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Acute lymphoblastic leukemia (ALL) is the commonest childhood malignancy and is characterized by recurring structural genetic alterations. Previous studies of DNA methylation suggest epigenetic alterations may
also be important, but an integrated genome-wide analysis of genetic and epigenetic alterations in ALL has not
been performed. We analyzed 137 B-lineage and 30 T-lineage childhood ALL cases using microarray analysis of
DNA copy number alterations and gene expression, and genome-wide cytosine methylation profiling using the
HpaII tiny fragment enrichment by ligation-mediated PCR (HELP) assay. We found that the different genetic
subtypes of ALL are characterized by distinct DNA methylation signatures that exhibit significant correlation
with gene expression profiles. We also identified an epigenetic signature common to all cases, with correlation
to gene expression in 65% of these genes, suggesting that a core set of epigenetically deregulated genes is central
to the initiation or maintenance of lymphoid transformation. Finally, we identified aberrant methylation in
multiple genes also targeted by recurring DNA copy number alterations in ALL, suggesting that these genes are
inactivated far more frequently than suggested by structural genomic analyses alone. Together, these results
demonstrate subtype- and disease-specific alterations in cytosine methylation in ALL that influence transcriptional activity, and are likely to exert a key role in leukemogenesis.
Introduction
Acute lymphoblastic leukemia (ALL) is the commonest childhood malignancy (1); despite impressive advances in the success
of therapy for ALL, it remains the leading cause of cancer-related
death in young people. A detailed understanding of the genetic
and epigenetic events contributing to leukemogenesis and treatment responsiveness is important in order to identify potential
new avenues for therapy in this condition.
Pediatric ALL is characterized by a range of recurring numeric and
structural chromosomal alterations. These include B-precursor ALL
(B-ALL) with (a) high hyperdiploidy (>50 chromosomes), (b) hypodiploidy (<44 chromosomes), (c) t(12;21)(p13;q22) encoding ETV6RUNX1 (also known as TEL-AML1), (d) t(1;19)(q23;p13.3) encoding
TCF3-PBX1 (also known as E2A-PBX1), (e) t(9;22)(q34;q11) encoding
BCR-ABL1, (f) cytokine receptor–like factor 2 (CRLF2) rearrangement
(CRLF2r), and (g) MLL rearrangement at 11q23 (MLLr); MYC rearrangement in mature B cell leukemia/lymphoma; and TLX1 (also
known as HOX11), TLX3 (also known as HOX11L2), LYL1, TAL1, and
MLL rearrangement in T-lineage ALL (T-ALL) (2). These alterations
are important events in leukemogenesis and are associated with
responsiveness to therapy, treatment outcome, and distinct gene
expression profiles (3). However, several of these translocations may
be acquired years before development of overt leukemia (4), and
mouse models have shown that these alterations are frequently insufficient to cause leukemia, which suggests that cooperating genetic
events are required. Furthermore, recurring chromosomal alterations are absent in almost 20% of cases (5). Consequently, extensive
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genome-wide microarray profiling of DNA copy number alterations
(deletions and gains) has identified multiple submicroscopic genetic changes in ALL that target critical cellular pathways, including
lymphoid development, cell cycle regulation, tumor suppression,
lymphoid signaling, and drug responsiveness (6–8). The nature and
frequency of these alterations is associated with the cytogenetic subtype of ALL, and specific alterations have been shown to influence
treatment outcome, such as deletion or mutation of IKZF1, which
encodes the early lymphoid transcription factor IKAROS (8, 9).
However, somatic mutation is not the only mechanism through
which gene expression is perturbed in tumors. Alteration of DNA
methylation can also disrupt transcriptional regulation and is
commonly perturbed in cancer. Genome-wide analysis of cytosine
methylation has identified novel subtypes of acute myeloid leukemia (AML) and has provided important insights into the biology of
this disease (10, 11). Previous studies in childhood ALL have examined cytosine methylation of the promoters of individual genes,
investigated limited panels of genes (12–18), or performed genomewide analyses of methylation in small patient cohorts (19) or specific subtypes of ALL, such as MLLr (20, 21), high-hyperdiploid, and
ETV6-RUNX1–rearranged (22). These studies suggest that aberrant
DNA methylation is a hallmark of childhood ALL and underscore
the need for genome-wide studies in a large cohort of patients in
order to better understand the contribution of DNA methylation
to leukemogenesis. Few studies have analyzed large cohorts of ALL
cases, and most have used candidate gene methods rather than
genome-wide approaches (23). To date, no study has performed
genome-wide analysis of methylation across the spectrum of B-ALL
and T-ALL subtypes, correlating methylation status with changes
in gene expression and concomitant structural DNA alterations.
Here we describe the first integrated genome-wide analysis of cytosine methylation, DNA copy number alterations, and gene expression in childhood ALL. We show that recurring cytogenetic altera-
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Figure 1
Hierarchical clustering of DNA methylation profiles and gene expression profiles of 167 childhood ALL cases and 19 normal B cells. (A) Dendrogram
of unsupervised hierarchical clustering of 4,037 methylation probe sets with SD >1. (B) Dendrogram of unsupervised hierarchical clustering of 842
probe sets of SD >1.2 of 154 ALL cases with Affymetrix gene expression profiling data. H50, high hyperdiploidy; Ph, BCR-ABL1; T-P, TCF3-PBX1.

