02 
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CYP26B1 -2.47 8.52E-04 0.11 -0.18 1.48E-02 

FAM89A -1.12 1.27E-03 0.18 -0.18 1.49E-02 

DPYSL3 -1.35 8.63E-03 0.03 -0.18 1.60E-02 

ST6GAL2 -2.21 4.15E-03 0.26 -0.18 1.64E-02 

HMOX1 -1.78 3.45E-05 0.01 -0.18 1.65E-02 

WNK2 -1.70 6.72E-04 0.24 -0.18 1.66E-02 

PENK -4.68 4.10E-05 0.14 -0.18 1.71E-02 

BAI3 -2.67 6.88E-03 0.04 -0.18 1.73E-02 

PCSK5 -1.22 3.03E-04 0.01 -0.18 1.74E-02 

DZIP1 -1.82 1.18E-03 0.12 -0.18 1.87E-02 

CRIP3 -1.60 5.22E-05 0.13 -0.18 1.88E-02 

MCOLN3 -1.30 7.61E-04 0.14 -0.18 1.94E-02 

CPM -1.72 1.14E-04 0.13 -0.18 2.00E-02 

CAST -1.07 1.45E-06 0.04 -0.17 2.04E-02 

TOX2 -1.29 3.36E-03 0.22 -0.17 2.10E-02 

SULT4A1 -2.89 1.99E-03 0.27 -0.17 2.11E-02 

ATRNL1 -3.34 2.28E-03 0.06 -0.17 2.25E-02 

ZFPM2 -2.66 7.83E-04 0.10 -0.17 2.25E-02 

GOLGA7B -1.05 9.43E-04 0.03 -0.17 2.26E-02 

ARHGAP29 -1.69 1.67E-03 0.22 -0.17 2.34E-02 

FGFR2 -2.43 9.60E-05 0.15 -0.17 2.41E-02 

ANKRD34B -3.40 1.29E-05 0.24 -0.17 2.48E-02 

PLCL1 -1.21 2.28E-03 0.03 -0.17 2.58E-02 

ROBO3 -1.06 3.52E-03 0.25 -0.17 2.68E-02 

GNA14 -1.45 6.15E-04 0.05 -0.17 2.72E-02 

SPOCK1 -1.52 7.26E-03 0.06 -0.17 2.82E-02 

ZNF804B -4.52 4.01E-03 0.23 -0.17 2.82E-02 

SERINC2 -1.50 3.19E-03 0.08 -0.16 2.89E-02 

NRGN -1.25 3.54E-04 0.01 -0.16 2.90E-02 

FAM78B -1.56 1.19E-03 0.11 -0.16 3.15E-02 

DOCK3 -1.70 8.93E-05 0.04 -0.16 3.24E-02 

ZNF365 -1.04 7.52E-03 0.20 -0.16 3.32E-02 

FGF12 -3.73 1.44E-03 0.29 -0.16 3.43E-02 

CRIP1 -1.20 1.54E-03 0.09 -0.16 3.57E-02 

CNN3 -1.93 9.80E-05 0.26 -0.16 3.78E-02 

RET -1.42 1.43E-03 0.06 -0.16 3.89E-02 

TRPA1 -1.65 3.71E-03 0.21 -0.16 3.93E-02 

MOCOS -2.46 1.94E-05 0.09 -0.16 3.98E-02 

SPATS2L -1.48 7.66E-06 0.04 -0.16 3.98E-02 

MDGA2 -4.48 2.22E-04 0.23 -0.16 3.99E-02 
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Supplementary Table S10, continued 

PAWR -2.37 8.97E-05 0.07 -0.15 4.41E-02 

TNFSF11 -2.45 3.50E-03 0.25 -0.15 4.41E-02 

CYP11A1 -2.80 7.65E-04 0.03 -0.15 4.45E-02 

MAL -1.63 8.93E-05 0.11 -0.15 4.57E-02 

ZAK -1.01 2.12E-04 0.06 -0.15 4.60E-02 

CCDC144NL -4.71 6.36E-04 0.09 -0.15 4.78E-02 
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CHAPTER 3. DEMETHYLATOR PHENOTYPES IN ACUTE MYELOID LEUKEMIA 

 

Introduction 

 

Epigenetic control of cell fate has long been studied in the context of organism 

development and cancer with non-random DNA methylation marks controlling various 

differentiation states 214, 215. Aberrant hypermethylation has been shown to affect tumor 

suppressor genes in cancer, and widespread hypermethylation defining a CpG island 

methylator phenotype (CIMP) can be observed in many tumor types 99, 216-218. Importantly, 

many examples of specific DNA hypermethylation states have been shown to have clinical 

consequences in terms of therapy response and prognosis 157, 218, 219. Loss of DNA 

methylation in cancer has also been widely accepted for many years, however, the 

genomic targets, causes, and consequences of DNA demethylation remain unclear 92. 

Acute myeloid leukemia is a heterogeneous and lethal disease in which studying the DNA 

methylome is a promising avenue for understanding cancer epigenetics and for clinically 

stratifying patients. While the overall somatic mutation burden in AML is low, some of the 

most frequently altered genes are epigenetic regulators. Approximately 25% of AML cases 

harbor mutations in the DNA methylation writer, DNMT3A 195. Mutations in the 

dioxygenase, TET2 (which functions as a demethylase) have been reported in ~10% of 

cases, and IDH1/2 mutations occur in 10-15% of AML 195. Each of these genes has been 

reported to affect the leukemic methylome. DNMT3A loss/mutation has been shown to 

drive hypomethylation in the context of FLT3-ITD mutations 220, 221. TET2 has been 

reported to cause targeted DNA demethylation in some differentiation-related regions, and 

IDH1/2 mutations have been associated with oncometabolite formation causing 

hypermethylation via a TET-dependent mechanism 192. In addition, our group recently 
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identified a TET2 associated (TET2-DMC-low) profile and a mutation-independent 

hypermethylation signature (A-CIMP) associated with favorable outcomes 218, 222. 

In this study we sought to identify and characterize distinct DNA demethylator phenotypes 

(DMPs) in AML. To this end we studied TCGA AML samples profiled on the Illumina 450k 

platform and queried DNA methylation, genetic mutations, gene expression, and clinical 

outcomes. Our data suggest multiple mutually exclusive DMPs exist in AML: one is 

associated with DNMT3A mutations (DMP.1+), and the other unifies patients with different 

favorable-risk cytogenetic abnormalities (DMP.2+). Each DMP had non-overlapping gene 

expression signatures. We validated and extended these findings in additional 

independent datasets and found DMP.1+ to be associated with poor outcomes, while 

DMP.2+ patients had significantly longer survival, independent of cytogenetic risk and 

age. These results suggest that DMPs may be used to augment existing clinical data for 

patient stratification. 

Methods 

DNA methylation array data 

DNA methylation data on the Illumina HumanMethylation 450k array platform were 

obtained for 194 AML patient samples from the TCGA data portal 195. Methylation data for 

24 normal peripheral blood samples (GSE51388) were used to identify CpG sites which 

are normally methylated 197. Pre-processing of Level 1 data was done using functional 

normalization implemented by the minfi R package 196. We excluded CpG sites with NA 

values and were left with 375324 sites for analysis. In order to enrich for sites which may 

lose methylation in a subset of cancers, we applied filtering criteria to obtain the subset of 

probes which show variable methylation in AML but consistent high methylation in normal 

blood (average beta-value > 0.8 in normal blood and beta-value standard deviation > 0.2 
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in AML). To extend our analysis and increase our statistical power we merged multiple 

AML sample cohorts (TARGET, GSE62298, GSE58477, and GSE64934) interrogated 

with Illumina 450k arrays to compile a superset of 244 additional cases 195, 220, 223-225. We 

merged tables of beta values for these cases using R. To identify previously published 

epigenetic signatures in the superset we performed hierarchical clustering of the cases on 

methylation status of CpG sites for A-CIMP, I-CIMP, and TET2-DMC 218, 222.  

Characterizing hypomethylated CpG sites for protein binding and LINE-1 elements 

Hypomethylated CpG sites were queried for protein binding using available ChIP-seq peak 

data for CTCF and SPI1 in HL-60 cells. Data were downloaded from the UCSC genome 

browser and peaks were overlapped with CpG sites interrogated by the Illumina 450k 

platform using hg19 probe coordinates in BED format with the intersection function in the 

Table Browser 226, 227. LINE-1 repetitive elements were mapped to CpG sites measured by 

the 450k array using RepeatMasker 228. 

RNA-seq analysis 

Level 3 RNA-seq data (per-gene read counts) were obtained for 176 available cases from 

the TCGA data portal 195. Count data were processed with the edgeR package to 

determine differential expression 229, 230. Genes identified as significantly up-regulated in 

demethylator AML clusters were queried for functional annotation enrichments using 

GeneCoDis 231-233. GeneCoDis annotations for Biological Process (BP), Molecular 

Function (MF), and Transcription Factors were analyzed with an FDR-corrected 

hypergeometric test. We filtered the annotations for those with at least 3 query genes 

present. 

