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Abstract  54 

Acute myeloid leukemia (AML) is a molecularly complex disease characterized by 55 

heterogeneous tumor genetic profiles and involving numerous pathogenic mechanisms and 56 

pathways. Integration of molecular data types across multiple patient cohorts may advance 57 

current genetic approaches for improved sub-classification and understanding of the biology of 58 

the disease. Here we analyzed genome-wide DNA methylation in 649 AML patients using 59 

Illumina arrays and identified a configuration of 13 subtypes (termed ‘epitypes’) using unbiased 60 

clustering. Integration of genetic data revealed that most epitypes were associated with a 61 

certain recurrent mutation (or combination) in a majority of patients, yet other epitypes were 62 

largely independent. Epitypes demonstrated developmental blockage at discrete stages of 63 

myeloid differentiation, revealing epitypes that retain arrested hematopoietic stem cell-like 64 

phenotypes. Detailed analyses of DNA methylation patterns identified unique patterns of 65 

aberrant hyper- and hypomethylation among epitypes, with variable involvement of transcription 66 

factors influencing promoter, enhancer and repressed regions. Patients in epitypes with stem 67 

cell-like methylation features showed inferior overall survival along with upregulated stem cell 68 

gene expression signatures. We further identified a DNA methylation signature involving STAT 69 

motifs associated with FLT3-ITD mutations. Finally, DNA methylation signatures were stable at 70 

relapse for the large majority of patients, and rare epitype switching accompanied loss of the 71 

dominant epitype mutations and reversion to stem cell-like methylation patterns. These results 72 

demonstrate that DNA methylation-based classification integrates important molecular features 73 

of AML to reveal the diverse pathogenic and biological aspects of the disease. 74 

 75 

Introduction 76 

Acute myeloid leukemia (AML) is a clinically and molecularly heterogeneous disease. Recurrent 77 

genetic aberrations, such as chromosomal rearrangements and gene mutations, primarily form 78 

the basis of our current understanding of pathogenesis and are used for patient classification 79 

(The Cancer Genome Atlas Research Network 2013; Döhner et al. 2017, 2010; Lowenberg et 80 

al. 1999). AML has a low level of genetic aberrations relative to other cancers, but several 81 

recurrent aberrations are significantly associated with prognosis and to tumor cell phenotypes. 82 

However, genetic markers do not completely explain the range of phenotypes observed in tumor 83 

cells and disease outcomes. 84 

Efforts have been made to classify AML based on the phenotype rather than the genotype in the 85 

form of morphology or gene expression (Ng et al. 2016; Bennett et al. 1982; Mrózek et al. 86 
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2009). AML arises from cells developing from hematopoietic stem and progenitor cells (HSPCs) 87 

into a wide range of developmental phenotypes within the myeloid lineage, and developmental 88 

arrest is a key aspect of AML pathogenesis. Epigenetic mechanisms are central to cellular 89 

differentiation by governing the control expression of key developmental gene expression 90 

programs. DNA methylation, the addition of a methyl group to the 5’ carbon of cytosines, is the 91 

most broadly studied epigenetic mark. Differential DNA methylation patterns among AML 92 

patients has been used to classify patients with varying results identifying between 2 and 16 93 

subgroups depending on the study design (Glass et al. 2017; Melnick 2010; Figueroa et al. 94 

2010; Bullinger et al. 2010). Many of these subgroups showed associations with genetic 95 

aberrations but others represented novel subgroups. Decoding altered genome-wide DNA 96 

methylation patterns can provide insight into novel disease-relevant pathways by association to 97 

global chromatin states and enrichment of genomic features. DNA methylation is an attractive 98 

biomarker due to its stability and has been effectively used in multiple cancers to guide therapy 99 

(Koch et al. 2018).  100 

Due to the high degree of heterogeneity in AML, we sought to assemble a large cohort of AML 101 

samples to uncover the breadth of distinct genome-wide DNA methylation states and to use this 102 

classification structure as a basis for a novel investigation of aberrant disease pathways. Here 103 

we analyzed genome-wide DNA methylation profiles from well-characterized AML samples from 104 

the Beat AML project combined with published data, compiling the largest number of 105 

methylation profiles studied to date. We used an unbiased clustering approach to define distinct 106 

subtypes of AML patients and integration with genomic and gene expression data uncovered 107 

that each subtype is associated with a unique combination of developmental and disease-108 

specific features. Our findings highlight prevalent, subtype-specific activation of inflammatory 109 

pathways as a key mechanism uniting epigenetic, expression and genetic features with poor 110 

survival in AML. 111 

 112 

Results 113 

Classification of AML patients into distinct epitypes using genome-wide DNA methylation 114 

AML patients were classified in an unbiased fashion by DNA methylation patterns using 115 

samples from newly diagnosed patients obtained from the Beat AML Consortium (n=226) 116 

(Tyner et al. 2018) and The Ohio State University (OSU) n=27, combined with TCGA (n=190) 117 

(The Cancer Genome Atlas Research Network 2013) and five other independent studies 118 
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comprising n=206 patients (Jung et al. 2015; Ferreira et al. 2016; Qu et al. 2017; Leonard et al. 119 

2014; Eisfeld et al. 2017; Schmutz et al. 2013) for a total of n=649 patients. DNA methylation 120 

was interrogated by Illumina methylation arrays, which provide the DNA methylation levels of 121 

CpG dinucleotides primarily in promoter and regulatory regions (Bibikova et al. 2011). We 122 

reduced the data based on overall variance using the 500 most-variable probes for cluster 123 

analysis and performed unsupervised k-medoids-based clustering. The total number of groups 124 

(k) was determined using the Auer-Gervini method (Wang et al. 2018; Auer and Gervini 2008) 125 

that uncovered a minimum of 11 informative principle components (Supplemental Fig. S1A). By 126 

performing clustering and subsequent silhouette analyses with increasing k from 11, we 127 

determined the optimal group number to be 13 (Supplementary Figs. 1B,C). We termed these 128 

clusters AML DNA methylation epitypes 1-13 (E1-E13). All epitypes comprised samples from 129 

multiple studies (median=5, range=3-8). Epitype classification remained largely stable upon 130 

varying the number of most-variable probes used, with approximately 90% sample assignments 131 

unchanged and variation in epitype assignment primarily restricted within E5,6 and E11-13 132 

(Supplemental Fig. S1D). Although sample purity from publically-available sources was not 133 

uniformly available, tumor cell content inferred from somatic mutation data revealed similar 134 

sample purity levels across epitypes (Supplemental Fig. S1E). Hierarchical clustering revealed 135 

three primary clusters (superclusters) each containing 3-5 distinct DNA methylation epitypes 136 

(Fig. 1A). Due to the high degree of complexity of epitype-specific patterns, t-distributed 137 

stochastic neighbor embedding (t-SNE) plots were used for subsequent visualization of epitypes 138 

and largely agreed with k-medoids based clustering (Fig. 1B). Several CpGs in this signature 139 

were proximal to genes implicated in AML pathogenesis, such as MEIS1 and several within the 140 