tions exhibited distinct methylation signatures and that methylation
was an important determinant of the leukemic transcriptome. In
addition, we identified a signature of aberrant methylation common
to B-ALL cases and showed that genes targeted by recurring DNA
copy number alterations frequently exhibited aberrant methylation.
Results
DNA methylation profiles in B-ALL are associated with genetic subtype. We
performed methylation profiling, using the HpaII tiny fragment
enrichment by ligation-mediated PCR (HELP) assay, of leukemic
DNA samples obtained at diagnosis from 167 children with ALL
(137 B-ALL and 30 T-ALL), 19 flow-sorted normal B cell progenitor
subpopulations, and 8 CD3+ T cell samples purified from peripheral blood apheresis samples. The cohort was designed to encompass
the range of known ALL subtypes, including several recently defined
3100

subtypes characterized by rearrangement and/or dysregulation of
CRLF2 and the ETS family transcription factor ERG (Supplemental
Table 1; supplemental material available online with this article;
doi:10.1172/JCI66203DS1). DNA methylation status, defined
by HELP, was significantly correlated with quantitative DNA
methylation measurements of individual loci using MassARRAY
EpiTYPER platform (r = 0.91; Supplemental Figure 1).
To identify subgroups of ALL cases defined by methylation
signatures, we performed unsupervised hierarchical clustering of high variance (SD >1 across the cohort; n = 4,037 probe
sets), followed by determination of association between cluster
membership and cytogenetic subtype by calculation of the gap
statistic (24, 25) and Rand index (26). This procedure identified
8 robust clusters of leukemic samples using both indices. There
was remarkable correlation between methylation cluster and
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Table 1
Number of DMRs constituting the DNA methylation signatures of each ALL
subtype