Statistics 
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Unsupervised hierarchical clustering was performed in R using Ward’s method 

implemented in the hclust function 200. Comparisons for binary variables (e.g. mutation 

status) across groups were tested using Fisher’s Exact Test. Continuous clinical variables 

(e.g. age, blast count) were compared using Student t-tests. Kaplan-Meier and Cox 

regression analyses were done using the survival package in R 202. Differences in Kaplan-

Meier curves were compared using the log-rank test. Quantitative DNA methylation 

differences were defined as a difference in average beta-value across conditions greater 

than 0.2. Differential expression analysis for RNA-seq data was done using the edgeR 

package and significance was defined as a false discovery rate corrected p-value < 0.05 

with a fold-change of 2. Odds ratios for context-specific DNA hypomethylation (e.g. LINE-

1 repeats, gene bodies, etc.) were calculated in R using the following formula: 

��(�)

=  
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����ℎ
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�� � # ���ℎ
����ℎ
����� ���� �� ��� �
�� �⁄

# ℎ
����ℎ
����� ���� �� ������ �
�� � # ���ℎ
����ℎ
����� ���� �� ������ �
�� �⁄
 

Data availability 

The TCGA and TARGET data used in this study – including Illumina 450k arrays, RNA-

seq, and clinical annotations – are publicly available in the Genomic Data Commons 

(https://gdc.cancer.gov/). Other DNA methylation datasets used are available in the Gene 

Expression Omnibus (GEO): GSE51388, GSE62298, GSE58477, and GSE32251. ChIP-

seq data for HL-60 cells are available on the UCSC Genome Browser 

(https://genome.ucsc.edu/). 

Results 

Distinct demethylator phenotypes in subsets of AML patients 
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To study associations between DNA hypomethylation and AML biology we analyzed 

Illumina 450k arrays interrogating 194 TCGA leukemia samples. Patient characteristics 

are presented in Supplementary Table S11. To enrich for CpG sites that lose methylation 

(i.e. ‘demethylate’) in cancer, we selected for those with high methylation in normal blood, 

and variable methylation across the AML cohort (see methods). Hierarchical clustering of 

the samples based on these 2,606 sites revealed two distinct groups showing profound, 

and to a large degree, non-overlapping hypomethylation: DMP.1+ and DMP.2+ (Figure 

8a). For downstream exploration of DMP biology we refined a classifier of each DMP using 

differential methylation analysis (Figure 8b). From this, we identified signatures of 213 

DMP.2 CpG target sites, and 811 DMP.1 target sites (FDR<0.05 and beta-value difference 

> 0.2; Supplementary Tables S12 and S13). 

Re-classifying the AML samples on the DMP.1 targets revealed a cluster of 31 DMP.1+ 

patients, and the remaining 163 were DMP.1-negative (DMP.1-neg; Fig. 1c). The same 

analysis done using the DMP.2 markers identified groups of 38 DMP.2+ and 156 DMP.2-

negative (DMP.2-neg) cases (Fig. 1d). Importantly, DMP.2+ and DMP.1+ were mutually 

exclusive phenotypes (i.e. no cases were identified as both DMP.2+ and DMP.1+). 
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Figure 8. Identification of demethylator phenotypes in AML. a) Hierarchical clustering 

of 194 AML cases and 24 normal peripheral blood controls based on 2,606 CpG sites with 

high methylation in normal blood (average beta-value > 0.8) and variable methylation in 
AML (beta-value standard deviation > 0.2). b) Volcano plot showing differentially 

methylated CpG sites between DMP.1+ and DMP.2+ cases from (a) which are used as a 

refined DMP classifier. Hierarchical clustering of the cases based on the CpG sites 

identified in (b) classify patients as DMP.1+/DMP.1-neg (c), and DMP.2+/DMP.2-neg (d). 
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Genome-wide DNA methylation spectra of DMP+ AML 

From a DNA methylation perspective, we next sought to explore the features of all 

interrogated genomic loci that lose methylation in DMP+ AML. To this end we performed 

differential methylation analysis for DMP.1 and DMP.2 for specific genomic compartments. 

Using an average beta-value difference threshold of 0.2 we identified 844 sites in CGIs, 

and 10,052 sites in non-CGIs that lose methylation in DMP.1+ AML compared to DMP.1-

neg (Figure 9a and c, respectively). To further dissect the biology of DMP-specific 

hypomethylation we examined genomic compartmentalization of DMP.1-specific CpG 

sites (i.e. those that demethylate in DMP.1+, but not DMP.2+ leukemias). DMP.1-specific 

hypomethylated CGIs were most strongly enriched for gene bodies (odds ratio for 

enrichment =3.96; P<0.001; Figure 9b). For non-CGIs, sites within SPI1 binding 

sequences, CTCF binding sites, and promoters were less likely to hypomethylate in 

DMP.1+ leukemias, but LINE-1 repeats and enhancer regions showed significant 

enrichments for hypomethylation (odds ratios = 0.63, 0.54, 0.61, 1.16, 1.74; P<0.001, 

<0.001, <0.001, <0.01, <0.001, respectively Figure 9d). 

In contrast to DMP.1+, DMP.2+ AML had fewer CpG sites overall which demonstrated 

hypomethylation at both CGIs (699 sites) and non-CGIs (2381 sites) (Figure 9e, and g, 

respectively). Interestingly, there was also more hypermethylation observed in both 

genomic compartments. Enrichments for genomic regions in DMP.2+ specific sites were 

also distinct from those seen in DMP.1+. Hypomethylated CGIs were enriched for gene 

bodies (odds ratio =10.48; P<0.001; Figure 9f), while non-CGI sites within CTCF binding 

regions and gene bodies were significantly more likely to demethylate (odds ratios = 2.97, 

2.18; P<0.001, 0.001, respectively; Figure 9h). 
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Figure 9. Epigenetic characterization of DMP+ leukemias. Differential methylation 

analysis comparing DMP.1+ to DMP.1-neg AML cases revealed widespread 

hypomethylation at CGI (a), and non-CGI (c) sites. Genomic region-specific enrichments 



98 

 

for DMP.1+ hypomethylated sites (beta-value > 0.8 in normal blood and DMP.1+ < 

DMP.2+ minus 0.15) located within CGIs (b) and non-CGIs (d). Differential methylation 

analysis comparing DMP.2+ to DMP.2-neg AML cases revealed hypomethylation, and 
focal hypermethylation at CGI (e), and non-CGI (g) sites. Genomic region-specific 

enrichments for DMP.2+ hypomethylated sites (beta-value > 0.8 in normal blood and 

DMP.2+ < DMP.1+ minus 0.15) located within CGIs (b) and non-CGIs (d).  In left panels, 

orange lines correspond to LOESS regression. Right panels plot the computed odds ratio 
for enrichment and the 95% confidence interval around the estimate. 
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DMP+ leukemias harbor distinct genetic and clinical characteristics 

From a genetic mutational perspective DMP.1+ and DMP.2+ were very different. We 

examined somatic alterations present in the two phenotypes and found that compared to 

DMP.1-neg, the DMP.1+ cases were significantly enriched for mutations in DNMT3A, and 

FLT3 (61% vs. 17% and 71% vs. 19%, respectively, P<0.001; Figure 10a). Strikingly, 

nearly all DMP.1+ cases also harbored mutations in NPM1 (94% vs. 15%, P<0.001; Figure 

10a). In contrast, DMP.2+ cases were characterized by an absence of most common 

leukemia somatic mutations, which was statistically significant for DNMT3A, NPM1, IDH1, 

IDH2, and TP53. (0% vs. 30%, 34%, 12%, 12%, and 10%; P<0.001, <0.001, 0.03, 0.03, 

0.04, respectively; Figure 10b). Genomic rearrangements were also significantly different 

between DMPs, with DMP.1+ cases showing significant enrichment for intermediate 

cytogenetic risk, and no cases harboring any favorable risk abnormality (Figure 10a). 

DMP.2+, however, was characterized by all except one case harboring either t(8;21), 

inv(16), or t(15;17), suggesting a common epigenetic link between different good-risk 

cytogenetic aberrations (97% vs. 0%, P<0.001; Figure 10b). 

 

We next analyzed the data for the presence or absence of known epigenetic signatures; 

A-CIMP and TET2-DMC-low are favorable prognostic factors, while I-CIMP is a non-

prognostic hypermethylation profile associated with IDH1/2 mutations (Supplementary 

Tables S14-S16) 218, 222. In this analysis we found both DMPs to be I-CIMP-negative (0% 

in both; P<0.01), but DMP.2+ cases were enriched for A-CIMP, and almost entirely 

overlapping with TET2-DMC-low (42% vs. 17%, and 89% vs. 9%; P<0.01, P<0.001, 

respectively; Figure 10b). The enrichment for A-CIMP+ leukemias in DMP.2+ may explain 

the observed methylation data (Figure 9e, and g); CpG sites that have low methylation in 
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normal blood can hypermethylate, while sites with high methylation in normal blood can 

demethylate. 

The observed co-occurrence and mutual exclusivity of different genetic mutations in 

DMP+ cases also revealed striking patterns. DMP.1+ AML was enriched for co-occurrence 

of NPM1, FLT3, and DNMT3A mutations (Figure 10c). Furthermore, some patients with 

DNMT3A mutations were DMP.1-neg by DNA methylation (Supplementary Figure S14). 

Interestingly, these cases showed relatively more IDH1/2 and TET2 mutations, while 

having fewer co-occurring FLT3 mutations (Supplementary Figure S15a). In a possibly-

related observation, we found that leukemias which harbored IDH1/2 mutations but were 

I-CIMP-neg were strongly enriched for DNMT3A mutations (Supplementary Figure S15b). 

These data hint at an interaction between DNMT3A and TET-family demethylases (via 

IDH1/2) at the DNA methylation level. 