HOXB locus (Supplemental Table S1) (Ferreira et al. 2015). However, the majority of the CpGs 141 

comprising the epityping signature were located in loci with undescribed associations to AML. 142 

 143 

Epitypes frequently associate with genetic aberrations 144 

To explore the underlying basis of distinct epitypes, we first considered the relationship to 145 

recurrent genetic aberrations. We found associations between epitypes and common genetic 146 

aberrations consistent with past studies (Glass et al. 2017; Figueroa et al. 2010); however, we 147 

found that this linkage was not universal (Fig. 1C; Supplemental Table S2). Four epitypes were 148 

enriched for alterations in key myeloid transcription factors (TFs): E1-E3 were enriched for the 149 

TF fusions PML-RARA, inv(16)/CBFB, AML-ETO, respectively, and E4 was enriched for CEBPA 150 

mutations. These epitypes demonstrated the highest association of genetic aberrations (Fig. 151 
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1C). Epitypes E1-E4 together formed a distinct supercluster (Fig. 1A) with dominant, epitype-152 

defining genetic aberrations known to result in arrest of myeloid development and associate with 153 

favorable outcomes (Speck and Gilliland 2002; De Braekeleer et al. 2014; Pabst and Mueller 154 

2007). Epitypes 5 and 6 were enriched in a variety of chromosomal rearrangements generating 155 

fusions involving KMT2A (MLL) on 11q23. Multiple KMT2A fusion partners have been described 156 

in acute leukemias (Winters and Bernt 2017), and we observed common AML fusion partners in 157 

both epitypes. Epitypes E7-E10 were strongly enriched for cytogenetically normal genotypes 158 

carrying mutations in the NPM1 gene. Epitype 8 was enriched for NPM1 mutations alone, while 159 

E7, E9, and E10 were enriched for NPM1 mutations in conjunction with DNMT3A, TET2, and 160 

IDH1/2 mutations, respectively. E11-E13 formed a patient supercluster with relative epigenetic 161 

similarity among patterns (Fig. 1D). E11 was enriched in IDH1/2 mutations lacking 162 

accompanying NPM1 mutations. Epitypes E12 and E13 lacked a consistent mutation pattern 163 

involving a majority of samples, yet retained mutations associated with genomic instability, such 164 

as TP53 mutations and complex karyotype, in a minority of samples. These results demonstrate 165 

that there is a close association between recurrent genetic aberrations in many AML epitypes, 166 

yet others lack a dominant, epitype-defining genotype. In addition, many samples lack the 167 

dominant mutation within a particular epitype (Fig. 1D), indicating that other cellular events may 168 

converge within epitypes to phenocopy the impact on the epigenome, termed “epiphenocopy” 169 

events.   170 

 171 

Differences between differentiation states reveal non-mutational features of epitypes 172 

Unlike identifying somatic mutations from germline sequences, all cell types have distinct 173 

epigenetic patterns, thus patterns originating from normal counterparts must be accounted for 174 

when determining tumor cell-specific epigenetic changes. We have previously shown this to be 175 

important for deriving tumor-specific events in chronic lymphocytic leukemia (CLL) (Oakes et al. 176 

2016). AML is known to display a wide range of hematopoietic differentiation states, from 177 

undifferentiated, stem cell-like phenotypes, to differentiated mature cells of the myeloid lineage 178 

(Bennett et al. 1982; Griffin et al. 1983). In addition, some AML cells retain immunophenotypic 179 

features of granulocytic, erythrocytic, or lymphocytic lineages (Macedo et al. 1995; Matutes et 180 

al. 1997; Bradstock et al. 1989). In order to clearly identify AML epitype-specific DNA 181 

methylation events, we firstly expanded our analysis to include all CpGs measured across all 182 

samples (n=426,862). We generated Illumina array DNA methylation profiles of sorted 183 

hematopoietic populations and combined with publicly available sources (Jung et al. 2015; Qu 184 
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et al. 2017; The Cancer Genome Atlas Research Network 2013; Reinius et al. 2012). We 185 

generated a DNA methylation signature that encompasses normal hematopoietic development 186 

by assembling a probe set of differential methylation between each subpopulation and HSPC. 187 

This signature recapitulated the branches of the hematopoietic lineages (Supplemental Fig. 188 

S2A). Investigation of this signature together with all AML samples revealed that the largest 189 

proportion of the variation (principal component 1, PC1) among AML samples occurred between 190 

HSPC/myeloid progenitors and mature myeloid cells as expected (Fig. 2A, left). Lymphocytes 191 

were positioned on the side of PC1 with the myeloid progenitors, indicating that PC1 relates to 192 

myeloid-specific development. PC2 primarily related to a lymphoid-dominant signature distinct 193 

from the vast majority of AML samples. PC3 largely separated some myeloid progenitors from 194 

HSPCs, as well as granulocytes from monocytes and macrophages, revealing that AMLs were 195 

more similar to monocytes/macrophages than granulocytes, and, on the progenitor side, are 196 

more similar to HSPC than other progenitors, such as CMP and MEP (Fig. 2A, right). Taken 197 

together, this analysis supports that AML DNA methylation states generally occur between 198 

HSPCs and monocytes/macrophages. Indeed, GMPs are a known intermediate transitional 199 

subtype between progenitors and mature myeloid cells and were located centrally in PC1. We 200 

further consolidated the developmental signature to the 5,000 most differentially-methylated 201 

probes between HSPC and monocyte samples. Using this signature, we observed that AML 202 

epitypes occupy specific ranges within the HSPC to monocyte developmental spectrum (Fig. 203 

2B). E11, E12, and E13 fell closer to HSPCs, with E11 (IDH1/2) generally less differentiated 204 

than HSPCs. E5 (MLL) and E7 (NPM1+DNMT3A) fell closer to monocytes, with some samples 205 

exhibiting further differentiation towards macrophages, likely due to tumor-specific methylation 206 

changes at developmentally-regulated CpGs. The French-American-British (FAB) classification 207 

is a morphological assessment incorporating the differentiation stage of AML cells that has 208 

historically been used as a prognostic marker (Bennett et al. 1982). Comparing FAB 209 

classifications across epitypes with available annotation (n=247), we observed a discrete 210 

pattern across epitypes, with M0 (undifferentiated leukemia) scores occurring almost exclusively 211 

in E11-E13 and M5 scores (monocytic leukemia) highly enriched in E5, E7, E8 (Supplemental 212 