methylation abnormalities were highly variable for
the different subtypes, both in the magnitude of the
signature identified and in the degree of hyper- and
hypomethylation observed (Table 1 and Figure 2).
For example, B-ALL cases with high hyperdiploidy
Subtype
Hypermethylated
Hypomethylated
Total
exhibited the strongest signature, consisting of 719
CRLF2r B-ALL
32
20
52
DMRs, 635 of which were hypomethylated compared
ETV6-RUNX1 B-ALL
158
272
430
with other B-ALL cases. Given that the MspI fraction
High hyperdiploid B-ALL
84
635
719
MLLr B-ALL
388
125
513
in the HELP assay acts as an internal control for copy
ERG-altered B-ALL
368
339
707
number variations, the difference in log2(HpaII/MspI)
BCR-ABL1 B-ALL
219
146
365
ratios in the high-hyperdiploid B-ALL cases comTCF3-PBX1 B-ALL
185
151
336
pared with the remaining B-ALL subtypes can only
T-ALL vs. B-ALL
897
422
1,319
be explained by a detectable difference in methylaT-ALL vs. normal T cells
1,765
2,242
4,007
tion between the 2 groups. ALL cases harboring ERG
B-ALL vs. normal B cells
1,266
542
1,808
alterations had a robust DNA methylation signature
Normal T cells vs. normal B cells
2,463
1,403
3,866
of 707 DMRs; however, this signature presented a
See Supplemental Table 2 for a full list of the genes in each methylation signature.
balance between differential hyper- and hypomethylation relative to non–ERG-deleted B-ALL cases. On
the other hand, cases with CRLF2r (many of which
ALL cytogenetic subtype (Figure 1A). As expected, distinct clus- have activating JAK1/2 mutations; refs. 28, 29) were notable for
ters of known ALL subtypes based on gene expression profiling their weak signature, with only 52 DMRs identified. Supplemental
data were observed (Figure 1B). In analysis of methylation data, Table 2 lists all DMRs and their annotation for each signature.
Gene networks affected by aberrant DNA methylation in ALL. We next
all 29 T-ALL cases and 8 normal CD3+ T cell samples clustered
separately from B-ALL cases (Figure 1A and Supplemental Fig- performed Ingenuity Pathway Analysis (Ingenuity Systems) on
ure 2). 7 clusters of B-ALL cases were identified. MLLr, BCR-ABL1, each of the identified DNA methylation signatures. Analysis of
ETV6-RUNX1, and normal B cell progenitors (regardless of matu- the top 5 scoring networks demonstrated that, despite each ALL
rational stage) formed distinct clusters. The 4 cases with intra- subtype presenting with a unique DNA methylation signature,
chromosomal amplification of chromosome 21 (iAMP21) clus- functional analysis of the affected genes revealed some common
tered with ETV6-RUNX1 cases and B-ALL cases of hyperdiploid biological themes (Supplemental Table 3). Networks involved in
and miscellaneous karyotype. The MLLr cluster was 100% specific, cell death and cell cycle were among the top 5 scoring networks
containing 17 MLLr cases, but failed to include 3 cases positive for for all subtypes, with the exception of the ERG signature, for which
MLLr. No subclustering of MLLr cases was observed according to the top scoring network was involved in cellular growth, proliferaMLL fusion partner (MLLT3 [also known as AF9], 5 cases; AFF1 tion, and cancer. Another top network was cell-to-cell signaling,
[also known as AF4], 7 cases; MLLT1 [also known as ENL], 2 cases; which was observed for most subtypes except ETV6-RUNX1 and
MLLT10 [also known as AF10], 2 cases; unknown, 2 cases; data BCR-ABL1 ALL. These 2 subtypes exhibited high-scoring networks
not shown). Likewise, the BCR-ABL1 cluster was also 100% specific involved in lipid metabolism.
Specific DNA methylation profiles correlate with gene expression pat(13 cases), but 6 BCR-ABL1 cases failed to cluster with this group.
Another cluster contained 24 ETV6-RUNX1 cases, but did not terns in genetic subtypes of ALL. We next used 2 approaches to examinclude 3 additional cases harboring the same fusion gene. Cases ine correlations between methylation and gene expression in 154
harboring high-hyperdiploid karyotypes or CRLF2r clustered cases with both methylation and gene expression data available. In
together, whereas another cluster included cases with the TCF3- a “Refseq-centric” analysis, Pearson correlation coefficients were
PBX1 fusion gene or cases with ERG alterations. Normal B and calculated between all possible pairs of methylation probe sets and
T cells formed specific clusters with 100% membership and no gene expression probe sets, and the methylation-expression probe
misclassifications. The concordance between DNA methylation set pair with the maximum correlation coefficient was used for
and genetic subtypes was confirmed by repeating the hierarchical downstream analysis. These coefficients were used to rank genes of
clustering using different subsets of probe sets (cross-patient SD interest and generate heatmaps with highly correlated genes. Genes
0.8–1.2; Supplemental Figure 3). These data indicate that DNA with both gene expression and methylation FDR of <0.1, and for
methylation profiles in ALL are highly associated with specific which gene expression and methylation had a positive Pearson corgenetic subtypes and suggest that aberrant epigenetic patterning relation (which, given the nature of the HELP assay, translates to
may have a central role in leukemogenesis and disease phenotype. an inverse biological correlation) with P < 0.05, were considered
Unique DNA methylation profiles distinguish ALL subtypes. We next highly correlated. This demonstrated that a substantial fraction of
defined the DNA methylation signatures associated with each differentially methylated Refseq genes were differentially expressed.
genetic subtype of childhood ALL. We performed supervised com- Figures 3 and 4 show examples of gene expression and methylation
parisons of methylation data between each B-ALL subtype and all heatmaps for MLLr B-ALL and for T-ALL. Supplemental Table 4
other B-ALL cases and normal B cells, as well as comparing B-ALL shows the results of this Refseq analysis, and Supplemental Table 5
with T-ALL cases and T-ALL cases with normal T cells. Differen- summarizes the number and proportion of correlated genes.
We next used gene set enrichment analysis (GSEA; ref. 30) to gain
tially methylated regions (DMRs) were identified using limma (27)
with a false discovery rate (FDR) of <0.1 and a log2 methylation insight into the relationship between methylation and gene expresdelta of >1 (corresponding to a methylation difference of approxi- sion profiles. For this analysis, we defined hyper- and hypomethylmately 20% or greater). This analysis revealed that specific DNA ated gene sets for each subtype of ALL, which were then tested for
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Figure 2
Subtype-specific DNA methylation signatures. Heatmap representation of the DNA methylation profiles identified through supervised analysis
distinguishing each ALL subtype from the other ALL cases. Rows represent probe sets; columns represent patients. In each case, the group of
interest is represented at the far left of the heatmap (black bars). Red, low methylation; blue, high methylation.