In contrast to the genetic spectrum in DMP.1+, nearly every DMP.2+ case had one of 

three recurring favorable risk rearrangements. The sole outlier case was positive for A-

CIMP, TET2-DMC-low, and a FLT3 mutation, but lacked other common alterations in AML 

(Figure 10e). Given the genetic and epigenetic changes present in DMP.2-neg cases, 

larger future studies will be needed to determine why DMP.2+ leukemia without favorable 

rearrangements show hypomethylation (Supplementary Figure S16). 

Finally, from a clinical perspective we also observed important differences between DMP.1 

and DMP.2. Neither bone marrow blast percentage nor fraction of patients younger than 

60 differed by DMP.1 status (Figure 10a), however, the DMP.2+ AML signature was more 

likely to occur in younger patients (% younger than 60 = 79% vs. 21%; P<0.001; Figure 

10b). In addition, Kaplan-Meier survival analysis demonstrated DMP.1 status was not 

associated with overall survival (OS) in this cohort (median OS, months: DMP.1+=11.5, 

DMP.1-neg=19; P=0.51; Figure 10d), but DMP.2+ leukemia patients had significantly 
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improved OS (median OS, months: DMP.2+=not reached, DMP.2-neg=12; P<0.0001; 

Figure 10f). Because of the near-perfect overlap between methylation and cytogenetic 

risk, we could not determine whether their prognostic effects were independent in this 

dataset.  
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Figure 10. Genetic mutations, epigenetic signatures, and clinical outcomes in AML 

DMPs. Enrichments for common gene mutations, cytogenetic abnormalities, previously 

published epigenetic profiles, and clinical features are plotted for DMP.1 (a), and DMP.2 

(b). Per-case (epi)genetic spectra are plotted for DMP.1+ AML (c), and DMP.2+ AML (e); 

each column represents one patient with red boxes indicating positivity for the 
mutation/alteration. Kaplan-Meier analysis of overall survival stratified by DMP.1 (d), and 

DMP.2 (f) status. * P<0.05, ** P<0.01, *** P<0.001. 
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DMP.1+ and DMP.2+ AML have distinct gene expression signatures 

To examine the transcriptomic differences between DMP.1+ and DMP.2+ we studied gene 

expression changes measured by RNA-seq. We performed differential expression 

analysis using edgeR (see methods) comparing DMP.1+ to DMP.1-neg, and DMP.2+ to 

DMP.2-neg and found there was generally more transcriptional up-regulation than down-

regulation in both DMPs. In DMP.1+ leukemias we identified 236 genes significantly up-

regulated, and 68 down-regulated compared to DMP.1-neg (FDR<0.05; Fold-change>2; 

Figure 11a, Supplementary Table S17). For DMP.2+ AML, 310 genes were up-regulated 

and 83, were down-regulated (FDR<0.05; Fold-change>2; Figure 11c, Supplementary 

Table S18). Importantly, the differentially expressed genes identified between the two 

DMPs were mutually exclusive. 

Performing a gene set enrichment analysis for the up-regulated genes revealed that both 

DMPs had up-regulated genes functioning in ion transport, but that cell-cell signaling, 

immune response, JUN, and GATA1 target genes were specific to DMP.1+, while gene 

ontology categories for development, FOXO4, LEF1, ELSPBP1, and other transcription 

factor targets were specific to DMP.2+ AML (Figure 11b and d for DMP.1 and DMP.2, 

respectively). 

We then tested whether there was a significant overlap between differentially methylated, 

and differentially expressed genes in this dataset. For DMP.1+ AML 66 out of 236 up-

regulated genes were also found to be hypomethylated compared to DMP.1-neg (Fisher’s 

Exact P=0.007). In contrast, only 16 of 310 up-regulated genes in DMP.2+ leukemias were 

also significantly hypomethylated relative to DMP.2-neg (Fisher’s Exact P=0.48). 

Interestingly, gene set enrichment analysis of the subset of hypomethylated and up-

regulated genes further confirmed the association between DMP.1 and immune response 
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genes, and DMP.2 and developmental genes (Supplementary Tables S19 and S20 for 

DMP.1 and DMP.2, respectively). 

Finally, we queried the RNA-seq data to explore gene expression levels of several known 

epigenetic regulators: DNMT1, DNMT3A, DNMT3B, TET1, TET2, and TET3 

(Supplementary Figure S17). Although there were subtle differences in expression of 

DNMT1, and TET1 across DMPs (Supplementary Figure S17a and S17d), the most 

striking result was significant down-regulation of DNMT3A in DMP.1+ leukemias with 

concurrent up-regulation of TET2 (Supplementary Figure S17b and S17e). We also 

observed a significant down-regulation of DNMT3B in DMP.2+ AML (Supplementary 

Figure S17c). TET3 expression was statistically identical across the DMPs. These results 

further allude to possible epigenetic collaborations between DNMT3A and TET 

demethylases at specific CpG sites. 
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Figure 11. Distinct gene expression profiles in DMP+ AML. Volcano plots showing 

differentially expressed genes for DMP.1+ versus DMP.1-neg (a), and DMP.2+ versus 
DMP.2-neg (c) leukemias. Gene set enrichment analysis was done using GeneCoDis for 

up-regulated genes in DMP.1+ (b), and DMP.2+ (d) AML. 
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Validation of DMPs in independent methylation data 

In order to validate our findings we queried additional AML datasets on the 450k platform, 

including TARGET, GSE62298, GSE58477, and GSE64934 (see methods). We 

integrated the datasets to form a superset consisting of 236 AML cases, and used our 

identified DMP signatures to classify the patient samples by hierarchical clustering. Based 

on DMP methylation status we found groups of 50, and 45 leukemias positive for DMP.1 

and DMP.2, respectively (Figure 12a and b). Consistent with our previous analyses, these 

phenotypes were mutually exclusive. 

We then sought to characterize these cases based on genetic mutations and clinical 

outcomes. We confirmed significant enrichments for DNMT3A and NPM1 mutations in 

DMP.1+, however, unlike in the TCGA cohort, the majority of cases did not harbor NPM1 

mutations, perhaps as a result of differing mutational spectra in the younger TARGET 

cohort (67% vs. 4% and 18% vs. 2%, respectively; Figure 12c). In addition, we found that 

DMP.1+ patients had significantly inferior overall survival compared to DMP.1-neg 

(median OS, months: DMP.1+=13.1, DMP.1-neg=23.9; P=0.007; Figure 12d).  

For DMP.2+ leukemias, we verified a lack of DNMT3A mutations, and identified a 

significant enrichment for favorable cytogenetics, however, not all DMP.2+ cases 

harbored these rearrangements (65% vs. 1%; Figure 12e). From a clinical perspective 

DMP.2+ was associated with significantly improved outcomes (median OS, months: 

DMP.2+=not reached, DMP.2-neg=20.3; P<0.001; Figure 12f). 

Because both DMPs were associated with survival and neither was completely defined by 

gene mutations, we tested whether the DNA methylation effects were independent from 

cytogenetics and age. First we performed univariate Cox regression analysis using 

available clinical covariates and gene mutations and found that only DMP status (DMP.1+ 
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HR=2.00, 95% CI: 1.20-3.35, P=0.008; DMP.2+ HR=0.38, 95% CI: 0.22-0.65, P=0.001), 

age (HR=2.37, 95% CI: 1.50-3.73, P<0.001), and cytogenetics (HR=1.94, 95% CI: 1.38-

2.74, P<0.001) were associated with outcome (Figure 12g and i for DMP.1 and DMP.2, 

respectively). In multivariate Cox regression models both DMP.1 (HR=1.86, 95% CI: 1.10-

3.15, P=0.02) and DMP.2 (HR=0.46, 95% CI: 0.25-0.87, P=0.02) retained significance 

independent of age and cytogenetic risk (Figure 12h and j for DMP.1 and DMP.2, 

respectively). These data suggest that DMP status may be useful to augment existing 

clinical covariates in stratifying patients with AML. 
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Figure 12. Validation of DMPs in independent DNA methylation datasets. Hierarchical 

clustering of AML cases from independent datasets based on markers for DMP.1 (a), and 

DMP.2 (b) confirmed the presence of both DMPs in a subset of patients. Color bars above 

heatmaps indicate different datasets-of-origin for the sample (see methods). Available 

genetic and demographic data were consistent with the TCGA cohort for both DMP.1 (c), 
and DMP.2 (e). Kaplan-Meier analysis of the DMPs in the validation cohort revealed 

differences in overall survival based on DMP.1 (d) and DMP.2 (f) status. Univariate cox 

regression analysis for age, genetic features, and DMP.1 (g), or DMP.2 (i) status. 

Multivariate Cox regression for significant covariates from univariate analyses for DMP.1 
(h) and DMP.2 (j). For Cox regression analyses, the point estimate for the log2-hazard 

ratio is plotted along with the 95% confidence interval. * P<0.05, ** P<0.01, *** P<0.001. 
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Discussion 

Although numerous studies have investigated the complexities of aberrant 

hypermethylation in cancer, there is a relative gap in knowledge in the biology surrounding 

losses of DNA methylation. In this study we interrogated genome-wide DNA methylation 

data to identify demethylator phenotypes in AML. We found two highly distinct, and non-

overlapping DMPs: DMP.1+ and DMP.2+. Although both types of leukemia were 

characterized largely by non-CGI hypomethylation, the specific CpG targets of 

demethylation were non-random and were associated with gene expression, mutational, 

and clinical signatures. 

The DMPs were genetically distinct with most DMP.2+ patients harboring t(8;21), inv(16), 

or t(15;17). In our validation cohort, approximately one-third of DMP.2+ patients did not 

have one of these rearrangements, and importantly, the DMP.2 methylation profile was 

associated with better survival independent of cytogenetic risk. This result suggests that 

a possible epigenetic mechanism may underlie the improved curability in patients 

harboring good-risk genomic rearrangements. This possibility is further alluded to by the 

observed up-regulation of genes enriched for organism development, and 

hypomethylation of binding sites for specific hematopoietic transcription factors, including 

LEF-1 and GFI1 234, 235. 