Fig. S2B). To further control for potential HSPC-monocyte developmental signature in AML 213 

samples, we investigated the enrichment of transcription factor recognition sequence motifs in 214 

regions displaying altered methylation in monocytes versus HSPCs. Several TF motifs were 215 

highly enriched in monocyte-specific hypomethylated regions, including CEBP, AP-1, ETS, IRF 216 

and RUNX TF families (Fig. 2C). Disruption of several members of these TF families are 217 

associated with a block in AML differentiation (Tenen 2003). 218 
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We next used changes associated with normal development to independently identify tumor-219 

specific methylation alterations. We visualized DNA methylation changes in individual AML 220 

epitypes versus the change that normally occurs in monocyte differentiation using HSPCs as a 221 

fixed reference (Fig. 2D). The probes that change methylation equally in both comparisons 222 

represent normal differentiation, while those that diverge from this axis represent tumor-specific 223 

methylation changes. DNA methylation gains and losses that were not observed to involve 224 

normal differentiation were termed aberrant hyper- or hypomethylation, respectively. As we 225 

consider AML samples that have not reached the differentiation state of mature myeloid cells to 226 

developmentally arrested, hypomethylation events that occurred during normal differentiation 227 

but failed to occur developmentally in AML were termed failed (developmental) 228 

hypomethylation. Each epitype displayed unique amounts and proportions of these classes of 229 

methylation change (Fig. 2E). TF-rearranged epitypes (E1-4) generally displayed less variation 230 

of differentially methylated CpGs among samples, whereas variation was higher in more 231 

differentiated epitypes (E5-7) (Supplemental Fig. S3). AML epitypes displayed variable amounts 232 

of failed hypomethylation that closely correlated with the degree of differentiation in the HSPC-233 

monocyte signature (median PC1) (Supplemental Fig. S2C). Motif enrichment analyses 234 

revealed that all AML epitypes that exhibit differentiation block (all except E5-E7) involve loss of 235 

hypomethylation programming associated with CEBP, SPI1/ETS, RUNX, AP-1, and IRF TFs, 236 

suggesting attenuated activity of these TF pathways broadly in AML (Supplemental Table S3). 237 

 238 

Aberrant DNA methylation patterns reveal disease features associated with NPM1 mutations 239 

NPM1 is one of the most commonly mutated genes in AML, occurring in 30% of patients and is 240 

usually associated with a favorable outcome except in cases with certain co-occurring mutations 241 

(Tyner et al. 2018; Papaemmanuil et al. 2016). The vast majority (91%) of NPM1 mutations 242 

were found in epitypes E7-E10 (Supplemental Table S2) either occurring alone (E8) or 243 

frequently in combination with known epigenetic modifier genes DNMT3A (E7), TET2 (E9), or 244 

IDH (E10) (Fig. 1C,D). Although NPM1 by itself is not described as an epigenetic modifier or 245 

regulator, Epitype E8 retained amongst the most aberrant DNA methylation changes, involving 246 

both hyper and hypomethylation (Fig. 2E). This pattern of aberrant methylation was modulated 247 

in combination with other epigenetic modifiers, skewing towards either hyper or hypomethylation 248 

by IDH1/2, TET2 or DNMT3A, respectively (Fig. 3A). Regions of tumor-specific methylation can 249 

be used to infer pathway activation by investigation of TF motif enrichment in selectively 250 

hypomethylated regions (Hovestadt et al. 2014). Analysis of hypomethylated CpGs amongst E7-251 
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E10 revealed that E10 and E8 were largely subsets of the hypomethylation observed in E7, with 252 

E9 demonstrating a subset of uniquely hypomethylated CpGs (Fig. 3B). E7-E10 shared 253 

enrichment of RUNX, AP-1 and SPI1 motifs in the aberrant hypomethylated regions, which 254 

along with enrichment in failed hypomethylation (Supplemental Table S4), suggests that activity 255 

of these TFs are redirected from patterns of binding that occur normally (Fig. 3C). E7-E9 shared 256 

enrichment for EGR and TCF sequence motifs in tumor cells only, suggesting aberrant 257 

activation of these pathways in the NPM1 supercluster. E7 and E8 showed enrichment for HOX 258 

motifs, consistent with known activation of HOX genes in NPM1-mutated AML (Spencer et al. 259 

2015). Epitype E9 displayed selective enrichment for FOX motifs, suggesting a novel activation 260 

of this TF family coincident with TET2 mutations. Despite the combination of DNMT3A and 261 

NPM1 mutations (E7) displayed significantly more hypomethylation than others in the NPM1 262 

supercluster (Fig. 3B), there was little difference in the TF enrichments, indicating that loss of 263 

DNMT3A function is not associated with specific pathway activation. These findings suggest 264 

that NPM1 loss is a strong modifier of DNA methylation patterns, which amplify methylation 265 

changes when combined with the disruption of an epigenetic regulator. Investigation of aberrant 266 

hypermethylation within the NPM1 supercluster revealed that E9 (TET2) and E10 (IDH) 267 

displayed higher levels of largely overlapping hypermethylation, which differed from those 268 

observed in E8 (NPM1 alone) (Fig. 3D). TET2 and IDH1/2 mutations largely act through the 269 

same pathway leading to the inhibition of TET2-dependent demethylation in cancer (Scourzic et 270 

al. 2015). 271 

To gain insight into the targeting and functional impact of hypermethylation, we partitioned the 272 

genome into chromatin states. These states functionally define regions as active, poised, 273 

repressed, or quiescent states in combination with enhancer, promoter, transcribed and 274 

heterochromatic function by a combination of histone modifications using HSPCs as a reference 275 

(Ernst and Kellis 2010) . Hypermethylated regions in E8 (NPM1 alone) were enriched in regions 276 

containing the polycomb repressive histone modification, H3K27me3, and chromatin states 277 

containing this mark, such as poised promoters and enhancers as well as polycomb repressed 278 

regions (Fig. 3E, Supplemental Table S5). Conversely, hypermethylation in E9 (TET2) and E10 279 

(IDH1/2) showed depletion in polycomb repressed regions and instead were enriched for active 280 

enhancers and regions flanking promoters/transcriptional start sites. Furthermore, 281 

hypermethylated enhancers in E9,10 were selectively enriched with TF motifs belonging to 282 

MEF2 and SPI1/ETS (Fig. 3F, Supplemental Table S6). Aberrant hypermethylation indicates not 283 

only the selective loss of the normal activity of these TFs in myeloid differentiation, but a further 284 

reversion to a state for these enhancer regions that is more immature than HSPC in TET2 and 285 
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IDH-mutant AML (Will et al. 2015; Schüler et al. 2008). These findings illustrate commonalities 286 

among AML methylation epitypes containing NPM1 mutations (E7-E10) and highlight the 287 

distinct differential impact of mutations in epigenetic modifying enzymes when co-occurring with 288 