enrichment in the gene expression profiles of each ALL subtype (31).
In all but 2 of the genetic subtypes, we found significant enrichment
of the hyper- and/or hypomethylated gene sets in the corresponding
gene expression profile (Figure 5 and Supplemental Table 6), which
demonstrated that changes in DNA methylation were accompanied
by matching changes in gene expression. This indicates that aberrant DNA methylation in childhood ALL is an important determinant of gene expression in genetically defined disease subtypes. We
did not find significant enrichment for the CRLF2r B-ALL meth3102

ylation signature in the CRLF2r gene expression profile, consistent
with our observation that this subtype of ALL had relatively weak
methylation and gene expression signatures.
High-hyperdiploid ALL is characterized by the gain of at least 5
additional chromosomes. As many, but not all, genes on the aneuploid chromosomes exhibit increased expression, we examined
the relationship between methylation status and gene expression
in this subtype of leukemia. With the exception of chromosome
21, for which 27.5% of HELP probe sets were methylated, we did
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Figure 3
Expression and methylation heatmaps for genes exhibiting differential methylation and expression in MLLr B-ALL. Heatmaps of expression (left;
green, reduced expression; red, increased expression) and methylation (right; blue, hypermethylation; red, hypomethylation) show the top 50
correlated genes for each subtype from Refseq-centric correlation analysis. The total number of correlated probe sets for each subtype is summarized in Supplemental Table 4.

