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 ABstRAct     Epigenetic allele diversity is linked to inferior prognosis in acute myeloid leukemia 
(AML). However, the source of epiallele heterogeneity in AML is unknown. Herein we 

analyzed epiallele diversity in a genetically and clinically annotated AML cohort. Notably, AML driver 
mutations linked to transcription factors and favorable outcome are associated with epigenetic desta-
bilization in a defi ned set of susceptible loci. In contrast, AML subtypes linked to inferior prognosis 
manifest greater abundance and highly stochastic epiallele patterning. We report an epiallele outcome 
classifi er supporting the link between epigenetic diversity and treatment failure. Mouse models with 
 TET2  or  IDH2  mutations show that epiallele diversity is especially strongly induced by  IDH  mutations, 
precedes transformation to AML, and is enhanced by cooperation between somatic mutations. Further-
more, epiallele complexity was partially reversed by epigenetic therapies in AML driven by  TET2 / IDH2 , 
suggesting that epigenetic therapy might function in part by reducing population complexity and fi t-
ness of AMLs.  

  SIGNIFICANCE:   We show for the fi rst time that epigenetic clonality is directly linked to specifi c muta-
tions and that epigenetic allele diversity precedes and potentially contributes to malignant transfor-
mation. Furthermore, epigenetic clonality is reversible with epigenetic therapy agents.        
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  intRoDuction 
 Acute myeloid leukemia (AML) is a highly aggressive cancer 

that arises from hematopoietic stem and progenitor cells. 
AML remains diffi cult to treat mainly due to failure to 
eradicate residual leukemia stem cells, eventually leading to 
relapse and disease progression ( 1 ). Genetic heterogeneity 
and clonal diversity have been suggested to contribute, at 
least in part, to treatment failure, as they provide alternative 
trajectories for cells to escape therapy ( 2 ). Genome sequenc-
ing has revealed generally low somatic mutation burden in 
AML compared with most other cancers ( 2–4 ). In contrast, 
aberrant epigenetic patterning is common and has emerged 
as a hallmark of AML ( 5–10 ). Cytosine methylation profi ling 

studies show that AMLs can be classifi ed into epigenetically 
defi ned subtypes with distinct biological features and clini-
cal outcomes, only some of which are defi ned by particular 
somatic mutations ( 6, 7, 10 ). Even though there are relatively 
few somatic mutations associated with AML, those muta-
tions can have a major impact when they affect epigenetic 
programming or when they interact synergistically ( 3, 11, 
12 ). Along these lines, a genetic theme in AML is recurrent 
somatic mutation of transcription factors or genomic rear-
rangement of transcription factors and epigenetic regulators 
( 3, 4 ). For example, loss of function of TET2 dioxygenase or 
of DNMT3A, and gain-of-function mutations of the gene 
encoding IDH1/2 directly mediate profound perturbation 
of cytosine-methylation patterning and gene expression in 
AML ( 5, 7, 13 ). Synergistic disruption of epigenetic and tran-
scriptional programming can arise from cooperative effects 
between mutations such as those affecting TET2 and FLT3 
( 11, 12 ). 

 In addition to these effects on global DNA methyla-
tion patterning, it has more recently been appreciated that 
cytosine methylation patterning can differ among AML 
cells within a given patient, resulting in an epigenetically 
heterogeneous population of leukemia cells ( 8, 9 ). Epige-
netic diversity appears to provide tumors with an additional 
layer of population fi tness conceptually similar to the case 
of genetic diversity, and was accordingly noted to associate 
with unfavorable outcomes in diffuse large B-cell lympho-
mas ( 14 ) and later in other tumor types including AML ( 9, 
15, 16 ). Recent efforts to refi ne this concept have given rise 
to the concept of “epigenetic allele (epiallele),” referring to 
the pattern of variation in methylation status among CpGs 
present in discrete sets that can be tracked as a unit by vir-
tue of the constituent CpGs being located adjacent to each 
other ( 9, 15–17 ). 

 Epialleles, though not identical in concept to genetic 
clones, provide a basis for measuring population diversity 
among individual cells in a tumor in a clinically relevant 
manner ( 9, 15, 17 ). Several methods for identifying epiallele 
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diversity have been developed that inform on either the epi-
genetic-allele state of any given population of cells (15, 17) or 
the degree to which epiallele patterns shift at different time 
points during tumor evolution (8). The latter approach has 
been used to demonstrate that genetic clonality and epiallele 
diversity are independent of each other in AML, indicating 
that neither one is predictive of the other (9). Importantly, 
epialleles appear to have functional consequences, because 
those located in gene promoters have been shown to associate 
with transcriptional diversity, ranging from full silencing to 
moderately high-level transcription (15), presumably allow-
ing individual cells within a tumor to sample multiple differ-
ent transcriptional combinatorial states in a way that fosters 
population fitness.

Collectively, these studies point to epigenetic heterogeneity 
as a fundamental property of tumors, which leads naturally 
to the question of what mechanism drives this phenomenon. 
Epigenetic heterogeneity varies widely among patients, indi-
cating that this is not a general property of proliferating 
tumors but rather must be facilitated by particular patho-
genic influences. As a related concept, it is reasonable to ques-
tion whether epigenetic heterogeneity is a stochastic feature 
that is secondary to the transformed state or whether it is a 
consequence of the effects of specific genetic lesions. Herein, 
we explored the epigenetic profiles of a cohort of clinically 
and genetically annotated patients with AML and mouse 
models to investigate whether any of the canonical somatic 
mutations occurring in AML might be linked to development 
of epiallele diversity.

Results
Genetically and Epigenetically Defined AML 
Subtypes Associate with Specific Levels of 
Epigenetic Heterogeneity

To test whether genetic mutations are associated with 
epiallele diversity, we analyzed cytosine methylation profiles 
obtained by performing enhanced reduced representation 
bisulfite sequencing (ERRBS) in a cohort of 119 patients with 
primary AML curated to reflect many of the common AML 
genetic lesions (18). Specifically, patients were selected on 
the basis of presence of t(8;21), t(15;17), t(v;11q23), inv(16), 
Del(5/7q), TET2, EVI1, CEBPA double mutations (CEBPA-
dm), or mutations in DNMT3A, IDH1/2, or NPM1, or con-
currence of mutation in DNMT3A and IDH1/2, resulting 
in a total of 12 genetically defined subtypes of patients. 
Also included were a set of patients previously defined by 
a hypermethylated signature, silencing of the CEBPA gene 
(CEBPA-sil), and a highly unfavorably clinical outcome that is 
not explained by the presence of any particular somatic muta-
tion (6, 19). We used 14 normal bone marrow (NBM) CD34+ 
hematopoietic stem and progenitor cell (HSPC) samples as 
controls (8, 9). Epiallele diversity was determined using three 
orthogonal computational epigenomics approaches: the pro-
portion of disordered reads (PDR; ref. 15), epipolymorphism 
(17), and Shannon entropy (20). We also measured the num-
ber of loci with epiallele shifting per million loci sequenced 
(EPM; ref. 8) as well as EPM excluding uniformly differen-
tially methylated regions (DMR). These approaches were 
used to calculate DNA methylation allele diversity among 

the twelve genetically defined and one epigenetically defined 
subtypes of patients mentioned above.