NPM1 mutations. 289 

 290 

AML epitypes E11-E13 display undifferentiated, HSPC-like features  291 

Epitypes E11-E13 formed a distinct constellation of AML samples separate from clusters with 292 

highly prevalent NPM1 mutations, recurrent chromosomal rearrangements and other genetic 293 

abnormalities. Although E11 contained IDH1/2 mutations, E12 and E13 lacked highly recurrent 294 

genetic features (Fig. 1C,D), thus we further endeavored to uncover unique features associated 295 

with these enigmatic epitypes. E13 revealed little difference in the DNA methylation pattern to 296 

normal cells, with almost all changes representing failed hypomethylation (Fig. 4A). DNMT3A 297 

was the most commonly mutated gene in E13, however was not associated with methylation 298 

loss in this epitype. CpGs displaying failed hypomethylation in E13 overlap almost entirely with 299 

E11 and E12 (Fig. 4b). These three epitypes were among the most undifferentiated in 300 

epigenetic developmental analyses (Fig. 2B) and furthermore contained all samples with 301 

undifferentiated (FAB M0) morphology (Supplemental Fig. S2B). Thus, we explored if these 302 

epitypes represent samples exhibiting a stem cell-like phenotype. We firstly performed t-SNE 303 

clustering using the 500 probe subtyping signature of all AML samples combined with normal 304 

hematopoietic lineage populations, and found that normal cell types cluster in the vicinity of 305 

E11-13, with HSPCs clustering within E13 (Supplemental Fig. S4A). We next incorporated gene 306 

expression data available in Beat AML and TCGA cohorts to examine the degree that these 307 

epitypes exhibit hematopoietic stem cell gene expression signatures, such as the LSC17 308 

signature (Ng et al. 2016). We found that epitypes E11-13 showed the highest LSC17 scores 309 

across both datasets (P<0.001; Fig. 4C,D), which were further supported by high overall 310 

enrichment in two other independent stem cell signatures (Gentles et al. 2010; Gal et al. 2006) 311 

(Supplemental Fig. S4B). As stemness has been associated with poor outcomes (Barbaric et al. 312 

2007; Amadori et al. 1996), we next investigated if patients from E11-E13 exhibited significantly 313 

poorer outcomes than other epitypes.  We found that E11-E13 displayed inferior overall survival 314 

in both Beat AML and TCGA cohorts (Fig. 4E), which was also generally observed when 315 

considering individual epitypes (Supplemental Fig. S5). As LSC17 is a well-described prognostic 316 

signature of stemness, we next investigated if stem cell-like epitypes E11-E13 retained 317 

independent prognostic impact relative to LSC17. Following median dichotomization of LSC17 318 
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scores, stem cell-like epitypes further separated the overall survival of AML patients in the Beat 319 

AML cohort, with a similar trend observed in TCGA samples (Fig. 4F,G). In multivariate 320 

analyses, in the TCGA cohort E11-E13 retained significance (P<0.001) and LSC17 did not 321 

(Supplemental Table 7). 322 

Further investigation of stem cell-like epitypes revealed substantial tumor-specific aberrant 323 

hypermethylation in E11 and E12, and no enrichment was found for E13 owing to the paucity of 324 

hypermethylted CpGs (Supplemental Fig. S6A). E11 exhibited hypermethylation enriched in 325 

enhancer regions (Supplemental Fig. S6B), as expected with prevalent IDH1/2 mutations. 326 

However, E12 did not display a dominant mutation or TF enrichment that potentially explained 327 

aberrant hypermethylation. E12 hypermethylation was highly enriched in regions marked by 328 

polycomb repressed/poised regions. We next examined differential gene expression between 329 

E11-E13 and healthy HSPCs. We identified 52, 54, and 107 differentially expressed genes in 330 

E11, E12 and E13, respectively (≥2-fold change, adjusted P≤0.01), with 68/218 genes showing 331 

evidence of differential promoter methylation (Supplemental Table S8). Ingenuity pathway 332 

analysis comparing relative activation of upstream regulators revealed top results in E13 were 333 

enriched for inflammatory pathways, including TNF, IL1B, and IFNG (Supplemental Fig. S6C). 334 

We found similar results in E11 and E12, an absence in E7-E10, and variable enrichment in 335 

other E1-6 (Supplemental Fig. S6D). Hypermethylation of polycomb-marked regions is 336 

commonly observed in tumors, especially in tumors with activating mutations in signaling 337 

pathways (Gal-Yam et al. 2008; Sproul and Meehan 2013). Indeed, hematopoietic cells 338 

chronically exposed to inflammatory chemokines induces hypermethylation of polycomb regions 339 

(Spencer et al. 2017). Combining observations of DNA methylation and gene expression 340 

changes, our findings suggest that stem cell-like epitypes that lack a dominant driver mutation 341 

may utilize pro-inflammatory signaling to drive AML cell proliferation and survival.  342 

 343 

FLT3-ITD is linked to a distinct DNA methylation signature targeting STAT sites  344 

Pro-inflammatory signaling is commonly associated with cancer and often generated by 345 

mutations in tumor cells (Balkwill and Coussens 2004). In AML, gain-of-function FLT3-internal 346 

tandem duplication (FLT3-ITD) mutations activate the JAK/STAT pathway and are associated 347 

with poor outcomes (Meshinchi and Appelbaum 2009). FLT3-ITD mutations were spread across 348 

several epitypes (Fig. 1C), and were not enriched in stem cell-like epitypes (E11-E13) 349 

consistent with past studies (Döhner et al. 2017; Figueroa et al. 2010; Glass et al. 2017). Thus, 350 

we next sought to determine if there was a DNA methylation signature associated with FLT3-351 
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ITD indicative of pro-inflammatory signaling that was not captured in the most-variable 352 

methylation signature that defined the AML epitypes. As FLT3-ITD mutations were most 353 

frequent in the NPM1 supercluster, we compared FLT3-ITD to FLT3 wild-type samples within 354 

E7-E10 only to avoid introducing differences specific to epitypes with less frequent FLT3 355 

mutations. We identified 253 probes significantly hypomethylated in FLT3-ITD samples (20% 356 

methylation change, FDR q<0.01). Motif enrichment analysis revealed hypomethylated regions 357 

were highly enriched for STAT family sequence motifs, with STAT5A as the top match (Fig. 5A), 358 

consistent with known activation of STAT5 in FLT3-ITD AMLs (Choudhary et al. 2007).  We 359 

further selected probes in FLT3-ITD-associated hypomethylated regions that contained a 360 

proximal STAT motif to create a probe set of 101 CpGs that we termed the STAT 361 

hypomethylation signature (SHS) (Supplemental Table S9). We next expanded our analysis to 362 

investigate this signature across all AML samples. Hierarchical clustering in all samples 363 

identified a subset of SHS-enriched samples we designated as SHS+ AMLs (Fig. 5B). SHS 364 

positivity was not limited to E7-E10 and was found across epitypes (Fig. 5C). SHS positivity was 365 

not restricted to FLT3-ITD cases; 73% of SHS+ were FLT3-ITD, 6% had a FLT3 mutation other 366 

than ITD (commonly single nucleotide mutations in the kinase domain), and 20% of SHS+ 367 

cases were devoid of FLT3 mutations. We did not observe statistically-significant enrichment of 368 

other pathway mutations in SHS+/FLT3 mutation-negative samples. Conversely, 70% of SHS 369 

negative cases lacked FLT3 mutations, 14% were FLT3-ITD, and 17% had a non-ITD FLT3 370 

mutation (Fig. 5D). These results indicate that hypomethylation of STAT binding sites may occur 371 

by other aberrant biological events converging on activation of the STAT pathway.   372 