not observe preferential hypomethylation of trisomic chromosomes in hyperdiploid ALL (Supplemental Table 7). As expected,
the proportion of genes exhibiting reduced expression was lower
in aneuploid (3.5%) than diploid (20.8%) chromosomes; however,
almost half of such genes exhibited concomitant hypermethylation (Supplemental Table 8). Thus, methylation is an important
determinant of gene silencing on aneuploid chromosomes in ALL.
DNA methylation plays a role in the differential regulation of lineage-specific pathways. Using a similar supervised analysis approach (limma
FDR <0.1 and methylation change >20%), we compared methylation profiles of T-ALL cases with B-ALL cases, and normal T cells
with normal B cells, and subtracted the normal from the leukemic
methylation signatures to determine the extent to which the T-ALL
versus B-ALL signature was influenced by lineage rather than leukemia-specific factors. Although the extent of overlap of the normal and leukemic signatures may be influenced by the number of
samples in each comparison group, we observed that the extent of
overlap (∼40%) remained remarkably consistent despite varying

the delta threshold used to define the signatures (Supplemental
Table 8). As expected, the T-ALL versus B-ALL signature consisted
of a large number of DMRs (n = 1,319). Notably, three-quarters of
the signature consisted of DMRs that were hypermethylated in
T-ALL versus B-ALL. GSEA showed significant enrichment of both
the hypermethylated and the hypomethylated components of the
methylation signature in the corresponding gene expression profile
(Figure 5). Strikingly, we found that the mediators of T cell receptor
(TCR) signaling and differentiation were silenced by methylation
in B-ALL cases; conversely, the B cell receptor (BCR) signaling and
differentiation program was silenced in T-ALL (Figure 6). Key components of both pathways were found among these epigenetically
regulated genes, including CD79A, CD79B, BLNK, BTK, and SYK in
the BCR signaling pathway and CD3G, CD3D, LCK, LAT, and ZAP70
in the TCR signaling pathway (Figure 6). Notably, the “residual”
leukemic T versus B cell methylation signature derived after subtraction of the signature of normal T versus B cells exhibited differential methylation of lymphocyte signaling pathways (BCR signal-
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Figure 4
Expression and methylation heatmaps for genes exhibiting differential methylation and expression in T-ALL. Heatmaps of expression (left; green,
reduced expression; red, increased expression) and methylation (right; blue, hypermethylation; red, hypomethylation) show the top 50 correlated
genes for each subtype from Refseq-centric correlation analysis. The total number of correlated probe sets for each subtype is summarized in
Supplemental Table 4.

ing, DAVID P = 0.008; TCR signaling, DAVID P = 0.12). Moreover,
several key lymphoid signaling genes, including CD3 and CD79B,
exhibited differential methylation between normal and leukemic
cells (Supplemental Figure 4). Together, these findings suggest that
DNA methylation is a critical determinant of lineage specification
in ALL by its regulation of the expression levels of lineage-specific
signaling pathways.
Recurring epigenetic lesions are present across all genetic subtypes of ALL.
These analyses identified distinct methylation signatures for each
ALL subtype. In order to determine whether a common epigenetic
signature of ALL exists, we compared the methylation profiles of
each ALL subtype with a cohort of normal B cells at different stages
of differentiation. Unsupervised clustering showed minimal intersample variability between the normal B cells at different differentiation stages, which allowed us to use the entire cohort of normal B
cells, including pro-B, pre-B, and mature B cells, as our normal reference for comparison. In order to do this, we performed ANOVA
analysis across the different B-ALL subtypes followed by Dunnett’s
post-hoc test, using the normal B cells as the reference, in order
3104