Notably, AMLs with particular genetic lesions manifested 
characteristic and robust genomic distributions and abun-
dance of epialleles (PDR: P = 2.26 × 10−9, Fig. 1A; EPM: P = 
5.137 × 10−10, Fig.  1B; epipolymorphism, Supplementary 
Fig.  S1A; Shannon entropy, Supplementary Fig.  S1B; no 
DMR EPM, Supplementary Fig.  S1C: P < 0.001, Kruskal–
Wallis rank sum test). Of note, we observed that some of the 
favorable-risk genetic lesions (ref. 4; t(15;17) and CEBPA-
dm) were linked to high levels of epiallele diversity, whereas 
others, including inv(16) and t(8;21), manifested low diver-
sity levels. Overall, global epiallele diversity is linked at least 
in part to underlying genetic lesions and appears to not 
always correlate with degree of clinical risk. Nonetheless, 
those patients with higher epiallele diversity had a lower 
chance of entering complete remission (P = 0.02 measured 
by PDR, Fig. 1C; P = 0.023 measured by epipolymorphism, 
Supplementary Fig.  S2A; P = 0.045 measured by Shan-
non entropy, Supplementary Fig.  S2B). This association 
remained even after adjustment for other relevant features 
available in our cohort including age, gender, t(15;17), 
inv(16), Del(5;7q), t(v;11q23), t(8;21), EVI1, CEBPA-dm, 
CEBPA-sil, NPM1, IDH1/2, IDH1/2+DNMT3A, DNMT3A, 
FLT3ITD, and TET2 (PDR in Supplementary Table S1; 
epipolymorphism and Shannon entropy in Supplementary  
Fig. S2C and S2D).

Epialleles Segregate into Specific Patterns Linked 
to Genetic Background

To further understand the association between epiallele 
complexity and AML subtypes, we used hierarchical cluster-
ing and t-distributed stochastic neighbor embedding (tSNE) 
of the top 50% variable loci (measured by PDR, EPM, epipoly-
morphism, and Shannon entropy) to determine the relative 
similarity or differences among epiallele variance and epial-
lele location in the genome among AML subtypes. Results 
indicated striking specificity for epiallele genomic distribu-
tion in patients with CEBPA-sil, CEPBA-dm, inv(16), t(15;17), 
or t(8;21), as these patients formed unique and distinct 
clusters (Fig.  2A and B; Supplementary Fig.  S3A and S3B). 
In patients with IDH1/2 mutations, DNMT3A mutations, or 
IDH1/2+DNMT3A mutations, epialleles were more broadly 
distributed and less tightly linked, with partially overlap-
ping distributions (Fig. 2C), suggestive of less tightly defined 
epiallele disposition. In contrast, epialleles in patients with 
TET2, Del(5/7q), t(v;11q23), EVI1, or NPM1 did not form 
discrete clusters, suggesting that these lesions do not specify 
where and how epialleles form, but rather that epialleles in 
these patients occur more stochastically (Supplementary 
Fig. S3C).

AML Epialleles Are Linked to Particular 
Transcription Factor Cistromes and 
Transcriptional Programs

To generate a more precise map of epiallele distribution, 
we identified the genomic location with gain or loss of the 
epiallele heterogeneity associated with each AML subtype  
(Supplementary Fig.  S4). Specifically, a total of 5,567 
epigenetic loci (eloci) were identified among the various 
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Figure 1.  Epigenetic allele diversity is linked to 
somatic mutations and clinical outcome. A, PDR of 13 
AML subtypes ranked by median PDR. B, EPM of 13 
AML subtypes ranked by median EPM. PDR and EPM are 
significantly different among AML subtypes: P = 2.26 × 
10–9 (A), and P = 5.137 × 10–10 (B), Kruskal–Wallis rank 
sum test. C, Kaplan–Meier curves of patients with primary 
AML for achievement of complete remission based on 
PDR.

inv(16)

DNMT3A

t(v;11q23)

IDH1/IDH2+DNMT3A

NPM1

TET2

t(8;21)

EVI1

t(15;17)

IDH1/IDH2

CEBPA-dm

Del(5/7q)

CEBPA-sil

2.5 3.0 3.5 4.0 4.5 5.0 5.5

EPM (log10)

A

B

C

DNMT3A

t(v;11q23)

t(8;21)

inv(16)

NPM1

IDH1/IDH2+DNMT3A

TET2

EVI1

CEBPA-sil

t(15;17)

Del(5/7q)

CEBPA-dm

IDH1/IDH2

0.02 0.04 0.06 0.08 0.10
PDR

E
ve

nt
-f

re
e 

su
rv

iv
al

 (
%

)

High PDR

Low PDR

+++
++ ++ + ++ +++

++ + +

++++ ++++ + + + + + ++ + +++ +

P = 0.02

0.00

0.25

0.50

0.75

1.00

0 1,000 2,000 3,000 4,000 5,000 6,000

1,000 2,000 3,000 4,000 5,000 6,000

Event-free survival times (days)

75 23 11 6 1 0 0
44 20 11 9 7 1 0−−
0

Event-free survival times (days)

Number at risk by time 

Cancer Research. 
on September 23, 2021. © 2020 American Association forcancerdiscovery.aacrjournals.org Downloaded from 