In contrast to DMP.2+, DMP.1+ was associated with poor clinical outcomes and was 

enriched for co-occurring DNMT3A, NPM1, and FLT3 mutations. Although the role of 

DNMT3A in writing DNA methylation marks is well-established, the association between 

NPM1 mutations and hypomethylation may merit further investigation into a possible 

mechanistic relationship between NPM1 and DNA methylation. In addition, we identified 

an intriguing subset of DNMT3A-mutation-positive leukemias which did not hypomethylate 

at DMP.1 sites. These cases showed an enrichment for mutations in IDH1, IDH2, and 
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TET2, all of which have been previously implicated in hypermethylation in cancer 110, 192, 

218. Of equal interest, this same population of patients lacks hypermethylation at I-CIMP 

CpG sites, suggesting a possible co-dependency between DNMT3A and TET 

demethylases in regulating the methylome. RNA-seq data support this speculation by 

virtue of marked down-regulation of DNMT3A with up-regulation of TET2 in DMP.1+ 

leukemias. 

In addition to epigenetic regulators, the other key transcriptomic finding in DMP.1+ AML 

was up-regulation of immune response genes. Based on analysis of transcriptomic data 

alone, immune activation and viral response were among the most significantly enriched 

functions, with specific genes including the chemokines CXCL9 and CXCL10, and 

interleukins IL-3 and IL-15. Analysis of genes which were both up-regulated and 

hypomethylated confirmed this functional enrichment. Thus the transcriptional programs 

of DMP.1+ and DMP.2+ are distinct, and may contribute to leukemia which is primed to 

proliferate via an immune response profile in the case of DMP.1+, or primed to differentiate 

in the case of DMP.2+, thereby contributing to their clinical differences 236, 237. 

In summary we present evidence of two DNA demethylation signatures in AML which have 

mutually exclusive genetic backgrounds and clinical characteristics. Our data suggest an 

epigenetic link between different good-risk genomic rearrangements, and a methylation 

profile associated with DNMT3A mutations, and up-regulation of immune response genes. 

We found that both DMPs were prognostic - independent of age and cytogenetic risk - in 

an independent validation cohort. Future studies should validate the clinical relevance of 

these DMP signatures and attempt to integrate them with other established risk markers, 

and DNA methylation profiles in AML. 
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Supplementary Data 

 

Supplementary Figure S14. Per-case genetic and epigenetic characteristics of 

DMP.1-neg AML. Red squares indicate presence of mutation/alteration, dashes indicate 

missing data, and green squares correspond to two-year survival-positive. Each column 

represents data from a single patient. 
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Supplementary Figure S15. Genetic and epigenetic characteristics of DNMT3A-

mutant AML. a) Red squares indicate presence of mutation/alteration. Each column 

represents data from a single patient. b) Mutational characteristics of IDH1/2 mutant AML 
cases stratified by I-CIMP status. I-CIMP+ leukemias are strongly enriched for IDH1/2 

mutations, however, not all IDH1/2 mutant cases demonstrate I-CIMP+ hypermethylation. 

Those cases that do not hypermethylate are enriched for DNMT3A mutations. 
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Supplementary Figure S16. Per-case genetic and epigenetic characteristics of 

DMP.2-neg AML. Red squares indicate presence of mutation/alteration, dashes indicate 

missing data, and green squares correspond to two-year survival-positive. Each column 

represents data from a single patient. 
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Supplementary Figure S17. DMP+ leukemias show variable expression of DNMT 

and TET mRNA. RNA-seq data were used to evaluate mRNA levels for DNMT1, 

DNMT3A, DNMT3B, TET1, TET2, and TET3 (a-f, respectively) across DMP+ and DMP-
neg AML. Read-per-kilobase-per-million are displayed for each individual case with lines 

corresponding to the group medians. Significance was assessed using the Kruskal-Wallis 

test with Dunn post-hoc analysis. * P<0.05, ** P<0.01, *** P<0.001. 
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Supplementary Tables 

*For brevity, Supplementary Tables S11-S18 are omitted. 

Supplementary Table S19 
 
Gene set enrichment analysis for genes upregulated and hypomethylated in DMP.1+ leukemia 

Items Items_Details Support 
List 
size 

Reference 
Support 

Reference 
size Hyp Hyp_c Genes 

MODULAR 
ANALYSIS         

GO:0007165,
GO:0006955 

signal 
transduction 
(BP),immune 
response (BP) 3 61 80 19197 0.00210772 0.012 

CXCL10,
LILRB1,
SECTM1 

GO:0006955 
immune 

response (BP) 6 61 309 19197 
0.00043728

5 0.004 

PDCD1L
G2,CXC
L10,AIM
2,IL3,LIL
RB1,SE
CTM1 

GO:0006955,
GO:0007267 

immune 
response 

(BP),cell-cell 
signaling (BP) 3 61 48 19197 

0.00047688
5 0.003 

CXCL10,
IL3,LILR

B1 

GO:0007155 
cell adhesion 

(BP) 6 61 543 19197 0.00742042 0.03 

ITGA2B,
NTM,PC
DH17,EF
NB2,GP
NMB,SD

C3 

GO:0007155,
GO:0005515 

cell adhesion 
(BP),protein 
binding (MF) 3 61 159 19197 0.0141306 0.042 

ITGA2B,
NTM,PC

DH17 

GO:0005515,
V$PU1_Q6 

protein 
binding 

(MF),V$PU1_
Q6 3 61 175 19197 0.0182129 0.049 

ABI3,ITG
A2B,PC
DH17 

GO:0000166,
V$SP1_Q6,G
O:0007268 

nucleotide 
binding 

(MF),V$SP1_
Q6,synaptic 
transmission 

(BP) 3 61 15 19197 1.35E-05 3E-04 

CACNA1
B,RRAS,

HCN4 
V$AP1_C,V$
BACH2_01,V
$AP1_01 

V$AP1_C,V$
BACH2_01,V$

AP1_01 3 61 82 19197 0.0022617 0.012 

MMP7,A
BI3,PCD

H17 

GO:0055085 

transmembran
e transport 

(BP) 6 61 616 19197 0.0132828 0.047 

CACNA1
B,TRPV4
,TRPM1,
RHBG,A
BCC12,S
LC45A1 

GO:0004872 
receptor 

activity (MF) 10 61 1480 19197 0.0175064 0.05 

PDCD1L
G2,MAR
CO,OR5
AU1,OR
13A1,F2
RL3,NPS
R1,TRP
M1,ITGA
2B,LILR
B1,MSR

1 

V$OCT1_05,
V$OCT1_B 

V$OCT1_05,V
$OCT1_B 3 61 71 19197 0.00149624 0.009 

COL25A
1,RRAS,
TRPM1 
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Supplementary Table S19, continued 

V$NFKAPPA
B65_01 

V$NFKAPPA
B65_01 5 61 184 19197 

0.00029513
3 0.003 

CXCL10,
RRAS,A
BI3,CXC
L16,ZMY

ND15 

V$NFKAPPA
B65_01,V$NF
KAPPAB_01 

V$NFKAPPA
B65_01,V$NF
KAPPAB_01 4 61 105 19197 

0.00034703
8 0.003 

CXCL10,
RRAS,C
XCL16,Z
MYND15 

V$NFKAPPA
B65_01,V$NF
KAPPAB_01,
V$IRF7_01 

V$NFKAPPA
B65_01,V$NF
KAPPAB_01,
V$IRF7_01 3 61 10 19197 3.61E-06 1E-04 

CXCL10,
CXCL16,
ZMYND1

5 

V$NFKAPPA
B65_01,V$IR
F7_01 

V$NFKAPPA
B65_01,V$IR

F7_01 4 61 15 19197 1.23E-07 ##### 

CXCL10,
ABI3,CX
CL16,ZM
YND15 

V$NFKAPPA
B65_01,V$CR
EL_01 

V$NFKAPPA
B65_01,V$CR

EL_01 3 61 159 19197 0.0141306 0.042 

CXCL10,
RRAS,A

BI3 

V$SP1_Q6,V
$EGR_Q6 

V$SP1_Q6,V$
EGR_Q6 3 61 145 19197 0.0110364 0.042 

CACNA1
B,PCDH
17,HCN4 

GO:0007166 

cell surface 
receptor 
signaling 

pathway (BP) 3 61 158 19197 0.0138949 0.047 

MARCO,
CXCL10,
LILRB1 

GO:0007267 
cell-cell 

signaling (BP) 4 61 234 19197 0.00652364 0.031 

CXCL10,
IL3,LILR
B1,EFNB

2 

GO:0008201 
heparin 

binding (MF) 3 61 121 19197 0.00673852 0.03 

COL25A
1,GPNM
B,LIPH 

GO:0005044 

scavenger 
receptor 

activity (MF) 3 61 40 19197 
0.00027737

8 0.004 

MARCO,
MSR1,C
XCL16 

         

SINGULAR 
BIOLOGICAL 
PROCESS         

GO:0007155 
cell adhesion 

(BP) 6 61 543 19197 0.00742042 0.044 

ITGA2B,
NTM,PC
DH17,EF
NB2,GP
NMB,SD

C3 

GO:0055085 

transmembran
e transport 

(BP) 6 61 616 19197 0.0132828 0.05 

CACNA1
B,TRPV4
,TRPM1,
RHBG,A
BCC12,S
LC45A1 

GO:0007267 
cell-cell 

signaling (BP) 4 61 234 19197 0.00652364 0.041 

CXCL10,
IL3,LILR
B1,EFNB

2 

         

SINGULAR 
MOLECULAR 
FUNCTION         
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Supplementary Table S19, continued 

GO:0005044 

scavenger 
receptor 

activity (MF) 3 61 40 19197 
0.00027737

8 0.032 

MARCO,
MSR1,C
XCL16 
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Supplementary Table S20 
 
Gene set enrichment analysis for genes upregulated and hypomethylated in DMP.2+ leukemia 

Items Item Details Support List size Reference Support Reference size Hyp Hyp_c 

SINGULAR BIOLOGICAL PROCESS 

GO:0007399 
nervous system development 

(BP) 3 16 407 19197 
0.0043138

1 
0.0253

4 
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CHAPTER 4. AN INTEGRATED EPIGENETIC MODEL OF ACUTE MYELOID 

LEUKEMIA 

 

Introduction 

Acute myeloid leukemia (AML) is a heterogeneous and lethal disease, with the majority of 

patients dying within 5 years of diagnosis 168. Standard treatment can be curative in some 

cases, and consists of intensive chemotherapy and hematopoietic stem cell 

transplantation (HSCT) 168. The identification of patients curable with these modalities, or 

with other experimental therapies remains a major clinical challenge. 