to identify genes aberrantly methylated in each B-ALL subtype. We
next identified those genes that were aberrantly methylated in at
least 7 of the 8 B-ALL subtypes. At this significance cutoff, we identified 75 DMRs annotated to 85 unique genes (Figure 7 and Supplemental Table 9). 66 of the 75 DMRs were hypermethylated in the
leukemia samples, while only 9 were hypomethylated. 5 genes from
this common signature were randomly selected, and their recurrent aberrant methylation was validated by MassARRAY EpiTYPER
in a subset of randomly selected samples (Supplemental Figure 5).
36 of 55 aberrantly hypermethylated genes represented on gene
expression arrays exhibited reduced expression, while 3 of 5 hypomethylated genes were overexpressed. This common methylation
signature of ALL included genes involved in signaling (TIE1, MOS,
CAMLG, and GPRC5C), genes involved in cell cycle regulation and
proliferation (MCTS1 and DGKG), genes involved in RNA metabolism (PABPN1 and PABPC5), transcription factors and transcriptional regulators (PROP1, TAF3, H2AFY2, ELF5, ZBTB16, CNOT1,
and TADA2A), and the homeobox genes HOXA5 and HOXA6.
Importantly, since the analysis compared the ALL samples with a
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Figure 5
GSEA of DNA methylation signatures in gene expression profiles. Shown are enrichment scores and leading edge plots for each of the DNA
methylation gene sets that showed significant enrichment in the corresponding gene expression profile.

cohort of normal B cells from different stages of differentiation,
this methylation profile cannot be interpreted as a reflection of the
differentiation stage from the cell of origin, but rather represents a
true leukemic signature.
Genes frequently affected by structural abnormalities are also targets for
aberrant DNA methylation. We next examined whether targets of
structural genetic alteration in ALL are also dysregulated by aberrant methylation. We identified 76 genes (Supplemental Table 10)
known to be mutated in ALL (7, 8), as well as genes in signaling
pathways of which other components are frequently targeted by
genetic mutations and structural abnormalities. DNA methylation
status was available for 71 of the 76 genes. We observed that 26 of
these 71 genes were aberrantly methylated in certain B-ALL cases;
that is, their DNA methylation status was different than normal
B cells. 15 of the 71 were aberrantly methylated in 5% or more of
the cases, with some genes presenting aberrant methylation frequencies as high as 76% (Figure 8A and Table 2). An additional 11
genes were observed as aberrantly methylated in fewer than 5% of
the ALL cases, while the remaining 45 genes were never targeted
by abnormal methylation in our cohort. Aberrant methylation
of these genes included both abnormal gains and losses of methylation compared with normal B cells, and it targeted both promoter and gene body regions. Table 2 shows the affected region
and specific abnormality observed for each gene. In most cases,
aberrant methylation of these genes occurred in patients who
did not harbor a copy number abnormality as well. However, in
a small number of cases, we detected concomitant occurrence of
structural and epigenetic abnormalities (GAB1, 2 of 77; RAG2, 2 of
32; KRAS, 2 of 39; RB1, 8 of 106; ATP10A, 1 of 14). In the case of

CDKN2A (also known as P16) and CDKN2B (also known as P15),
we detected 5 of 24 and 7 of 28 cases, respectively, with both types
of abnormalities, which indicates that aberrant hypermethylation
of the promoter region of these genes could play a role in silencing
the remaining allele in cases of heterozygous deletions. While the
lack of gene expression data for the normal B cell cohort prevents
a complete understanding of the changes in gene expression that
accompany these lesions, we did observe that hypermethylation of
the promoter regions of CDKN2A, CDKN2B, and PTEN was accompanied by low levels of expression of these genes, while expression
levels above the median were observed for KRAS, which displayed
hypomethylation of its promoter region (Figure 8B). Unlike KRAS
mutations, which are common in hyperdiploid B-ALL, aberrant
hypomethylation of this gene was observed more frequently in
ETV6-RUNX1 (n = 22), BCR-ABL1 (n = 12), and CRLF2r (n = 8) cases.
Discussion
Aberrant DNA methylation is a hallmark of many neoplasms,
including hematological malignancies. Genome-wide abnormalities
in DNA methylation can be found in chronic and acute leukemias,
both lymphoid (21, 32–34) and myeloid (10, 35, 36), as well as in preleukemic conditions, such as myelodysplastic syndromes (37, 38).
Furthermore, DNA methylation of certain genes has been shown
to have prognostic significance in AML and ALL (10, 36, 39). DNA
methyltransferase 1–deficient (Dnmt1-deficient) murine models have
demonstrated that DNA methylation is required for tumorigenesis,
both in solid tumors and in leukemias, even when using a potent
leukemia oncogene such as MLLT3 (40–42). Therefore, the aberrant DNA methylation patterns observed in malignancies cannot
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Figure 6
Representation of the BCR and TCR signaling pathways and their regulation through DNA methylation. (A) Schematic representation of the BCR
signaling pathway, which was significantly differentially methylated in B-ALL versus T-ALL (DAVID P = 0.00064). Genes that were hypomethylated or
overexpressed in B-ALL are highlighted red; genes that were hypermethylated or silenced in B-ALL are highlighted green. (B) Schematic representation of the TCR signaling pathway (DAVID P = 0.029). Genes that were hypomethylated or overexpressed in T-ALL are highlighted red; genes that were
hypermethylated or silenced in T-ALL are highlighted green.
3106
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Figure 7
Heatmap representation of genes frequently aberrantly methylated in B-ALL. 75 DMRs annotated to 84 unique genes were identified as aberrantly
methylated in at least 7 of the 8 B-ALL subtypes compared with methylation status in normal B cells. Each row represents a DNA methylation
probe set; each column represents a patient. Columns are arranged by genetic subtype.