Published OnlineFirst September 16, 2020; DOI: 10.1158/2159-8290.CD-19-0897 

http://cancerdiscovery.aacrjournals.org/


Li et al.RESEARCH ARTICLE

1938 | CANCER DISCOVERY December  2020 AACRJournals.org

Figure 2.  Epigenetic allele diversity of genetic lesions forms discrete clusters. A, Unsupervised analysis of epigenetic allele diversity by hierarchical 
clustering using Euclidean distance and based on the most variable loci across all the patients (PDR, 20,948 loci, top; epiallele shift, 20,764 loci, bottom). 
Subtypes of patients are represented in the left-most column, and subtypes forming unique clusters are labeled in orange, with other subtypes labeled in 
gray. B and C, tSNE analysis of epigenetic allele diversity measured by PDR from all the patients highlighted with five AML subtypes: CEBPA-dm, CEBPA-
sil, inv(16), t(15;17), and t(8; 21) (B) and three AML subtypes: IDH1/IDH2, DNMT3A, and cooccurring IDH1/IDH2 and DNMT3A mutations (C).
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AML subtypes by comparing the AML subtype epial-
lele diversity values with the epiallele diversity of NBM 
controls (Fig.  3A). To understand how these eloci might 
be functionally distinct from each other, we determined 
the transcription factor (TF) binding sites for which the 
particular pattern of eloci specific to each subtype were 
enriched using motif gene sets from MSigDB v6.1 (see 
Supplementary Fig.  S5: showing enriched TFs known to 
be expressed in hematopoietic stem cells (HSC) or AML 
based on Blood Spot; ref. 21).

Several findings are particularly noteworthy. The eloci 
in five subtypes including CEBPA-dm, IDH1/IDH2, EVI1, 
Del(5/7q), and TET2 were enriched for AP2 (TFAP2A), which 
can repress CEBPA and MYC (22). MYC is frequently activated 
in AML and has a key role in the induction of leukemogen-
esis (23). The eloci in the IDH group and TET2 were enriched 
for STAT5A, a key member of the JAK–STAT pathway regu-
lating HSC functions (24) and leukemia cell maintenance 
and survival (25). The eloci in CEBPA-sil were enriched for 
NFκB (NFKB1), STAT3, and AP1 (JUN). The aberrant activity  

Figure 3.  Comparison of AML epigenetic allele diversity measured by PDR with NBM controls. A, The number of eloci that are shared and unique 
among 13 AML subtypes. B, Pie chart of the shared and unique eloci among 13 AML subtypes. C, Absolute numbers of eloci in each AML subtype, where 
AML subtypes are ranked in ascending order from left to right based on the median PDR. D, Jaccard similarity coefficient of one-on-one comparison 
among 10 AML subtypes. Only patients with a unique AML subtype from the 13 subtypes are included.
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of NFκB in AML fosters cell proliferation and survival (26). 
STAT3 is involved with hematopoietic growth factor signal 
transduction (27). Constitutively active STAT3 in AML is 
related to poor prognosis (28). AP1 is a transcription factor 
composed of a heterodimer composed of proteins belong-
ing to the FOS, JUN, ATF, and MAF families and controls 
cell proliferation, differentiation, and apoptosis (29). It was 
reported JUN family members are overexpressed and acti-
vate in AML (30) and have an key role in facilitating AML 
cell survival and progression (31).

As a complementary approach, we examined whether 
AML-associated epialleles were enriched for TF chromatin 
immunoprecipitation sequencing (ChIP-seq) binding pro-
files derived from human CD34+ HSPCs (bloodChIP; ref. 
32; Supplementary Fig.  S6). Strikingly, the epialleles in 10 
AML subtypes (CEBPA-dm, CEBPA-sil, Del(5/7q), DNMT3A, 
IDH1/IDH2 + DNMT3A, inv(16), NPM1, t(15;17), t(8;21), 
and TET2) were enriched for GATA2, which is intriguing 
given the prominent role of GATA2 dysregulation down-
stream of many somatic mutations in leukemia (11, 12). In 
addition, eloci in the CEBPA-dm and CEBPA-sil sub types 
both enriched for SCL (SCLY), LYL1, and LMO2 bind-
ing sites, whereas the eloci in the CEBPA-sil subtype were 
enriched for ERG. RUNX1 binding peaks were enriched 
in the eloci of the inv(16) and TET2 subtypes; RUNX1 is a 
binding partner for the CBFB–MYH11 fusion protein (33). 
However, when we examined the binding profiles of the 
PML–RARA fusion protein that is generated by the t(15;17) 
translocation (34), there was no enrichment for epialleles  
(P > 0.1, data not shown). Finally, an analysis of curated gene 
sets in the MSigDB v6.1 linked to epialleles using the hyper-
geometric test yielded enrichment for genes up-regulated in 
HSCs in IDH1/IDH2 [FDR-adjusted P (PFDR) = 0.008], EVI1 
(PFDR = 0.047), Del(5/7q; PFDR = 0.009), and CEBPA-dm (PFDR =  
0.005) subtypes (Supplementary Tables S2 and S3). These 
data raise the possibility that epialleles could be linked to 
gene dysregulation upstream or downstream of key HSC 
transcription factors.

Notably, epialleles in CEBPA-silenced patients were par-
ticularly well defined and yielded striking enrichment for 
gene sets regulated by PRC2 polycomb complexes and genes 
containing H3K27me3 or bivalent chromatin in embryonic 
stem cells, as well as genes involved in various signaling 
pathways (PFDR ≤ 0.05; Supplementary Fig.  S7A and S7B), 
including NFκB, STAT3, and AP1. There was significant 
enrichment for leukemia stem cell (LSC)–associated gene 
signatures (e.g., CD34+CD38− leukemia repopulating cells 
compared with more mature CD34+CD38+ stem cells) and 
inflammatory response gene signature (Supplementary 
Table S4). These results are consistent with our prior works 
(19, 35) showing that these leukemias manifest an immature 
stem-cell phenotype and dismal clinical outcomes, and sug-
gest possible involvement of deregulated PRC2 function in 
these cases.