 373 

DNA methylation patterns at relapse 374 

Most AML patients relapse despite achieving a complete remission. Relapse can involve 375 

regrowth of the major clone at diagnosis or outgrowth of a small resistant tumor cell population 376 

that exists at baseline (Vosberg and Greif 2019). To examine if re-expanded tumor populations 377 

at relapse stably maintain or evolve novel DNA methylation patterns, we analyzed 26 paired 378 

diagnosis and relapse samples using Illumina arrays. Patients achieved a complete remission of 379 

at least 6 months prior to relapse and samples were sort-purified or had a BLAST percentage 380 

>80% to avoid methylation differences due to impurity. Using the epityping probe set, 22/26 381 

(85%) of patients’ epitype remained stable at relapse, often producing nearly identical 382 

(overlapping) profiles following clustering (Fig. 6A). However, four of the patients fell into a 383 

different epitype at relapse than observed at diagnosis. In each of these cases, the relapse 384 
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sample migrated to one of the stem cell-like epitypes (E11-E13), suggesting the relapse tumor 385 

cell population retained a more immature differentiation state. To determine if the change in the 386 

epigenetic pattern was associated with genetic evolution, samples were sequenced for 80 387 

commonly recurrent genetic mutations in AML (Eisfeld et al. 2017) (Supplemental Table S10). 388 

All patients showing different epitypes at relapse showed evidence of clonal evolution, with the 389 

relapse sample often losing the dominant epitype mutation found in the diagnosis sample (Fig. 390 

6B). Patients showing the same epitypes at relapse showed minimal genetic variation between 391 

time points. To validate these findings, we obtained a second cohort of 41 patients with paired 392 

diagnosis/relapse samples. We observed the same epitype at diagnosis and relapse in 39/41 393 

(95%) patients (Supplemental Fig. S7, Supplemental Table S11). The two patients that 394 

exhibited a change of epitype evolved to E13 and showed genetic changes between time 395 

points, consistent with the above findings. We next determined if there were global methylation 396 

changes between diagnosis and relapse. We found that many of the samples exhibited similar 397 

epigenetic patterns at diagnosis and relapse. For the cases that did not change epitype, on 398 

average only 5% of the probes showed a difference (Δ±20% methylation) compared to 11% for 399 

cases that changed epitype (Fig. 6C) (p=0.0099). We did however observe a minority of cases 400 

that did not change epitype, yet still displayed relatively large proportion of altered methylation. 401 

These tended to show gain or loss of signaling pathway mutations, such as RAS or FLT3 402 

(Supplemental Table S10), that were not found to be strongly associated with epitypes. 403 

Methylation differences between diagnosis and relapse in these patients were generally gains 404 

and losses at subclonal (<30%) frequencies, compared to patients that displayed a change in 405 

epitype that showed a higher proportion of clonal (>30%) differences (Fig. 6D). These findings 406 

indicate that DNA methylation patterns are generally stable through therapy, likely due to overall 407 

high stability and homogeneity of DNA methylation patterns in tumor cells enabling the clonal 408 

population that arises at relapse to be phenotypically similar to the population at diagnosis. Of 409 

the relatively few patients that exhibited evolution of DNA methylation patterns, all (4/4) showed 410 

reversion to an epigenetic pattern consistent with a more stem cell-like phenotype. 411 

 412 

Discussion 413 

In this study, we utilized global DNA methylation patterns to gain a better understanding of the 414 

molecular heterogeneity observed in AML. Using unbiased clustering on a large cohort of AML 415 

samples we identified 13 distinct epitypes. Several epitypes associated with common AML 416 

genetic aberrations and different stages of myeloid development. Analysis of tumor-specific 417 
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methylation changes identified potential mechanisms for tumor development in some of the less 418 

well-defined epitypes. Gene expression analysis identified epitypes displaying a stem cell-like 419 

phenotype that was associated with overexpression of inflammatory pathways and not 420 

associated with a particular recurrent mutational pattern. We also identified a separate DNA 421 

methylation signature associated with FLT3-ITD that detects additional patients that utilize the 422 

STAT inflammatory pathway. Finally, we found that epitypes are stable between diagnosis and 423 

relapse, with the majority of cases retaining the same epitype and those that change epitype do 424 

so with evidence of clonal genetic evolution.  Collectively, these findings provide evidence of 425 

AML development based upon acquisition of developmental pattern of methylation similar to 426 

what we have described in CLL. Notably, mutations identified in AML are not defining of 427 

subgroups when classification is approached in an unbiased manner. 428 

Prior studies have used DNA methylation patterns to cluster AML patients using varying 429 

technologies and cohort sizes (Bullinger et al. 2010; Figueroa et al. 2010; Glass et al. 2017; 430 

Melnick 2010). Studies have found a general relationship of methylation-based clusters and 431 

genetic aberrations (Bullinger et al. 2010; Figueroa et al. 2010; Glass et al. 2017), and 432 

uncovered methylation gains and losses associated with these aberrations in epigenetic 433 

regulators (Glass et al. 2017). In support of these previous studies, we found tight associations 434 

with three of the epigenetic subgroups and chromosomal rearrangements t(15;17), t(8;21), and 435 

inv(16). While past studies identified multiple epitypes associated with CEBPA mutations 436 

(Figueroa et al. 2010), we found CEBPA mutations enriched in a single subgroup. Unlike the 437 

previous studies, we did not find clear differences between the epigenetic patterns associated 438 

with mutations in IDH1 and IDH2 (Glass et al. 2017). Instead, we found that differences among 439 

IDH1/2 mutant AMLs were dependent upon whether an accompanying NPM1 mutation was 440 

present or absent (E10 versus E11, respectively). We found the IDH2 R172 mutation 441 

exclusively in E11, consistent with previous studies showing mutually exclusivity with NPM1 442 