Unlike many tumors of epithelial origin, AML harbors relatively few somatic mutations, but 

is characterized by recurring genomic rearrangements. Core binding factor (CBF) 

rearrangements include t(8;21), and inv(16); acute promyelocytic leukemia (APL) is a 

specific subtype defined by t(15;17); and certain other leukemias harbor MLL 

rearrangements 128, 165, 238, 239. Collectively the status of these cytogenetic abnormalities is 

the most thoroughly validated prognostic tool available to clinicians. CBF and t(15;17) are 

considered favorable risk abnormalities, MLL rearrangements confer a poor prognosis, 

and normal karyotype patients have an intermediate risk 168. Despite the widespread 

adoption of cytogenetic analysis, outcomes in AML remain heterogeneous, and thus 

additional tools are needed. 

Studying DNA methylation co-clusters in AML is a promising approach to better 

understand leukemogenesis and potentially to inform clinical decision-making. Although 

there are few somatic mutations in AML compared to other cancers, some of the most 

frequently altered genes are epigenetic regulators, and a fruitful line of work has been to 

interrogate different DNA methylation defects in AML. To this point, our group has 

published a TET2 associated hypomethylation (TET2-DMC-low) profile and a mutation-
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independent hypermethylator phenotype (A-CIMP) associated with favorable outcomes 

218, 222. In addition, we have now identified distinct demethylator phenotypes (DMPs): 

DMP.1+, which is associated with DNMT3A mutations and poor outcomes, and DMP.2+, 

which is enriched for patients with favorable cytogenetic risk and improved overall survival. 

In this study we sought to develop an integrated epigenetic risk model which takes into 

account both hyper- and hypomethylation. To this end we integrated multiple clinical AML 

datasets on the Illumina 450k platform (AML superset), identified differing DNA 

methylation signatures within this AML superset, and calculated a simple index 

(MethylScore) for likelihood of overall survival. 

Methods 

DNA methylation array data 

DNA methylation data on the Illumina HumanMethylation 450k array platform were 

obtained for 194 AML patient samples from the TCGA data portal 195. Methylation data for 

24 normal peripheral blood samples (GSE51388) were used to identify CpG sites which 

are normally methylated 197. Pre-processing of Level 1 data was done using functional 

normalization implemented by the minfi R package 196. We excluded CpG sites with NA 

values and were left with 375324 sites for analysis. In order to enrich for sites which may 

lose methylation in a subset of cancers, we applied filtering criteria to obtain the subset of 

probes which show variable methylation in AML but consistent high methylation in normal 

blood (average beta-value > 0.8 in normal blood and beta-value standard deviation > 0.2 

in AML). To extend our analysis and increase our statistical power we merged multiple 

AML sample cohorts (TCGA, TARGET, GSE62298, GSE58477, and GSE64934) 

interrogated with Illumina 450k arrays to compile a superset of 438 cases 195, 220, 223-225. We 

merged tables of beta values for these cases using R and tested for batch effects as 



121 

 

described in the results. To identify previously published epigenetic signatures in the 

superset we performed hierarchical clustering of the cases on methylation status of CpG 

sites for A-CIMP, I-CIMP (which had been shown to have methylation levels that are low 

in normal blood and variable in AML), and TET2-DMC 218, 222.  

Statistics 

Hierarchical clustering was performed in R using Ward’s method implemented by the 

hclust function 200. Principal components analysis was performed on z-score transformed 

beta-values using R. Kaplan-Meier and Cox regression analyses were done using the 

survival package in R 202. Differences in Kaplan-Meier curves were compared using the 

log-rank test. 

Data availability 

The TCGA and TARGET data used in this study – including Illumina 450k arrays, RNA-

seq, and clinical annotations – are publicly available in the Genomic Data Commons 

(https://gdc.cancer.gov/). Other DNA methylation datasets used are available in the Gene 

Expression Omnibus (GEO): GSE51388, GSE62298, GSE58477, and GSE32251. ChIP-

seq data for HL-60 cells are available on the UCSC Genome Browser 

(https://genome.ucsc.edu/). 

Results 

Constructing a DNA methylation superset 

To integrate different DNA methylation signatures our group has previously identified we 

queried clinical AML datasets on the 450k platform, including TARGET, GSE62298, 

GSE58477, and GSE64934 (see methods, Figure 13a). The distributions of methylation 

beta-values were similar across the datasets, with only the TARGET set showing a lower 
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median level – likely due to fewer age-related gains in methylation in the younger cohort 

(Figure 13b). We reasoned that combining these independent cohorts into an AML 

superset could give us additional statistical power for exploring biologic and clinical 

relationships with different DNA methylation signatures. To ensure the absence of a batch 

effect that could bias our superset analysis, we performed principal components analysis 

(Figure 13c), and hierarchical clustering (Figure 13d) of the superset and found that the 

cases did not group by dataset-of-origin. Thus, it is likely that observed differences in the 

superset reflect the true epigenetic heterogeneity of AML. 
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Figure 13. Construction of an AML 450k methylation superset. a) Diagram of 450k 

methylation array datasets to be integrated in superset including how many cases are 

annotated with clinical outcomes. b) Bean-plot showing the overall distribution of 
methylation beta-values across all CpG sites interrogated. c) Principal components 

analysis of the merged AML dataset on methylation of all CpG sites measured. d) 

Hierarchical clustering of the merged AML dataset based on methylation of all CpG sites 

measured; color panel corresponds to the dataset from which the sample originated. 
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Building an integrated model of epigenetic risk 

With this large cohort, we sought to build an epigenetic model which incorporates DMP.1 

and DMP.2, in addition to published DNA methylation signatures 218, 222. In this superset 

we selected for previously identified CpG sites to classify patients for hypermethylation at 

A-CIMP (signature size = 603 sites; Figure 14a) and I-CIMP (signature size = 764 sites; 

Figure 14b) genomic regions. We then classified the superset for hypomethylation at 

DMP.2 (signature size = 213 sites; Figure 14c), and DMP.1 (signature size = 811 sites; 

Figure 14d) sites. Finally we classified patients based on the TET2-DMC signature 

(signature size = 4 sites; Figure 14e). In all superset analyses patients clustered according 

to methylation differences (and not by dataset of origin), and we identified a subset of 

patients who were positive for each respective epigenetic signature. 

We examined available mutational data and confirmed characteristics of each epigenetic 

profile. DMP.1+ cases were characterized by enrichments for FLT3, NPM1, and DNMT3A 

mutations, while DMP.2+ cases almost exclusively carried good risk cytogenetics 

(Supplementary Figure S18). Interestingly, the 5 of the 6 patients with survival data who 

harbored DMP.2+ methylation but intermediate/poor cytogenetics were alive at two-year 

follow-up (Supplementary Figure S18). I-CIMP+ cases harbored a high number of IDH1/2 

mutations, while the majority of A-CIMP+ leukemias did not harbor a specific genetic 

profile (Supplementary Figure S18). 

To examine the effects of mutational, clinical, and epigenetic factors on overall survival 

we performed a univariate Cox regression analysis for each epigenetic signature in 

addition to several genetic and clinical covariates (Figure 14f). In this analysis, the 

presence of A-CIMP (HR=0.70; 95% CI: 0.51-0.96; P=0.03), TET2-DMC-low (HR=0.41; 

95% CI: 0.28-0.60; P<0.001), and DMP.2 (HR=0.32; 95% CI: 0.21-0.50; P<0.001) 

methylation signatures were significantly associated with improved OS, while the DMP.1+ 
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(HR=1.61; 95% CI: 1.15-2.24; P=0.005) profile was significantly associated with inferior 

OS Figure 14f). Other covariates associated with outcome in this analysis included 

DNMT3A mutations (HR=1.54; 95% CI: 1.09-2.18; P=0.02), age > 60 (HR=2.86; 95% CI: 

2.19-3.73; P<0.001), and cytogenetics (HR=1.96; 95% CI: 1.58-2.43; P<0.001; Figure 

14f). 