Epigenetic Alleles Are Generally Increased and 
Highly Diversified across AML Subtypes

Next, we investigated the occurrence of AML-specific eloci 
in each AML subtype compared with NBM controls. This 
analysis revealed that, of the 5,567 eloci that we identified 

among the various AML subtypes based on PDR (Sup-
plementary Fig.  3A), 39% were detected in only one AML 
subtype (Fig.  3B). Only 1% of eloci were shared across all 
13 subtypes, with the percentages of shared eloci increasing 
slightly as the number of subtypes sharing a group of eloci 
decreased (Fig.  3B). When compared with NBM controls, 
patients with AML across all subtypes manifested a net 
absolute gain of epiallele heterogeneity (Fig. 3C; epipolymor-
phism in Supplementary Fig. S8A and B; Shannon entropy 
in Supplementary Fig. S8C and S8D). This finding prompted 
us to determine whether there was particular agreement 
among the sets of eloci of the various AML subtypes. Thus, 
we measured the Jaccard similarity coefficient for every pair 
of AML subtype (Fig. 3D). In general, this analysis revealed 
that the closest degree of similarity occurs between AML 
subtypes that (i) drive specific epiallele patterns and (ii) 
are linked to a favorable clinical outcome, which include 
inv(16), t(8;21), IDH, t(15;17), and CEBPA-dm, and NPM1. 
AMLs with poor outcome manifested the least agreement of 
eloci, which may signify that they arise in a more stochastic 
manner that is perhaps associated with natural selection, 
whereas the favorable-outcome subtypes harboring a higher 
agreement of eloci might be a direct or indirect by-product 
of driver-oncogene effects that are not linked to evolutionary 
pressures.

Of note, DNMT3A-mutant AMLs had fewer eloci compared 
with other subtypes, perhaps due to allele diversity induced 
by DNTM3A mutations lying outside of the CpG dense 
regions captured by ERRBS (18). Therefore, we investigated 
epigenetic heterogeneity in these patients using a different 
cytosine methylation heterogeneity approach (M-score) suit-
able to analyze CpGs regardless of density captured through 
whole-genome bisulfite sequencing profiles generated by 
Spencer and colleagues (13) from five normal karyotype AML 
samples with DNMT3AR882H/C mutations and five normal 
karyotype AML samples with no DNMT3A mutations. DNA 
methylation heterogeneity was significantly higher in the 
DNMT3AR882H/C cases (P = 0.040 in Supplementary Fig.  S9, 
t test). But it is not further explored herein because these can-
not be integrated with our ERRBS epiallele data.

Somatic Mutations Cooperate to  
Induce Epigenetic Heterogeneity  
during Leukemogenesis

We wondered whether individual leukemia mutations are 
sufficient to destabilize the epigenome to yield epigenetic 
diversity, or whether (like leukemic transformation itself) 
destabilization would require cooperation between disease 
alleles. We addressed this question by examining the methy-
lomes of LSK (Lin−Sca+cKit+) cells from healthy (nonleuke-
mic) Tet2−/−, Idh2R140Q knock-in, Flt3ITD, Tet2−/−;Flt3ITD, and 
Idh2R140Q;Flt3ITD mice. Epiallele diversity measured by PDR, 
epipolymorphism, and Shannon entropy was first analyzed 
in an unsupervised fashion using hierarchical clustering 
and tSNE (PDR: Fig. 4A–D; epipolymorphism: Supplemen-
tary Fig.  S10A–S10D; Shannon entropy: Supplementary 
Fig. S10E–S10H). This analysis showed that double-mutant, 
but not single-mutant, LSK cells segregated to distinct 
nodes, and that they formed more defined clusters than the 
single-mutant mice. In addition, and notably, the epiallele 
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profiles of Idh2R140Q mice were more severely perturbed than 
those of Tet2−/− mice.

We then performed a supervised analysis of the three epial-
lele diversity metrics. In both the Idh2R140Q and Tet2−/− settings, 
the cross with Flt3ITD yielded the greatest and most significant 
degree of epiallele diversity (PDR: P = 1.709 × 10−4 and P = 0.027 
by t test, compared with wild-type in Fig. 4E and F; epipolymor-
phism: P = 2.26 × 10−5 and P = 0.038 by t test in Supplementary 
Fig.  S11A and S11B; Shannon entropy: P = 5.54 × 10−3 and 
P = 0.033 by t test in Supplementary Fig.  S11C and S11D). 

Notably, the Tet2 mutation alone had little effect, whereas the 
Idh2R140Q mutation alone manifested significantly greater epial-
lele diversity compared with wild-type mice (P = 0.041 by t test, 
Fig. 4E). The Flt3ITD mutation alone generated a small degree 
of epiallele diversity (Fig. 4E and F). Hence, there were major 
differences between the epigenetic effects of the Tet2 loss-of-
function and Idh2R140Q mutation, consistent with biological 
differences between IDH and TET2 mutations in patients and 
mouse models (5, 12, 36). Importantly, these results show that 
increased epiallele diversity can precede transformation to 

Figure 4.  Somatic mutations cooperatively enhance epigenetic allele diversity. A and B, Unsupervised analysis by hierarchical clustering, C and D, tSNE 
analysis, and E and F, box plot of epigenetic allele diversity measured by PDR in wild-type (WT) mice (3 samples), Flt3ITD mice (3 samples), Idh2R140Q  
mice (3 samples), and Idh2R140Q;Flt3ITD mice (4 samples; A, C, E) and in wild-type mice (3 samples), Flt3ITD mice (3 samples), Tet2−/− mice (3 samples), and 
Tet2−/−;Flt3ITD mice (3 samples; B, D, F). Here, *, P ≤ 0.05; ***, P ≤ 0.001 by t test.
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AML and is enhanced by cooperation between somatic muta-
tions, especially those involving IDH mutations.

To assess how these epialleles might be linked to murine 
TF cistromes, we analyzed TF-binding sites associated with 
eloci in the Idh2R140Q;Flt3ITD double-mutant mouse model. We 
detected enrichment for 38 TFs (PFDR ≤ 0.05; Supplementary 
Table S5), nine of which were also enriched in patients with 
IDH2;FLT3ITD AML (Supplementary Fig. S12). These include 
PBX1, a regulator of HSC transcriptional programming (37); 
GFI1, a transcriptional repressor that restricts HSC prolif-
eration (38); LEF1, which regulates the regenerative fitness 
of HSCs and self-renewal of LSCs (39); and MAZ, which is a 
regulator of MYC (40). NFATC are a family of TFs, the target-
ing of which caused antileukemic effects in FLT3ITD AML (41) 
and drove transcriptional programs induced by FLT3ITD (42). 
CDX2 was reported to contribute to AML leukemogenesis 
(43). Hence, epialleles arising in the IDH2 and FLT3ITD context 
in humans and mice may affect similar TF programs with 
relevance to AML biology.