(Patel et al. 2011). While the previous studies indicated some altered DNA methylation patterns 443 

associated with NPM1 mutations, we find that the NPM1 mutation has an impact on tumor-444 

specific epigenetic patterns and is a dominant mutation in 4/13 epitypes. We found the impact 445 

that mutations in known epigenetic regulators DNMT3A, IDH1/2, or TET2 have on DNA 446 

methylation patterns was lessened or absent when not co-occurring with NPM1 mutations, 447 

strongly implicating a role for NPM1 in epigenetic regulation.  448 

As the genetic picture of AML is complex (The Cancer Genome Atlas Research Network 2013), 449 

classification of patients using DNA methylation patterns may help to describe a simplified 450 
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number of phenotypes and also include patients with the same underlying biology yet lack the 451 

recurrent marker mutation. We have uncovered that epiphenocopying broadly occurs across the 452 

spectrum of recurrent mutations in AML. Indeed, phenotypic studies have revealed CEBPA wild-453 

type AMLs may mimic the biology of CEBPA mutant AML (Wouters et al. 2007). In our study, 454 

epiphenocopying was particularly observed in epitypes we explored in more detail (E7-E13) 455 

where many patients lacked the dominant epitype mutation. A noteworthy example is E9, which 456 

displays an enrichment for TET2 mutations yet half of the cases within this epitype have wild-457 

type TET2. These epiphenocopies have attained the same epigenetic pattern through other 458 

means, such as potentially altered α-ketoglutarate metabolism (Raffel et al. 2017; Morin et al. 459 

2014). 460 

Mutations in epigenetic modifying genes are common in AML, but characterization of their role 461 

in disease development has been difficult. Mouse models carrying disrupted epigenetic 462 

modifiers, such as DNMT3A, TET2 and IDH1/2, do not alone result in frank leukemia and 463 

require serial transplantation for an overt AML phenotype to develop (Celik et al. 2015; Quivoron 464 

et al. 2011; Sasaki et al. 2012; Li et al. 2011). The presence of these mutations in asymptomatic 465 

individuals, described as clonal hematopoiesis of indeterminate potential (Steensma et al. 466 

2015), suggests that these mutations occur early in disease development, and may loosen 467 

control of the epigenome, allowing for other events to more readily cause phenotypic 468 

reprogramming and disease development (Feinberg et al. 2016). Indeed, we observed 469 

methylation losses and gains in E7 (NPM1+DNMT3A) and E9,10 (NPM1+TET2, IDH1/2) 470 

occurred in addition to changes that occurred in NPM1-mutated alone (E8). Although DNMT3A-471 

associated global methylation loss occurred in conjunction with NPM1 mutations, DNMT3A 472 

mutations did not cause hypomethylation in E13, despite being the most common genetic 473 

aberration in the epitype. This indicates that DNMT3A loss alone does not induce global DNA 474 

hypomethylation, supporting findings in DNMT3A-null mice (Guryanova et al. 2016). As we have 475 

uncovered that E13 employs other disease-specific pathways, DNMT3A in the context of E13 476 

may have primarily played a role in pre-malignant stages or has a non-DNA methylation-477 

dependent role.  478 

As DNA methylation is an important factor controlling gene regulation, in addition to epitype 479 

classification, it can also convey critical aspects of the biology underling AML epitypes. We 480 

found that most AMLs retain developmental DNA methylation signatures restricted within the 481 

development of monocytes from HSPCs, consistent with results from chromatin accessibility 482 

landscapes performed on a small AML cohort versus a wide variety of hematopoietic cell types 483 
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(Corces et al. 2016). AML cells with granulocytic morphologies may be depleted from samples 484 

due to the routine use of ficoll to purify AML cells. We found that the spread across the 485 

developmental axis is associated with the discrete epitypes we identified. Accounting for normal 486 

development enabled us to identify tumor-specific changes to the epigenome, which in turn 487 

inferred disease-specific TF activity and chromatin states. The changes in E13 relative to 488 

HSPCs may represent initial changes in AML development common to the majority of AMLs, as 489 

only failed hypomethylation was observed without aberrant (tumor-specific) changes. Most 490 

epitypes are deficient in normal development similarly involving loss of key developmental TFs 491 

activities to varying degrees. This initial step is likely the block in differentiation which can be 492 

achieved by a variety of mechanisms and is then followed by some form of proliferation as is 493 

suggested by the two-hit hypothesis of AML development (Lagunas-Rangel et al. 2017). Our 494 

data indicate that NPM1-mutant epitypes universally show activation of components of RUNX, 495 

AP-1, EGR, TCF and HOX TF families implicating a variety of upstream pathway activation. 496 

E9,10 (NPM1+TET2, IDH1/2) show loss of MEF2, ETS and IRF sites focused on enhancer 497 

regions, potentially further repressing their normal development. 498 

A common feature of tumor methylomes is hypermethylation of CpG islands located in gene 499 

promoter regions, referred to as the CpG island hypermethylator phenotype (CIMP) (Toyota et 500 

al. 1999). CIMP subtypes have been described within several tumor types, including colorectal, 501 

breast, brain and gastric cancers, as well as AML (Mack et al. 2014; Noushmehr et al. 2010; 502 

Roman-Gomez et al. 2005; Weisenberger et al. 2006; Zouridis et al. 2012; Kelly et al. 2017) . 503 

Recent studies have shown that CIMP frequently targets promoters that are marked by the 504 

polycomb repressive mark H3K27me3 in developmental precursors, which commonly mark 505 

poised promoters of developmentally-regulated genes (Bernstein et al. 2006; Schlesinger et al. 506 

2007; Ohm et al. 2007; Widschwendter et al. 2007). In our studies, the association of aberrant 507 

hypermethylation was highly epitype-dependent, being either largely absent (E5,E7,E13), 508 

enriched at enhancers (E9-11) or enriched in polycomb repressed and poised regions, which 509 

include CpG islands (E1-4,E6,E8,E12). CIMP is associated with prolonged inflammation and 510 

stress (Jones and Baylin 2007), and prolonged treatment of HSPCs from healthy donors with 511 

inflammatory cytokines induces hypermethylation of polycomb repressed and poised regions 512 

(Spencer et al. 2017). Work in other cancers suggests CIMP tumors may not respond well to 513 

DNA damaging treatments but may respond better to hypomethylating agents (Mack et al. 514 

2014). Some AML patients with high-risk genetic markers, such as complex karyotype and 515 

TP53 mutations, have achieved favorable responses with hypomethylating agents in some 516 

patients (Santini and Ossenkoppele 2019). Of interest, E12 was associated with high-risk 517 
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genetics, and poor overall survival. Elevated methylation of polycomb regions may predict 518 

favorable responses to hypomethylating agents in this epitype that responds poorly to standard 519 

chemotherapy. In addition, as we have shown activation of inflammatory pathways coincident 520 

with polycomb hypermethylation in this epitype, targeting pathways such as JAK/STAT may 521 

provide additional benefit to these patients.  522 

Our findings show that DNA methylation is a useful approach for classifying this genetically 523 

heterogeneous, complex disease, and significantly adds to our understanding of distinct 524 

biological aspects of individual patients. We have shown that epitypes integrate the majority of 525 

highly recurrent mutations, developmental states and other phenotypes. Our approach further 526 

incorporated patients lacking recurrent mutations based on epigenetic and phenotypic similarity 527 