be interpreted as simple secondary events passively acquired during
transformation, but rather must play an active role in determining the malignant phenotype. In order to explore the relationship
between genetic and epigenetic lesions in childhood ALL, we carried
out a comprehensive integrative analysis of DNA methylation, structural abnormalities, copy number alterations, and gene expression in
a large cohort of primary ALL. In this study, not only did we observe
that epigenetic subtypes identified through unsupervised analysis
approaches revealed a remarkably high degree of concordance with
known genetic subtypes, but furthermore, these epigenetic abnormalities associated with each of the ALL genetic subtypes were highly
correlated with their respective transcriptional profiles. These findings suggest that changes in DNA methylation patterns in ALL may
play an important role in determining the transcriptional program
and therefore the phenotype of the leukemic blasts.
Recent studies of the hematopoietic system have revealed
marked epigenetic plasticity during hematopoietic differentiation (43). These epigenetic changes are in fact required for lineage
determination, and interference with DNA methylation — either
genetically or chemically — results in skewing of the hematopoietic
differentiation toward the myeloid lineage (40, 43). However, the
specific regulation of lineage-specific signaling pathways through
epigenetic regulation in acute leukemias has not been previously
reported. Our study revealed extensive differential DNA methylation of multiple components of the BCR and TCR signaling pathways in B-ALL and T-ALL, respectively. Moreover, these epigenetic
changes correlated with changes in gene expression, which indicates that lineage-specific signaling pathways in lymphoid leukemic cells may be regulated at the epigenetic level.