DNMTi and Mutant IDH2 Inhibitors Can Suppress 
Epigenetic Allele Diversity

Given the association of epiallele diversity with unfavora-
ble clinical outcomes, we examined whether it could be 

reversed using epigenetic therapy drugs. To address this 
question we analyzed ERRBS profiles of LSK cells from 
syngeneic mice that had been transplanted with CD45.2+ 
Idh2R140Q;Flt3ITD or CD45.2+ Tet2−/−;Flt3ITD cells (12), and then 
mice in each group were administered three different treat-
ments: Idh2R140Q;Flt3ITD mice were treated via (i) twice-daily 
administration of the IDH2 inhibitor AG-221, for 6 weeks, 
(ii) daily administration of the FLT3 inhibitor AC220, (iii) 
combined AG-221 and AC220 therapy, or (iv) vehicle admin-
istration; and Tet2−/−;Flt3ITD mice were treated via (i) daily 
administration of the DNMT inhibitor (DNMTi) 5′-azacyti-
dine (AzaC) for 5 days every 21 days, for four cycles (similar 
to the clinical context), (ii) daily administration of the FLT3 
inhibitor AC220, (iii) combined AzaC and AC220 therapy, or 
(iv) vehicle administration (12).

We examined the impact of these treatments on the 
extent of epiallele diversity as well as the absolute num-
bers of epialleles in each case. Comparing with vehicle, we 
observed that the most profound and significant reduc-
tion in epiallele diversity in either strain was mediated by 
AG-221 in Idh2R140Q;Flt3ITD mice (P = 0.03 for PDR; P = 0.011 
for epipolymorphism; P = 0.028 for Shannon entropy by t 
test in Fig.  5A–C), whereas in Tet2−/−;Flt3ITD mice the most 
profound reduction was observed after AzaC treatment 

Figure 5.  Epigenetic targeted therapy reverses the epigenetic heterogeneity. A–C, Boxplot of PDR, epipolymorphism, and Shannon entropy of 
Idh2R140Q;Flt3ITD mice treated separately with vehicle (4 samples), AC200 (FLT3 inhibitor; 3 samples), AG-221 (IDH2 inhibitor; 4 samples), or combined 
AG-221 and AC200 (2 samples). D–F, Box plot of PDR, epipolymorphism, and Shannon entropy of Tet2−/−;Flt3ITD mice treated separately with vehicle (6 
samples), AzaC (DNMT inhibitor; 4 samples), AC200 (4 samples), or combined AzaC and AC220 (3 samples). Here, *, P ≤ 0.05; **, P ≤ 0.01 by t test.
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(P = 0.002 for PDR; P = 0.014 for epipolymorphism; P = 
0.025 for Shannon entropy by t test in Fig.  5D–F). AC220 
had very little effect as a single agent, and fundamental 
differences in epiallele diversity between Tet2−/−;Flt3ITD and 
Idh2R140Q;Flt3ITD mice remained following AC220 treatment. 
Combined AG-221 and AC220 therapy resulted in a slightly 
lower degree of epiallele diversity compared with AC220 
monotherapy, in both strains. Similar effects were observed 
for combined treatment of Tet2−/−;Flt3ITD mice with AzaC 
and AC220 compared with treatment with vehicle. These 
effects were consistent across PDR, epipolymorphism, and 
Shannon entropy analysis.

Because we did not have available ERRBS data to measure 
epialleles in humans treated with DNMTi, we explored DNA 
methylation heterogeneity scores from six patients profiled 
using HELP microarrays at diagnosis or at days 15 or 29 post-
treatment (14, 44). These results cannot be exactly compared 
with our epiallele measurements because both the DNA 
methylation platforms and analyses are completely different. 
However, it was notable that 3 of 6 patients manifested reduc-
tion in DNA methylation heterogeneity at post-treatment 
(Supplementary Fig. S13). Collectively, our data suggest that 
epigenetic heterogeneity is potentially reversible by epigenetic 
therapy.

Transcriptional Hypervariability Is Linked to 
Epigenetic Allele Diversity

It was previously shown that epiallele diversity is linked to 
variable expression of the respective genes, suggesting that 
affected genes can experience multiple transcriptional states 
(9). To determine whether similar effects could be observed 
in our primary AML cohort, we investigated the link between 
epiallele diversity and transcriptome variance. Patients with 
higher epiallele diversity had significantly higher transcrip-
tome variance than patients with low epiallele diversity  
(t test, PDR: P = 2.6334 × 10−11; epipolymorphism: P = 3.2092 ×  
10−7; Shannon entropy: P = 2.1893 × 10−11 in Supplemen-
tary Fig.  S14A). Using the European LeukemiaNet (ELN) 

risk-stratification scheme (45), we then observed that the 
unfavorable outcome group had significantly higher tran-
scription variance and epiallele diversity compared with 
the good/intermediate prognosis group (transcription var-
iance: Kruskal–Wallis rank sum test, P < 2.2 × 10−16 in 
Supplementary Fig.  S14B; Kruskal–Wallis rank sum test, 
PDR: P = 0.0621; epipolymorphism: P = 0.0035; Shannon 
entropy: P = 0.0058 in Supplementary Fig.  S15A–S15C). 
Dissecting transcriptional heterogeneity across AML sub-
sets indicated significant association with promoter epialleles  
(P < 0.05, binomial test) in all cases except for t(v;11q23) and 
inv(16) patients (Supplementary Fig.  S16A). AML subtypes 
with more coordinated epialleles also featured more correla-
tion between their respective sets of differentially expressed 
genes (vs. normal CD34+ cells; Supplementary Fig.  S16B). 
Hence epialleles tend to associate both with differentially 
expressed as well as differentially variable gene transcripts, 
suggesting that genes with promoter eloci are prone to expe-
rience transcriptional deregulation.

Next, to determine the association between transcription 
variance downstream of leukemia mutations, we compared 
gene expression heterogeneity among wild-type, Idh2R140Q, 
and Idh2R140Q;Flt3ITD mice. We found that genes contain-
ing epialleles manifested significantly greater levels of tran-
scriptional heterogeneity in Idh2R140Q;Flt3ITD mice compared 
with wild-type and single-mutation mice as measured by the 
intragroup coefficient of variation (Kruskal–Wallis rank sum 
test, P < 2.2 × 10−16, Fig.  6A). Notably, in Idh2R140Q;Flt3ITD 
mice, transcriptional heterogeneity associated with epi-
alleles decreased significantly after treatment with AG-221 
(Wilcoxon rank sum test, P = 1.508 × 10−10; Fig.  6B). Simi-
larly, in Tet2−/−;Flt3ITD mice, the transcriptional heterogene-
ity of genes containing epialleles decreased significantly after 
treatment with AzaC (Wilcoxon rank sum test, P < 2.2 ×  
10−16; Fig.  6C). Together, these results provide one possible 
explanation of how epigenetic therapies might benefit patients 
with AML: by reducing the number of different transcriptional 
states among leukemia cells and hence population fitness.