(epiphenocopies).  Epitypes employ different pathways, several of which involve activation of 528 

inflammatory pathways and are associated with poor survival. The use of epitypes as a 529 

biomarker in AML is further supported by the stability of the methylation patterns throughout 530 

disease course in the vast majority of patients. Future development of a targeted approach for 531 

classification of individual patients will be vital to unlock potential clinical utility of assessing 532 

epitypes. Coordinated evolution of epitype and genetic markers may identify patients that may 533 

benefit from a change in therapy, including hypomethylating and novel agents. 534 

 535 

Methods 536 

AML patients and Illumina DNA methylation array data:  537 

AML patient samples were collected as part of the Beat AML study (Tyner et al. 2018) and 538 

genomic DNA from 226 bone marrow samples was obtained at diagnosis along with 13 539 

matched relapse samples. DNA was obtained from an additional 27 patients at diagnosis with 540 

t(v;11) rearrangements and 22 patients sampled at diagnosis and relapse from the Leukemia 541 

Tissue Bank Shared Resource at The Ohio State University Comprehensive Cancer Center. 542 

Mononuclear cells from AML samples were isolated using density gradient separation. Samples 543 

with low variant allele frequency (VAF) of recurrent mutations in myeloid malignancies 544 

suggestive of low tumor cell purity were excluded. Leukemic cells from low (<80%) BLAST 545 

count relapse samples were further purified using fluorescence-assisted cell sorting (FACS) (BD 546 

Biosciences). HSPC (CD34+), monocyte (CD14+) populations were isolated using FACS from 547 

bone marrow and peripheral blood. Macrophages were obtained by plating sorted monocyte 548 

populations for 14 days. All patients and donors provided informed consent according to the 549 
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Declaration of Helsinki. Genomic DNA was isolated using column-based preparation (Qiagen). 550 

DNA (500 ng) was bisulfite converted using the EZ DNA Methylation Gold Kit (Zymo Research). 551 

The Infinium methylationEPIC assay was carried out following standard protocol (Illumina) at the 552 

Molecular Genetics Laboratory at the Cincinnati Children’s Hospital. Illumina 450K Human 553 

Methylation Array raw data files for additional AML samples and sorted healthy populations 554 

were obtained from previously published studies (Jung et al. 2015; Ferreira et al. 2016; Qu et al. 555 

2017; The Cancer Genome Atlas Research Network 2013; Leonard et al. 2014; Kulis et al. 556 

2012; Reinius et al. 2012; Schmutz et al. 2013). For the diagnosis/relapse validation cohort, 557 

gene mutation data for 33 patients at diagnosis, remission and relapse were obtained from 558 

(Greif et al. 2018) along with Illumina methylation array beta values comprising the epityping 559 

signature. Patients were excluded from the study that did not demonstrate high frequency 560 

tumor-specific mutations (VAF>0.3) at both diagnosis and relapse. The absence of tumor-561 

specific mutations at remission were also required to indicate clearance of tumor cells following 562 

treatment. Data from the Infinium methylationEPIC Array and Illumina HumanMethylation450 563 

Array were normalized by the beta mixture quantile (BMIQ) method (Teschendorff et al. 2013) 564 

using the RnBeads analysis software package (Müller et al. 2019). Only intersecting probes on 565 

both platforms were included, and probes targeting sex chromosomes, non-CpG sites, and 566 

single-nucleotide polymorphisms were removed resulting in a final probe set of 426,862 probes. 567 

Heatmaps, t-SNE plots, and principle component analysis plots of combined data were 568 

visualized using the Qlucore Omics Explorer software. 569 

 570 

DNA methylation analysis: 571 

For clustering analysis, k-medoids based clustering was used due to the uneven levels of 572 

similarity within clusters. An Auer-Gervini plot was used to identify the minimum number of 573 

dimensions as the first a long step, determined by twice the length of the average (Wang et al. 574 

2018). K was set using silhouette analysis (Rousseeuw 1987). 575 

Transcription factor sequence motif enrichment for known motifs was performed using HOMER 576 

software (Sven et al. 2010). Windows containing 100 bp of sequence up and downstream of 577 

selected probes were searched against a background assembled from the remaining probes 578 

that were adjusted for GC and CpG content as well as a similar methylation distribution in 579 

HSPCs. Motifs with a high degree of similarity were replaced with a single consensus motif. 580 

Chromatin states were defined using the standard 15-state model previously described using 581 

the ChromHMM algorithm (Ernst et al. 2011). Chromatin states were defined in 3 HSPC 582 
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samples using data available through the Roadmap Epigenomics Project (Roadmap 583 

Epigenomics Consortium et al. 2015). Enrichment analysis was performed using the 584 

Epiannotator R package (Pageaud et al. 2018).  585 

To generate a DNA methylation signature that encompasses normal hematopoietic 586 

development we utilized published methylation array data from sorted healthy cell populations. 587 

We determined the probes significantly differentially methylated between each cell population 588 

and HSPCs (20% methylation change, FDR q<0.01). These individual probe lists were then 589 

combined to create the hematopoietic development signature (n=28,361). To generate a normal 590 

myeloid development signature, we used the 5,000 most variable probes between HSPCs 591 

(n=14) and monocytes (n=15). To identify tumor-specific differences occurring outside of normal 592 

development, we compared changes in individual AML epitypes versus the change that 593 

normally occurs in monocyte differentiation using HSPCs as a fixed reference across all 594 

analyzed probes. The methylation values of all probes were averaged within each AML and 595 

normal subtype in scatterplots. The probes that diverged from the expected normal 596 

development value greater than a mean of 30% and maintained a false discovery rate (FDR) of 597 

q<0.05 when considering individual tumor samples were retained and classified as tumor-598 

specific.  599 

 600 

Gene expression analysis: 601 

Differential gene expression was performed using DESeq2 (Love et al. 2014) on raw counts 602 

were obtained from the Beat AML Consortium (Tyner et al. 2018). Samples within each epitype 603 

were treated as biological replicates and compared to HSPCs. Differentially expressed genes 604 

were defined as >2-fold change and FDR q<0.01 were used. The upstream regulator tool in the 605 

Ingenuity Pathway Analysis software was used to interpret the results. LSC17 score was 606 

calculated using the 17 genes weighted by regression coefficients as reported in (Ng et al. 607 

2016). Beat AML expression value was calculated from RPKM-normalized RNA-seq data (Tyner 608 

et al. 2018) and TCGA was calculated from Affymetrix U133 Plus 2 platform (The Cancer 609 

Genome Atlas Research Network 2013). The Gal et al. and Gentles et al. stem cell signature 610 

scores were calculated by the median expression of the genes in each gene set within each 611 

sample (Gentles et al. 2010; Gal et al. 2006) using RPKM-normalized RNA-seq data. ANOVA 612 

was used to determine significant differences between epitypes, followed by group-specific t-613 

tests adjusting for multiple comparisons using the Bonferroni method. 614 
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 615 

Gene mutation analysis: 616 

Annotation of genetic mutations and other aberrations were obtained from each respective 617 

study where available (n=511 samples total) (The Cancer Genome Atlas Research Network 618 