To integrate epigenetic with clinical and genetic information, based on the direction of 

association of each epigenetic signature with survival, we calculated a simple DNA 

methylation risk score (MethylScore) based on the magnitude of each respective 

univariate hazard ratio (Figure 14g). Kaplan-Meier analysis demonstrated significant risk 

stratification of patients based on their MethylScore (median OS, months: not reached, 

92.0, 19.3, and 11.5 for low, intermediate, and high MethylScores, respectively; P<0.001; 

Figure 14h). We then added age, cytogenetic risk, and MethylScore status together in a 

multivariate Cox regression model and found that they each retain independent 

significance (MethylScore HR=1.26; 95% CI: 1.06-1.50; P=0.008; Figure 14i). Thus, 

integrating novel epigenetic and established clinical data may be a viable tool to aid in 

AML patient risk stratification. 
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Figure 14. An integrated model of epigenetic risk. Hierarchical clustering analysis was 

used to identify published DNA hypermethylation signatures within our superset. CpG 

sites corresponding to A-CIMP (a), and I-CIMP (b) reveal subsets of patients positive for 

each respective pattern. CpG sites corresponding to DMPs were also used to classify 
patients within the superset for DMP.2 (c) and DMP.1 (d) status. In addition, patients were 

classified by TET2-DMC status (e). The color bars above each heatmap represent the 

dataset of origin for each patient sample (as defined in Figure 1). f) Univariate Cox 

regression analysis was performed for genetic, epigenetic, and clinical covariates. 

Log(HR) is plotted along with the 95% confidence interval around the estimate. Based on 
univariate hazard ratios for epigenetic profiles we compiled a classifier, MethylScore, to 

integrate each signature (g). h) Kaplan-Meier analysis demonstrated that MethylScore 

was significantly associated with overall survival in the superset. i) A multivariate Cox 

regression model revealed that MethylScore was prognostic independent of age and 
cytogenetic risk in the AML superset. 
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Discussion 

In this study we integrated multiple DNA methylation datasets in AML to construct an 

integrated prognostic model. Our group recently published on two distinct 

hypermethylation signatures, and one hypomethylation profile which partially address the 

epigenetic diversity of many leukemias 218, 222. We have extended this analysis and 

integrated two demethylator phenotypes: DMP.1+ and DMP.2+, each with contrasting 

individual effects on clinical outcomes.  

Interestingly, we observed a very strong overlap between the DMP.2+ signature and 

TET2-DMC-low, suggesting that TET2 may be playing a role in DMP.2+ methylation. We 

were also able to confirm mutational enrichments observed in these methylator 

phenotypes. DMP.1+ AML showed a strong association with DNMT3A mutations, and a 

near-total mutual exclusivity with IDH1, IDH2, and TET2 mutations. We also observed that 

most I-CIMP+ cases harbored mutations in IDH1 or IDH2. 

To integrate these DNA methylation signatures for risk stratification we defined a simple 

algorithm which we used to classify patients’ epigenetic prognosis we termed 

MethylScore. Our analyses revealed a graded improvement in overall survival which was 

correlated with individual MethylScore values. In addition, Cox regression analyses, found 

MethylScore to be prognostic for overall survival independent of age and cytogenetic risk. 

Thus, an important implication of these data is that epigenetic factors may enhance clinical 

risk stratification of patients with AML. We believe this is a promising example of epigenetic 

precision oncology, however, future studies with large heterogeneous cohorts will be 

needed to validate this algorithm.  

In summary, we present integrated data from multiple independent AML cohorts to identify 

epigenetic signatures associated with overall survival. Using a simple algorithm we were 
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able to stratify patients by epigenetic risk. Future work should focus on independent 

validation of the MethylScore approach, and development of MethylScore into a tool for 

clinical application of epigenetic signatures. Recently published data suggest that the 

Illumina Infinium technology is adequately reproducible and accurate across multiple 

laboratories, and in a custom format, may therefore be one possible option for clinical 

application 240. 
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Supplementary Data 

 

Supplementary Figure S18. Per-case genetic and epigenetic characteristics of 

integrated AML methylation dataset. Red squares indicate presence of 

mutation/alteration. Each column represents data from a single patient. Cytogenetic risk 

status is indicated by green for favorable, blue for intermediate, and red for adverse. Two-
year survival-positive cases are marked by a red box. Missing data is denoted by a dash. 
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CHAPTER 5. GENETIC AND EPIGENETIC ANALYSIS OF GUADECITABINE 

RESPONSE IN PATIENTS WITH ACUTE MYELOID LEUKEMIA 

Introduction 

Cell identity is governed by both genetic (DNA) and epigenetic (other than DNA sequence) 

factors. The epigenetic state of cells is maintained by sets of proteins that govern DNA 

methylation, histone modification, and chromatin states 241. In cancer the epigenome is 

often disrupted leading to a loss of proper cell identity, thus an emerging strategy in cancer 

treatment is to target epigenetic regulators to correct this identity defect 241. 

Acute myeloid leukemia (AML) is a highly lethal hematopoietic malignancy characterized 

by relatively few somatic mutations compared to other cancer types, however, commonly 

mutated genes are enriched for epigenetic regulators 195. In addition, the DNA methylation 

status of AML has been shown to harbor disruptions compared to normal blood, and two 

hypomethylating agents – azacitidine and decitabine – have been FDA approved for 

myelodysplastic syndromes (MDS), and AML in some clinical contexts 168. 

Current hypomethylating agents are considered low-intensity therapy in AML and function 

by blocking the activity of DNA methyltransferase 1 (DNMT1), which in-turn cannot copy 

DNA methylation across cell divisions 148. Although some improvements in remission and 

overall survival have been observed in MDS and AML, durable responses are rare, and 

one potential limitation is the low plasma half-life of these agents. To address this issue 

guadecitabine was developed to be relatively resistant to degradation by cytidine 

deaminase thereby exposing malignant cells to the active drug for longer 149. 

Guadecitabine is currently in a phase III clinical trial for AML after showing promising 

phase I-II results. 
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In this study we examined blood samples from AML patients enrolled on phase I-II trials 

of guadecitabine for their DNA methylation status at baseline, and for genetic mutations 

in a panel of 54 genes commonly mutated in hematopoietic malignancies. Our data 

suggest that a specific DNA methylation signature may be associated with overall survival 

in guadecitabine-treated patients, and that mutations in RAS pathway genes may be 

associated with resistance. 

Methods 

Patient samples 

Peripheral blood samples were obtained from 220 individuals enrolled on a phase I or II 

trial of the second-generation hypomethylating agent, guadecitabine at Fox Chase Cancer 

Center. The cohort consisted of 122 patients with relapsed or first-line-refractory disease 

(rr), and 98 patients who were treatment-naïve (tn). All patients had intermediate or 

adverse cytogenetic risk (favorable risk abnormalities were excluded). 

DREAM analysis 

To interrogate DNA methylation status genome-wide, we performed digital restriction 

analysis of methylation (DREAM) on both tn, and rr cohorts, as previously described 194. 

In brief, genomic DNA was treated sequentially with SmaI, which does not cut after 

methylated cytosines, and XmaI, which does not discriminate by methylation status. Both 

enzymes recognize the same sequence (CCCGGG), but SmaI leaves blunt ends while 

XmaI leaves a 5’ overhang, thereby creating a unique sequence signature for methylated 

versus unmethylated DNA. Digested DNA was used to generate sequencing libraries and 

was run on an Illumina HiSeq 2500 sequencer. Data were mapped to CCCGGG sites in 

the human genome (hg19), and methylation was calculated as the fraction of total 

CCCGGG site sequencing reads mapping to the methylated signature (5’-CCGGG). 
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Targeted high-throughput sequencing 

To identify somatic mutations in the cohort we performed high-throughput sequencing of 

a targeted panel of 54 genes (Table 6) commonly mutated in hematologic cancers. 

Sequencing library preparation was performed according to the Illumina TruSight Myeloid 

Sequencing Panel protocol (Illumina, Inc.). Paired-end sequencing was performed on an 

Illumina HiSeq 2500 instrument, and reads were aligned to the human genome (hg19). 

Initial variants were called using the Illumina BaseSpace TrueSeq Amplicon app and 

BaseSpace Variant Studio 2.2 (Illumina, Inc.). In addition, variants were required to have 

a minimum of 100 reads and a sequence quality score of at least 50. A minimum allelic 

fraction of 5% was also set to identify somatic variants. Finally, variants were filtered for 

presence in the COSMIC database with a hematopoietic malignancy association, and 

absence from dbSNP (common variants) with a normal population frequency of > 1%. 
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Table 6 
 
Genes interrogated by targeted high-throughput sequencing 

ABL1 CBLC FLT3 JAK3 NRAS SMC1A 

ASXL1 CDKN2A GATA1 KDM6A PDGFRA SMC3 

ATRX CEBPA GATA2 KIT PHF6 SRSF2,MFSD11 

BCOR CSF3R GNAS KMT2A PTEN STAG2 

BCORL1 CUX1 HRAS KRAS PTPN11 TET2 

BRAF DNMT3A IDH1 MPL RAD21 TP53 

CALR ETV6 IDH2 MYD88 RUNX1 U2AF1 

CBL EZH2 IKZF1 NOTCH1 SETBP1 WT1 

CBLB FBXW7 JAK2 NPM1 SF3B1 ZRSR2 
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Data analysis 

Hierarchical cluster analysis was done using Ward’s method as implemented by the hclust 

function in R 200. Kaplan-Meier analysis was done using the survival package in R, and 

survival curves were compared using the log-rank test 202. Mutation frequencies 

associated with differential response to guadecitabine were compared using Fisher’s 

Exact Test. 