Figure 6.  Transcriptional variance is associated with epigenetic loci at genomic regions (neighborhood and gene body). A, Box plot comparing variance 
in transcript expression levels of genes with eloci in their genomic regions (P < 2.2 × 10−16, Kruskal–Wallis rank sum test) in wild-type (WT) mice and in 
Idh2R140Q and Idh2R140Q;Flt3ITD mice. B, Box plot comparing variance in transcript expression levels of genes with eloci in their genomic regions (P = 1.508 × 
10−10, Wilcoxon rank sum test) in Idh2R140Q;Flt3ITD mice treated with vehicle and AG-221. C, Box plot comparing variance in transcript expression levels of 
genes with eloci in their genomic regions (P < 2.2 × 10−16, Wilcoxon rank sum test) in Tet2−/−;Flt3ITD mice treated with vehicle and AzaC.
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An Epiallele Prognostic Classifier Predicts Clinical 
Outcome in AML

Differentially methylated gene sets can serve as useful clini-
cal biomarkers for AML and other tumors (10, 46, 47). How-
ever, epialleles have not been investigated as potential disease 

outcome classifiers. To determine whether epiallele-based 
biomarkers could yield prognostic value in AML, we followed 
a three-step approach toward building a putative epiallele 
prognostic model (Fig. 7A). To increase statistical power, we 
combined our 119 AML patient ERRBS profiles with those 
from another set of 137 patients with clinically annotated 

Figure 7.  An epiallele prognostic classifier predicts clinical outcome in patients with AML. A, Outline describing the steps for building the prognostic 
classifier. In the first step, 151 randomly selected patients were used to identify loci that best predicted survival. The model was tested on a different 
cohort of 65 patients (test set). Once the final model was selected, its performance in predicting survival was tested in a validation set consisting of 
38 randomly selected cases. B, Kaplan–Meier curves for event-free survival for the predicted groups in the test set. Event-free survival was compared 
between patients in the test set that were predicted either high-risk or low-risk by our classifier. C, Kaplan–Meier curves for event-free survival for the 
predicted groups in the validation set. Event-free survival was compared between patients in the validation set that were predicted either high-risk or 
low-risk by our classifier. D, Kaplan–Meier curves for event-free survival for the predicted groups in the combined test and validation set. Event-free 
survival was compared between patients in the combined test and validation set that were predicted either high-risk or low-risk by our classifier.
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AML, all of whom had subsequently relapsed after therapy 
(9). Two patients were removed because they did not have 
information on time to relapse. We then calculated the PDR 
values of the 635 loci shared by all 254 patients to build an 
epiallele diversity prognostic classifier. The complete cohort 
was then randomly divided into a training set (n = 151), a test 
set (n = 65), and a validation set (n = 38).

We used the supervised principal components (SuperPC) 
method (48) to train a Cox proportional hazards regression 
model for event-free survival in the training set (event denotes 
relapse), using a 10-fold cross-validation procedure. The 
highest-scoring model contained 26 features corresponding 
to 8 genes (Supplementary Table S6) and successfully classi-
fied the test set into high-risk and low-risk groups (log-rank 
test P = 0.003, Cox regression model: HR = 2.36, 95% CI =  
1.32–4.21, P = 0.00385; Fig. 7B). The prognostic model also 
predicted event-free survival on the 38-patient validation 
cohort (log-rank test P < 1 × 10−4, Cox regression model: 
HR = 8.87; 95% CI = 2.80–28.1, P = 2.09 × 10−4; Fig.  7C), 
as well as the combined test and validation cohort (log-
rank test P < 1 × 10−4, Cox regression model: HR = 3.32, 
95% CI = 2.00–5.54, P = 3.97 × 10−6, Fig.  7D). Finally, to 
determine the significance of this epiallele prognostic clas-
sifier as a putative biomarker, we performed a multivariate 
analysis considering 26-loci SuperPC score, age, gender, ELN 
risk stratification (45), FLT3ITD, CEBPA-dm, t(8;21), NPM1, 
and inv(16) as covariates. We tested these in a Cox multi-
variate regression model, and observed that the epiallele 
classifier retained its statistical significance as a putative 
clinical outcome biomarker (HR = 3.0238, P = 4.11 × 10−6,  
95% CI = 1.8883–4.842; Supplementary Table S7). To con-
firm the robustness of parameters in the epiallele prognostic 
model, we performed 1,000 additional random splits of the 
dataset into training sets of 151 patients and test sets of 103 
patients. All 1,000 runs were validated with a P < 0.05 in a 
Cox proportional hazards regression model. Therefore, epial-
lele classifiers can be considered as potential biomarkers for 
prediction of event-free survival in patients with AML.

Discussion
Epigenetic heterogeneity is increasingly recognized as a 

critical feature of tumors that endows them with biologi-
cal variability and options for subsets of cells to mani-
fest selective growth and survival advantages. However, the 
source of epigenetic heterogeneity and its potential link to 
cancer-associated mutations remains unknown. Herein, we 
addressed this question in AML, a disease that is usually 
fatal but that nonetheless is characterized by a relative pau-
city of somatic mutations. We explored whether there is any 
relationship between canonical leukemia genetic lesions and 
epiallele diversity that is the result of variability in cytosine 
methylation patterning. We considered two primary possible 
scenarios. First, it is possible that epigenetic diversification is 
a purely stochastic phenomenon that is unrelated to somatic 
mutations and is a by-product of AML disease progression. 
Indeed, this mechanism seems to explain in large part the 
epigenetic heterogeneity that occurs in diffuse large B-cell 
lymphoma (16), and is strongly linked to the demethylating 
actions of AICDA (49). Second, it is also possible that epige-

netic heterogeneity is induced by particular somatic muta-
tions, which implies that such mutations might in some way 
disrupt regulatory states that would normally be strictly con-
trolled by epigenetic regulation. In this latter case, epigenetic 
heterogeneity might be predicted to precede and perhaps 
even contribute to malignant transformation.