2013; Tyner et al. 2018; Jung et al. 2015; Eisfeld et al. 2017; Schmutz et al. 2013). For the 619 

analysis of paired diagnosis and relapse samples from The Ohio State University, a panel of 80 620 

genes including common recurrent AML mutations was targeted using a capture oligo-based 621 

approach followed by sequencing on the MiSeq platform (Illumina) (as previously described in 622 

(Eisfeld et al. 2017)). For paired diagnosis and relapse samples from the Beat AML project, 623 

mutation data were obtained from published whole exome data (Tyner et al. 2018). 624 

 625 

Data Access: 626 

All raw and processed sequencing data generated in this study have been submitted to the 627 

NCBI Gene Expression Omnibus (GEO; https://www.ncbi.nlm.nih.gov/geo/) under accession 628 

number GSE159907. 629 
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Figure Legends: 905 

 906 

Figure 1: Unsupervised clustering of 649 AML samples using DNA methylation and relationship 907 

with genetic mutations. (A) Heatmap of the 500 most-variable CpGs across all samples 908 

organized by hierarchical clustering. Samples are annotated by epitype assignment using PAM 909 

clustering (colors). (B) The same 500 most-variable displayed by t-SNE plot. (C) The distribution 910 

of the most common recurrent genetic aberrations in AML within the epitypes. Bubble size 911 

represents the percent of patients within the epitype with the corresponding aberration. (D) Pie 912 

charts displaying the frequency of the most common (dominant mutation/combination) within 913 

each epitype. 914 

 915 

Figure 2: Assessment of DNA methylation associated with normal myeloid development enables 916 

identification of tumor-specific methylation. (A) Principal component analysis including healthy 917 

cell populations (colored) and AML samples (white) using the hematological developmental 918 

probe set (left panel, principal component (PC) 1 versus PC2; right panel, PC1 versus PC3). (B) 919 

Principal component analysis using a probe set of differentially methylated CpGs between 920 

HSPC and monocytes (white), including AML samples (colored by epitype). Below, density plot 921 

showing the distribution of samples with each epitype across PC1. (C) Bubble scatterplot of 922 

transcription factor motif enrichment in regions hypomethylated in monocytes compared to 923 

HSPC. Bubble size corresponds to the P value and color corresponds to transcription factor 924 

family. (D) A representative scatterplot simultaneously visualizing the DNA methylation 925 

differences in monocyte development (HSPCs to monocytes, x-axis) versus AML development 926 

using HSPCs as a reference (y-axis). Values represent average levels within HSPCs, 927 

monocytes and AML epitype.  Tumor-specific methylation changes are categorized as having 928 

aberrant hypermethylation (red) or aberrant hypomethylation (blue), separately from changes 929 

occurring in parallel with normal development (gray) or fail to occur as normally observed in 930 

monocytes (green). (E) Distribution of the tumor-specific methylation changes in each epitype. 931 

DNA methylation changes were compared simultaneously between normal and tumors (as 932 

shown in (D)), for all 13 epitypes. 933 

  934 

Figure 3: Analysis of tumor-specific methylation in the NPM1 constellation of epitypes (E7-E10). 935 

(A) Scatterplots comparing normal and tumor developmental methylation changes in E7-E10 936 

highlight differential degrees of failed hypomethylation (green), aberrant hypermethylation (red), 937 
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or aberrant hypomethylation (blue). (B) Venn diagram illustrating the numbers and overlap of 938 

aberrantly hypomethylated CpGs in E7-E10, with the dominant mutations within each epitype 939 

indicated (NPM1 alone or NPM1 plus a modifier mutation). (C) Bubble scatterplot of 940 

transcription factor motif enrichment in regions aberrantly hypomethylated in E7-10. Bubble size 941 

corresponds to the P-value and color corresponds to transcription factor family. (D) Venn 942 

diagram of the aberrant hypermethylation in epitypes E7-E10. (E) Enrichment of aberrantly 943 

hypermethylated regions in selected chromatin states defined using the 15-state ChromHMM 944 

model in 3 independent HSPC samples. (F) Bubble scatterplot of transcription factor motif 945 

enrichment in regions aberrantly hypermethylated in epitypes 9 and 10. 946 

 947 

Figure 4: AML epitypes E11-E13 display stem-cell like features. (A) Differential methylation 948 

scatterplots of E11-13 highlight tumor-specific methylation changes. (B) Venn diagram showing 949 

overlap of failed hypomethylation in E11-E13. (C) LSC17 gene expression scores in the Beat 950 

AML and the (D) TCGA cohort arranged by epitype. Cohort median value indicated by dotted 951 

line; significance evaluated by ANOVA test followed by comparison of E11-13 individually 952 

versus E1-10; adjusted p-values *P<0.05, **P<0.01, ***P<0.001. (E) Kaplan-Meier analysis of 953 

overall survival of E11-E13 compared to the other epitypes (E1-E10) in the Beat AML and 954 

TCGA cohorts. (F) Kaplan-Meier analysis of overall survival of E11-E13 compared to the other 955 

epitypes in the Beat AML and TCGA cohorts following separation into LSC17-high and (G) 956 

LSC17-low groups using median dichotomization indicated above.  957 

 958 

Figure 5: A hypomethylation signature involving STAT is associated with FLT3-ITD mutations. 959 

(A) Bubble scatterplot of transcription factor motif enrichment in hypomethylated regions in 960 

FLT3-ITD-mutated AMLs. Bubble size corresponds to the P value and color corresponds to 961 

transcription factor family. (B) Heatmap of the STAT hypomethylation signature with samples 962 

arranged by hierarchical clustering. (C) Distribution of STAT hypomethylation signature-positive 963 

(SHS+) samples across AML epitypes. (D) Breakdown of FLT3 mutations in SHS+ (left) and 964 

SHS- (right) groups.  965 

 966 

Figure 6: DNA methylation patterns are stable at relapse except in a minority of cases. (A) t-967 

SNE plot of the AML epityping probe set including all AML samples along with paired 968 

diagnosis/relapse samples. The diagnosis and relapse sample (often completely overlapping) 969 

are indicated by the same color within pairs and those pairs not changing epitype are circled in 970 

blue. Red arrows indicate pairs where the relapse sample changed epitype. Epitypes are 971 
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illustrated by standard colors in inset. (B) Changes in mutant variant allele fraction between 972 

diagnosis and relapse in the 4/26 pairs that changed epigenetic epitype. (C) The number of 973 

probes that change by >20% between diagnosis and relapse, patients that exhibited change of 974 

epigenetic epitype are displayed separately. (D) Correlation of methylation values from all 975 

426,862 probes at diagnosis and relapse in a representative sample that displayed a stable 976 

pattern, one that changed epitype, and two that remained within the same epitype but gained a 977 

signaling pathway mutation at relapse as indicated. 978 

 979 
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