Results 

DNA methylation status is associated with survival in guadecitabine-treated 

patients 

To study the effects of differing baseline DNA methylation on clinical outcomes after 

guadecitabine treatment we performed DREAM analysis on 220 patient samples, 

consisting of 98 tn and 122 rr cases. To ensure that we analyzed reliably detected CpG 

methylation, we filtered the data by total reads across the cohort such that each CpG site 

was covered by at least 50 reads in at least 75% of samples, which yielded 40,961 total 

sites for analysis (Figure 15a). Additionally, we were interested in CpG sites that aberrantly 

gain methylation in a subset of leukemias. To select for these sites we filtered the data by 

standard deviation and mean methylation values (707 sites with SD > 20% in AML and < 

20% in normal blood and normal blood mean methylation < 20%; Figure 15b). 
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Figure 15. Summary statistics for DREAM data. a) Number of CpG sites interrogated 
by DREAM with specified reads in 75% of cases. b) Distribution of standard deviations 
and mean methylation value across CpG sites with at least 50 reads in 75% of the cohort. 
Individual CpG sites are plotted horizontally, ranked in ascending order by their mean or 
standard deviations (vertical axis). 
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Performing hierarchical clustering of the cases on these 707 sites revealed distinct groups 

of AML with aberrant hypermethylation in both tn and rr subsets (Figure 16a and c, 

respectively). Interestingly, Kaplan-Meier analysis demonstrated that patients with 

aberrant hypermethylation had significantly inferior overall survival compared to patients 

who lacked this methylator phenotype (Figure 16b and d for tn and rr, respectively). There 

was also a trend for these patients to have inferior overall survival when tn and rr cohorts 

were analyzed together (Supplementary Figure S19a and b). 
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Figure 16. DNA methylation status is associated with overall survival in 
guadecitabine treated patients. Hierarchical clustering of patient samples based on 
DNA methylation status at 707 CpG sites with low methylation in normal blood 
(Mean<20%, SD<20%) and variable methylation in leukemia (SD>20%), for tn (a) and rr 
(c) patients. Kaplan-Meier analysis for overall survival in tn (b; median OS, weeks: Cluster 
1=28.1, Cluster 2=57.9, Cluster 3=34.9) and rr (d; median OS, weeks: Cluster 1=21.4, 
Cluster 2=33.3) patients. 
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We then classified guadecitabine-treated patients for baseline status of two published 

hypermethylation signatures, A-CIMP and I-CIMP 218. In both tn and rr cohorts, the 

proportion of A-CIMP+ patients was reduced compared to that previously observed – likely 

as a result of this patient population being enriched for older individuals - however, a small 

number demonstrated hypermethylation at these CpG sites (Figure 17a and c for tn and 

rr, respectively). From a clinical perspective the A-CIMP+ patients who were treatment-

naïve did not differ from A-CIMP-neg patients in their overall survival (Figure 17b), 

however, the subset of A-CIMP+ rr patients had significantly shorter survival than the rr A-

CIMP-neg patients (Figure 17d). 
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Figure 17. A-CIMP methylation status is associated with overall survival in 
guadecitabine treated patients. Hierarchical clustering of patient samples based on 
DNA methylation status at 29 A-CIMP CpG sites for tn (a) and rr (c) patients. Kaplan-Meier 
analysis for overall survival in tn (b; median OS, weeks: Cluster 1=40.0, Cluster 2=28.1) 
and rr (d; median OS, weeks: Cluster 1=30.1, Cluster 2=23.0, Cluster 3=20.7) patients. 
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Performing the same analyses for methylation at I-CIMP-specific sites revealed distinct 

clusters of patients with aberrant hypermethylation in both tn and rr subsets (Figure 18a 

and c for tn and rr, respectively). In contrast to A-CIMP, however, I-CIMP positivity did not 

show any significant association with overall survival after guadecitabine treatment in 

either tn or rr patients (Figure 18b and d for tn and rr, respectively). We also examined 

whether IDH1/2 mutation status had an impact on overall survival and found a statistically 

non-significant trend toward improved outcomes in the IDH1/2-mutant rr cohort 

(Supplementary Figure S20). 
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Figure 18. I-CIMP methylation status does not impact overall survival in 
guadecitabine treated patients. Hierarchical clustering of patient samples based on 
DNA methylation status at 76 I-CIMP CpG sites for tn (a) and rr (c) patients. Kaplan-Meier 
analysis for overall survival in tn (b; median OS, weeks: Cluster 1=37.3, Cluster 2=52.8) 
and rr (d; median OS, weeks: Cluster 1=20.9, Cluster 2=26.6) patients. 
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Genetic mutational spectra associated with resistance to guadecitabine 

In order to dissect whether specific somatic mutations impacted response to 

guadecitabine, we performed targeted high-throughput sequencing for 54 genes 

frequently mutated in hematologic malignancies (Table 6). Because the proper matched 

normal comparator tissue in leukemia patients is unclear, we analyzed detected variant 

data using filters for sequencing quality, depth, variant allelic fraction, and both COSMIC 

and dbSNP databases (Figure 19a). We also used paired buccal mucosa samples for a 

subset of patients. After filtering detected variants the total number of mutations per 

sample (Figure 19b), and the distribution of allelic fractions (Figure 19c) were consistent 

with non-germline alterations. Finally, we compared our variant calls with the published 

frequency of variants in The Cancer Genome Atlas cohort (which used paired normal skin 

samples to call mutations against), and observed similar frequencies, with the exception 

of lower-than-expected values for NPM1, FLT3, and DNMT3A (Figure 19d; 

Supplementary Table S21) 195. 
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Figure 19. Calling somatic variants in guadecitabine-treated patients. a) Workflow for 
calling somatic variants in guadecitabine-treated samples. The number of mutations per-
case (b) using this approach is consistent with the expected mutation burden in AML. c) 
Variant allelic frequency is plotted for leukemia and buccal mucosa samples for variants 
passing the filters described in (a). d) Comparison of mutation frequencies between the 
guadecitabine cohort and the TCGA cases which exclude favorable-risk cytogenetics 
(because these patients were not eligible for guadecitabine clinical trials). Quantitative 
comparisons displayed are also presented in Supplementary Table S21. 
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To explore possible associations between genetic mutations and response to 

guadecitabine we compared variant frequencies in patients who achieved a complete 

remission to frequencies in patients who did not. In separate analyses of tn and rr patients 

there were no significant associations, however, when the entire cohort was examined, 

there were significantly more NRAS mutations in patients who did not achieve a complete 

remission (Table 7; 0/49 vs. 20/171, P=0.009). Because mutations in KRAS and NRAS 

were mutually exclusive, we combined mutational data for the two genes and found a 

significantly lower frequency in patients who achieved complete remission (Table 7; 1/49 

vs. 28/171, P=0.007). Patients who harbored either mutation also demonstrated 

significantly inferior overall survival compared to patients with wild-type genes 

(Supplementary Figure S21). The only other gene associated with lack-of-response to 

guadecitabine was IDH2, which was more frequently mutated in non-complete-responders 

(Table 7; 1/49 vs. 23/171, P=0.02). Interestingly, the same phenomenon was not observed 

for IDH1, or other epigenetic regulators. 
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Table 7 
 
Genetic mutations and response to guadecitabine 

Gene Complete remission Non-complete remission P-value 

NRAS, no. (%) 0 (0%) 20 (12%) 0.009 

NRAS and KRAS, no. (%) 1 (2%) 28 (16%) 0.007 

IDH2, no. (%) 1 (2%) 23 (13%) 0.02 
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Discussion 

Acute myeloid leukemia is a heterogeneous blood cancer characterized by a high mortality 

rate and a predilection for mutations in epigenetic regulators. The current standard-of-care 

for AML consists of chemotherapy induction followed by additional consolidation regimens 

or hematopoietic stem cell transplant, which is curative in a subset of patients 168. Most 

patients with AML, however, do not achieve durable remission on standard protocols, and 

many patients are not candidates for aggressive regimens or transplants. Thus, lower 

intensity options, including the hypomethylating agents, azacitidine and decitabine have 

been used with some success, although the majority of patients still do not achieve a 

durable remission, and there are no validated molecular biomarkers for response 168. In 

this study we assessed the impact of specific genetic mutations and different epigenetic 

signatures on clinical outcomes in patients treated with guadecitabine, a second-

generation DNMT inhibitor. 

We first analyzed baseline DNA methylation status in patients enrolled on guadecitabine 

clinical trials using DREAM. Importantly, our data suggest that aberrant hypermethylation 

may be associated with inferior overall survival on treatment with guadecitabine. We 

further examined the methylomes for the presence of published epigenetic signatures, A-

CIMP and I-CIMP, identifying cases positive for each 218.  

The proportion of A-CIMP+ leukemias in our cohort is lower than previously reported. This 

may reflect the skew in patient population treated on clinical trial as A-CIMP+ AML is 

occurs more frequently in relatively young patients. Nevertheless, it is interesting that 

these patients demonstrate a trend for inferior outcomes compared to A-CIMP-neg, 

especially given that A-CIMP targets are enriched for genes that maintain pluripotency in 

embryonic stem cells 218. The biologic plausibility of a CpG target-specific effect is further 

alluded to by the absence of a prognostic effect of the I-CIMP signature. 
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Another important implication of our data is that mutations in epigenetic regulators do not 

seem to be correlated with clinical remissions to guadecitabine, with the exception of 

IDH2. Using targeted high-throughput sequencing we were able to identify a mutational 

profile associated with lack of complete remission, which included KRAS, NRAS, and 

IDH2, however, we were unable to find a signature that had a favorable impact on 

remission rates. It is possible that mutations in additional genes outside of our sequencing 

panel, or effects on gene expression could be contributing to sensitivity or resistance. 