Our data suggest that both scenarios may be correct and 
perhaps not mutually exclusive, and that the particular char-
acteristics and degree to which they occur is linked to the 
mutational profiles of individual patients. Consistent with 
the notion that mutations can be a source of epigenetic het-
erogeneity, we observed that canonical transcription factor 
translocations and mutations, for example, t(8;21), inv(16), 
t(15;17), and CEBPA double mutations, are associated with 
well-defined patterns of epialleles. Notably, the patterns of 
epialleles affected in each of these translocations or muta-
tions were more correlated than among other somatic muta-
tions. It seems unlikely that these are direct effects, because in 
general neither CEBPA nor the respective fusion proteins are 
enriched for DNA consensus motifs, as determined by ChIP-
seq binding to these sites. The one exception to this was the 
enrichment for RUNX1 motifs among epialleles present in 
inv(16) AMLs. The similarities between these forms of AML 
must emanate from some other source, perhaps linked to 
their more differentiated state or some other undiscovered 
transcriptional effect. A second peculiarity of these AMLs, 
especially t(15;17) and CEBPA double mutations, is their rela-
tively high burden of epialleles despite their relatively favora-
ble prognosis. Hence, apparently not all epialleles are created 
equal. We propose that the well-defined epialleles linked to 
these mutations do not necessarily confer population fitness, 
whereas in most other AMLs, the bulk of epiallele diversity 
is more stochastic and hence more likely to lead to natural 
selection of favorable epigenetic states. Along these lines, 
the set of patients with hypermethylation and silencing of  
CEBPA and a chemotherapy-resistant phenotype manifest 
among the highest burdens of epialleles and may reflect 
the consequence of epigenetic heterogeneity induced by 
unknown sources. Moreover, epiallele diversity cannot be 
blindly assumed to be an unfavorable finding in AML with-
out considering the mutational context, arguing for the need 
for integrative biomarkers.

On the other hand, patients with aberrant IDH alleles, 
which are known to disrupt the epigenome at many levels 
(5–7), manifest a relatively heavy burden of allele diversity. 
Engineering the expression of the Idh2R140Q allele alone in 
mice induced epiallele diversity among hematopoietic stem 
cells prior to manifestation of overt transformation by these 
cells, an effect that was significantly enhanced by coexpres-
sion of a Flt3ITD allele. Tet2 deficiency did not induce epial-
lele formation in LSK cells alone, although Tet2 deficiency 
in combination with Flt3ITD appears to synergize to yield a 
significant increase in epiallele diversity. Collectively, these 
data show that epigenetic diversity can occur prior to trans-
formation as a consequence of somatic mutations, perhaps 
enabling premalignant cells to sample many epigenetic states 
in a way that facilitates eventual leukemogenesis. These data 
are in line with findings showing almost universal hyper-
methylation and silencing of a set of 45 genes (10) that 
are otherwise expressed in normal hematopoietic cells. It is  
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conceivable that epigenetic heterogeneity induced by somatic 
mutations in normal HSCs will eventually lead to silencing 
of these genes, and that this event plays a key role in transfor-
mation. Our work is suggestive of a link between epigenetic 
heterogeneity, somatic mutations, and clinical outcome. We 
believe these are important conceptual advances that provide 
the basis for new mechanistic hypotheses, which we expect 
will emanate from these findings. Understanding whether 
and how mutant transcription factors and epigenetic modi-
fiers can destabilize the epigenome could provide important 
insights into population fitness and the resilience and relaps-
ing nature of AML.

Consistent with this notion, using orthogonal approaches, 
we show that epigenetic allelic diversity is an indicator of 
disease severity in patients with newly diagnosed AML (9). 
That is, the greater the epiallele diversification, the greater 
the likelihood that subsets of cells will manifest regulatory 
states that enable leukemia cells to survive exposure to 
chemotherapy or other drugs and repopulate the disease. 
The significance of epiallele diversity is further reflected 
by the finding that genes linked to epialleles at the same 
time manifest heterogeneous transcription states (Fig.  6). 
Epigenetic allelic complexity is thus of clinical importance 
because such heterogeneity provides AML with more ave-
nues of escape when targeted by chemotherapy drugs. This 
concept is supported by the finding that specimens from 
patients with relapsed AML manifest epiallele selection 
(9), a finding that has also been observed in relapsed lym-
phomas (16). Finally, given the significance of population 
fitness for disease outcome, it is intriguing to consider the 
concept of clonal reduction as a novel therapeutic target 
for AML. Whereas there is no obvious way to reduce dis-
ease clonality from a genetic perspective, it is compelling 
to hypothesize that DNMTi could mediate such effects at 
the cytosine methylation level. By causing a reduction in 
cytosine methylation across the genome, it would stand 
to reason that epialleles would also become reduced in 
complexity. Indeed, we observe a significant reduction in 
epiallele diversity in Tet2−/−;Flt3ITD–mutant AMLs treated 
with AzaC, suggesting that a benefit of this class of drugs in 
AML could be linked to a reduction in population fitness. 
This idea is further supported by our finding that AzaC also 
reduced transcriptional heterogeneity in AMLs. Perhaps 
this effect might help to explain the potential benefit of 
priming patients for chemotherapy by first exposing them 
to a DNMTi, thus minimizing the options that the tumor 
has to adapt to chemotherapy exposure and reducing the 
chance that particular cancer cells could escape therapy. 
Notably, we observed a similar effect on epigenetic and tran-
scriptional diversity in the case of the mutant IDH2 inhibi-
tor AG-221. Hence a similar beneficial effect on epigenetic 
diversity may be achieved by specific reversal of the effects of 
epigenetic driver lesions, as opposed to the more global and 
nonspecific actions of DNMTi. This suggests that a combi-
nation of IDH inhibitors and chemotherapy holds promise 
as an effective approach for AML. Together, these findings 
support the rationale for future studies to rigorously track 
epigenetic heterogeneity over time in patients with AML 
at relevant time points, and to determine whether epiallele 
reduction associates with improved therapeutic response.

MethoDs
Patient Characteristics

The AML patient samples analyzed in this study were obtained 
from publicly available data (18). Briefly, there were 119 adult pri-
mary AML patients, including 67 males and 52 females. The median 
age of this cohort was 44. Here, 106 patients with AML were anno-
tated by 13 genetically and epigenetically defined AML subtypes 
(Supplementary Table S8): CEBPA-dm (12 patients), CEBPA-sil (6 
patients), Del(5/7q) (7 patients), inv(16) (10 patients), IDH1/IDH2  
(9 patients with an IDH mutation and without the DNMT3A muta-
tion), DNMT3A (16 patients with the DNMT3A mutation and with-
out an IDH mutation), IDH1/IDH2 + DNMT3A (11 patients with 
co-occurring IDH and DNMT3A mutations), NPM1 (42 patients), 
t(8;21) (11 patients), t(15;17) (5 patients), EVI1 (8 patients), t(v;11q23) 
(4 patients), and TET2 (18 patients). In addition, 14 NBM controls 
(CD34+ hematopoietic stem and progenitor cells; 7 males and 7 females) 
were obtained from our prior study (9), 5 of which were purchased 
from AllCells and 9 of which were isolated using magnetic bead 
positive selection for CD34+ (Miltenyi Biotec) from freshly collected 
bone marrow samples from individuals without known hematologic 
malignancies.

Mouse Models
The mouse samples that were analyzed in this study were obtained 

from prior works (11, 12). Briefly, the conditional Vav-cre+Tet2−/− 
(VTet2−/−) mice were described previously (36), and Flt3ITD mice 
were kindly provided by Gary Gilliland (University of Pennsylva-
nia, Philadelphia, PA). Vav-cre+Tet2−/−;Flt3ITD mice were generated by 
crossing VTet2−/− mice to the constitutive knock-in Flt3ITD murine 
model, as reported in Shih and colleagues’ work (11). In addition, 
the Idh2R140Q mutation was targeted by a codon change from CGA 
to CAA in exon 4. A conditional mouse model that expresses the 
Idh2R140Q AML disease allele from the endogenous locus was crossed 
to mice with the inducible Mx1-Cre allele and the Flt3ITD knock-in 
allele to generate Mx1-Cre Idh2R140Q;Flt3ITD mice, as reported by Shih 
and colleagues (12).

For leukemia therapeutic questions (12), CD45.2+ Flt3ITD;Tet2-
mutant AML cells and CD45.1+ support marrow were engrafted into 
CD45.1+ congenic recipients, and recipient mice were allowed to 
develop AML with engraftment of 80% to 90% CD45.2+ Flt3ITD;Tet2-
mutant cells and expansion of leukemic blasts in the peripheral 
blood, bone marrow, and spleen. Then, mice were treated with 
vehicle or AC220 daily at 10 mg/kg, and AzaC was administered at 5 
mg/kg daily for 5 days every 21 days, for four cycles. Mice also were 
treated with combination therapy with AzaC and AC220. In addition, 
CD45.2+ Idh2R140Q;Flt3ITD-mutant AML cells and CD45.1+ support 
marrow were engrafted into CD45.1+ recipient mice. Then, mice were 
treated with vehicle or AC220 daily at 10 mg/kg, or AG-221 at 100 
mg/kg twice daily for 6 weeks, or combined AC220 + AG-221 therapy 
where AG-221 was administered at 40 mg/kg (12).

ERRBS
ERRBS was performed using a protocol as described previously 

(9, 11, 12, 18). Briefly, genomic DNA was digested with Mspl. DNA 
fragments were end-repaired. Library fragments were treated with 
bisulfite and PCR-amplified. Libraries were sequenced on Illumina 
HiSeq. Reads were aligned to the reference genome using Bismark. 
The ERRBS data for 119 AML patient samples was downloaded from 
the Gene Expression Omnibus (GEO; accession number GSE86952; 
ref. 18). The ERRBS data for 14 NBM controls and an additional 
137 clinically annotated AML patient samples (for survival analysis) 
were downloaded from the Database of Genotypes and Pheno-
types (dbGaP), via accession number phs001027.v1.p1(9). The mouse 
strains were profiled via ERRBS. Briefly, the genome-wide DNA 
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methylation status of the Lineage−Sca+cKit+ (LSK) cell populations 
from wild-type (3 samples), Idh2R140Q (3 samples), Flt3ITD (3 samples), 
Tet2−/− (3 samples), Idh2R140Q;Flt3ITD (4 samples), and Tet2−/−;Flt3ITD 
mice (3 samples) were profiled (11). The ERRBS datasets for Idh2R140Q 
and Idh2R140Q;Flt3ITD were from the author upon request; others 
were obtained from GEO (accession number GSE57114). In addi-
tion, the DNA methylation status of the LSK populations from 
Idh2R140Q;Flt3ITD mice treated with vehicle (4 samples), AC220 (3 sam-
ples), AG-221 (4 samples), or AC220/AG-211 combination therapy 
(2 samples) were profiled (GEO, accession number GSE78690). The 
DNA methylation status of the LSK populations from Tet2−/−;Flt3ITD 
mice treated with vehicle (6 samples), AC220 (4 samples), AzaC (4 
samples), or AC220/AzaC combination therapy (3 samples) were also 
profiled (GEO, accession number GSE78690; Supplementary Table 
S9; ref. 12).

Calculation of Epiallele Diversity
In aligned ERRBS data, a read at one given locus with four adja-

cent CpG sites was considered as a discordant read if it showed dif-
ferent methylated and unmethylated states at a given locus. PDR 
(15) at each locus was defined as Discordant read number .Total number of  reads  Epipolymorphism 
of a given locus was calculated as 1 2

1
16−∑ = pii , where pi is the fraction of 

each epiallele in the cell population (17). Shannon entropy of a given 
locus was calculated as −∑ = p pii i1

16 log ,
 
where pi is the fraction of each 

epiallele in the cell population (20).

Gain and Loss of Epialleles
To increase the statistical power, we first filtered loci by a cri-

terion independent of the test statistic. For human, the loci with 
an absolute value of the mean difference of epiallele diversity 
between patients in one AML subtype and NBM controls larger 
than 0.2 were used for further analysis. For mouse, the loci with 
an absolute value of the mean difference of epiallele diversity 
between samples with one mutation and wild-type samples larger 
than 0.05 were used for further analysis. Then, significantly dif-
ferential distributions of epialleles between AML subtypes and 
NBM controls were assessed (PDR and epipolymorphism: t test; 
Shannon entropy: permutation testing in R package EntropyEx-
plorer; ref. 50). Here, eloci were defined as loci with FDR-adjusted 
P values smaller than or equal to 0.1 (human and mouse) and an 
absolute value of the mean difference of epiallele diversity larger 
than 0.2 (human) or 0.05 (mouse). Gain of epialleles was defined 
as eloci with a mean difference of epiallele diversity larger than 
0.2 (human) or 0.05 (mouse). Loss of epialleles was defined as 
eloci with a mean difference of epiallele diversity less than −0.2 
(human) or −0.05 (mouse).
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