Future studies which employ whole-exome sequencing and/or RNA-seq will be needed to 

test whether mutational or transcriptomic signatures of guadecitabine response exist. 
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Supplementary Figures 

 

Supplementary Figure S19. Guadecitabine-treated patients with aberrant 

hypermethylation have inferior overall survival. a) Hierarchical clustering of patient 

samples (both tn and rr) based on DNA methylation status at CpG sites with low 

methylation in normal blood (Mean<20%, SD<20%), and variable methylation in AML 
(SD>20%). b) Kaplan-Meier survival analysis for overall survival stratified by methylation 

cluster (median OS, weeks: Cluster 1=26.3, Cluster2=33.9). 
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Supplementary Figure S20. IDH1/2 mutation status an overall survival in 

guadecitabine-treated AML. Kaplan-Meier survival analysis for overall survival stratified 

by IDH1/2 mutation status for tn (a; median OS, weeks: mutant=45.1, wild-type=37.4), and 
rr (b; median OS, weeks: mutant=37.0, wild-type=23.6) patients. 
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Supplementary Figure S21. Guadecitabine-treated patients with RAS mutations 

have inferior overall survival. Kaplan-Meier survival analysis stratified by RAS (KRAS 

or NRAS) mutation status (median OS, weeks: mutant=18.5, wild-type=35.9). 



151 

 

Supplementary Tables 

Supplementary Table S21 
 
Quantitative comparison of mutation rates between Illumina panel detection and TCGA cohort 

Gene 
Relapsed/Refractory 

Frequency 
Treatment-naïve 

Frequency 
TCGA Frequency Excluding 

Favorable Cytogenetics P-value 

NPM1 9% 11% 33% 1.80903E-07 

FLT3 10% 8% 29% 1.79753E-06 

ASXL1 13% 20% 3% 1.96561E-05 

DNMT3A-all 10% 8% 0% 2.49438E-05 
DNMT3A-
non882 4% 1% 14% 2.79793E-05 

KMT2A 0% 0% 6% 0.000315781 

WT1 0% 2% 6% 0.006095623 

DNMT3A-R882 6% 7% 17% 0.012708168 

SMC1A 0% 0% 4% 0.017807126 

PTPN11 0% 2% 5% 0.024555747 

SMC3 0% 0% 3% 0.036819914 

STAG2 0% 0% 3% 0.036819914 

PHF6 0% 0% 3% 0.036819914 

TET2 8% 18% 10% 0.039936512 

CEBPA 2% 4% 8% 0.055447898 

RAD21 0% 0% 2% 0.119470668 

ABL1 0% 0% 2% 0.119470668 

TP53 6% 4% 10% 0.162178195 

IDH1 6% 7% 12% 0.218686129 

JAK2 2% 4% 1% 0.269174841 

CUX1 1% 0% 0% 0.287958115 

BCOR 0% 0% 1% 0.341331025 

KDM6A 0% 0% 1% 0.341331025 

CBL 2% 0% 1% 0.373238978 

U2AF1 9% 8% 5% 0.39599004 

EZH2 5% 2% 2% 0.404631298 

CSF3R 2% 3% 1% 0.439993816 

NRAS 11% 6% 8% 0.462950358 

RUNX1 7% 11% 12% 0.500647162 

CALR 0% 1% 0% 0.586387435 

SF3B1 2% 2% 1% 0.616036284 

IDH2 12% 10% 12% 0.875527597 

KIT 1% 2% 2% 0.884559704 

CBLB 0% 0% 0% 1 

GATA2 1% 1% 1% 1 

PDGFRA 0% 0% 1% 1 
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Supplementary Table S21, continued 

FBXW7 0% 0% 0% 1 

IKZF1 0% 0% 0% 1 

NOTCH1 0% 0% 0% 1 

PTEN 0% 0% 0% 1 

ETV6 0% 1% 1% 1 

SRSF2,MFSD11 0% 0% 0% 1 

ZRSR2 0% 0% 0% 1 

ATRX 0% 0% 0% 1 

BCORL1 0% 0% 1% 1 

MYD88 0% 0% 0% 1 

CDKN2A 0% 0% 0% 1 

HRAS 0% 0% 0% 1 

CBLC 0% 0% 0% 1 

MPL 0% 0% 1% 1 

JAK3 0% 0% 0% 1 

GATA1 0% 0% 0% 1 

SETBP1 1% 1% 1% 1 

KRAS 5% 4% 5% 1 

BRAF 0% 0% 0% 1 

GNAS 0% 0% 0% 1 
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CHAPTER 6. CONCLUSIONS 

 

The studies described in the previous chapters raise important points about the causes 

and effects of aberrant DNA methylation in cancer, and the possibility of precision 

epigenetic therapy. Using high-throughput approaches we were able to dissect the AML 

methylome in a genomic region-specific manner and highlight independent epigenetic 

processes affecting different types of CpG sites. Hypermethylation in AML can affect A-

CIMP targets, I-CIMP targets, or – in rare cases – both. While A-CIMP targets were 

strongly enriched for CpG islands, the I-CIMP process seemed to affect both CG-rich and 

CG-poor regions in similar proportions. In addition, A-CIMP gene targets were found to 

have common features (i.e. many are involved in maintaining a pluripotent state). In 

contrast, I-CIMP gene targets did not show specific functional enrichments, suggesting 

that I-CIMP may be a more random process than A-CIMP. These data make intuitive 

sense in the context of IDH1/2 mutations. The presence of IDH1/2 mutations will generate 

2-HG within cells and thereby affect all TET family members, bypassing the specificity 

different TETs may have for certain genomic regions. In contrast, A-CIMP+ leukemias lack 

IDH1/2 and most other mutations which are commonly seen in AML. While we could not 

identify the cause of A-CIMP+ methylation gains, our data suggest a more targeted 

mechanism must be at play. 

 

Demethylation in AML was also found to occur at distinct genomic regions: DMP.1 targets 

and DMP.2 targets. The methylation status of DMP targets was associated with specific 

non-overlapping gene expression programs. Additionally, unlike with CIMP, the DMPs 

were mutually exclusive; no patients in our datasets were found to demonstrate both 

DMP.1+ and DMP.2+ demethylation. These data suggest that differing and non-
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overlapping mechanisms likely exist that result in either DMP.1 or DMP.2 demethylation. 

The potential causes of DMP.1 demethylation are analogous to I-CIMP hypermethylation; 

in I-CIMP+ leukemias the DNA methylation ‘erasing’ machinery is inactivated, while in 

DMP.1+ AML the majority of cases carry mutations in DNMT3A, a de novo methylation 

‘writer’. In contrast, DMP.2 demethylation was not associated with known mutations in the 

epigenetic machinery, although gene expression data provide some clues. We found that 

DMP.2+ AML had significantly reduced levels of DNMT3B compared to DMP.1+, and 

DMP-neg leukemias, hinting that the regions demethylated in DMP.2+ AML may be 

targets of the other known de novo methyltransferase. Gene expression analysis also 

revealed other mechanistic insights into DMP.1 demethylation. In addition to having 

frequent DNMT3A mutations, DMP.1+ leukemias had lower mRNA expression of 

DNMT3A, and interestingly, higher expression of TET2. It is plausible that an increase in 

activity of the methylation ‘erasing’ machinery with a concurrent decrease in the 

methylation ‘writing’ machinery contribute to the large number (relative to both DMP.2+ 

and DMP-neg) of CpG sites affected in this DMP. 

 

In examining both DMP and CIMP status together, interactions between the different 

epigenetic processes come to light. Approximately half of DMP.2+ AML cases are also 

positive for A-CIMP methylation, however, both DMPs were non-overlapping with I-CIMP 

methylation. The genetic backgrounds of these cases also show important interactions. 

For instance, co-occurring DNMT3A and IDH1/2 mutations result in a methylome that is 

neither I-CIMP+ nor DMP.1+. An attractive hypothesis that may explain this result is that 

DNA methylation writers and erasers may function with a co-dependent genomic targeting 

mechanism – perhaps mediated by non-coding RNAs shown to bind epigenetic regulators. 
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In addition to mechanistic clues about aberrant methylomes in cancer, our data raise the 

possibility of using epigenetic tools in clinical practice. The observation that an integrated 

epigenetic model of leukemia risk is prognostic independent of age and cytogenetic status 

suggests that existing clinical parameters could be augmented in treatment decisions. A 

likely place for intervention in AML would be in post-remission therapy. It is plausible that 

epigenetic status may help identify patients that should – or should not – receive stem cell 

transplants. Similarly, some patients may have better outcomes if given chemotherapy 

depending on specific DNA methylation signatures. Our data suggest that another 

possible point of intervention could be in considering hypomethylating agents. Patients 

with an A-CIMP+ methylome tended to have inferior overall survival when treated with 

guadecitabine in the context of a clinical trial. Future studies will be needed to validate 

these findings and extend the application of methylation-based classifiers to clinical 

practice, however, these results suggest epigenetic risk stratification can be a valuable 

management tool. 

 

In summary, the work presented in this thesis dissected DNA methylation changes in 

acute myeloid leukemia in a highly genomic context-specific manner. The results from 

previous chapters hint at distinct mechanisms of epigenetic dysfunction, and downstream 

consequences of DNA methylation defects, including how clinical outcomes are impacted. 

Future studies should focus on additional validation of clinical findings, and mechanistic 

studies on how each of the identified epigenetic processes manifests in leukemia. 
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