Our observation that a set of recurrent epigenetic alterations is
observed across all ALL subtypes, regardless of genetic or epigenetic subtype, lends further support to a model in which certain
epigenetic events are required to take place during malignant
transformation. The near-universal nature of these alterations
in methylation suggests that they represent a set of genes whose
silencing is likely to constitute a necessary event in order to complete the transformation process. This finding is in concordance
with prior studies in both ALL and AML that have demonstrated
that most recurrent genetic events observed in these leukemias are
insufficient to fully transform a normal hematopoietic progenitor (44–50). A similar scenario has been previously described for
adult AML (10), and the set of genes targeted in that form of leukemia, while almost identical to those observed in myelodysplastic
syndromes, is distinct from the set of genes affected in ALL. This
leads us to conclude that these common epigenetic lesions that
need to be established during transformation are lineage specific
and may play a central role in determining the final phenotype of
the malignant clone. However, 9 of these recurrent epigenetic hits
are observed in to both ALL and AML cases, which indicates that
they may play an even more universal role in leukemic transformation, independent of lineage. Among these are DHRS12, which
has been shown to be frequently deleted and underexpressed in
some solid tumors (51); MCART1, which functions as a mitochondrial carrier and is therefore likely to play an important role in
cellular metabolism; and SPNS2 (a homolog of HSpin1), which has
been implicated in regulating caspase-independent cell death (52).
Functional studies in murine models will be required in the future
to determine the precise mechanism and timing by which these
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Figure 8
Gene expression of genes mutated in ALL that also exhibit aberrant methylation. (A) Proportion of cases showing aberrant methylation of genes
also involved by somatic mutation. (B) Relative gene expression levels for PTEN, CDKN2A, CDKN2B, and KRAS in patients with aberrant methylation. Shown are box plot representations of gene expression for a subset of genes frequently affected by mutations in patients that instead
presented aberrant methylation of these genes. PTEN, CDKN2A, and CDKN2B were expressed at low levels in the affected patients, whereas
KRAS was expressed at high levels. Bottom bound, middle line, and top bound of boxes denote 25th, 50th, and 75th percentiles, respectively;
whiskers denote minimum and maximum non-outlier values; symbols denote outliers.

lesions contribute to the leukemogenic process. Another observation of our current study was that genes that are well-known to be
frequently affected by sequence and copy number alterations in
childhood ALL may also be targeted by aberrant DNA methylation. We compared the DNA methylation profile in ALL blasts of
71 of these genes with their status in normal B cells and found
that approximately one-third was also susceptible to aberrant
DNA methylation. Among these, we observed hypermethylation of
the promoter regions of CDKN2A, CDKN2B, and PTEN and hypomethylation of the promoter region of KRAS. The finding that
certain ALL cases presented with genetic abnormalities of these
well-established oncogenes and tumor suppressors, while others
instead presented with epigenetic abnormalities, raises the possibility that during malignant transformation, the cell can resort to
both genetic and epigenetic mechanisms to ensure deregulation of
key biological pathways that would favor expansion of the malignant clone. Aberrant methylation of these genes has been previously reported in the context of leukemias as well as solid tumors
(17, 53, 54), which indicates that epigenetic deregulation of these
key regulatory genes is indeed a frequent event in tumorigenesis.
A better understanding of the mechanisms through which malignant cells deregulate central pathways to ensure their proliferation
and survival advantage is central to the design of appropriate therapeutic targeting strategies. By combining several high-throughput
platforms and integrating genetic and epigenetic information, we
demonstrated that these 2 mechanisms of regulation both played a
key role in regulating the transcriptional program in ALL, thereby
contributing to the determination of disease phenotype.
Methods
Patient samples. The cohort, composed of 167 children with ALL treated at St.
Jude Children’s Research Hospital between 1988 and 2007 (primarily on the
St. Jude Total XIII and Total XV protocols; refs. 55, 56), included 123 B-ALL
cases, with high hyperdiploidy (>50 chromosomes; n = 26), TCF3-PBX1 (n = 9),
ETV6-RUNX1 (n = 27; 2 with iAMP21; ref. 57), BCR-ABL1 (n = 19), CRLF2r
(n = 11; 2 with iAMP21; refs. 29, 58), a recently identified group with a dis3108

tinct gene expression profile and alteration of ERG (n = 11; ref. 59), and MLLr
(n = 20); 14 cases with normal, pseudodiploid, or miscellaneous karyotype;
and 30 T-ALL cases, 4 of which had MLLr, and 7 of which had early thymic
progenitor immunophenotype (refs. 60, 61, and Supplemental Table 1). We
also studied 19 normal B cell samples flow sorted from the bone marrow of
healthy children as controls, including pro-B cells (CD34+CD19– surface Ig
negative [sIg–]), pre-B cells (CD34+CD19+sIg–), and mature B cells (CD34–
CD19+sIg+); and 8 CD3+ T cell samples purified from peripheral blood apheresis samples of healthy donors by MACS separation (Miltenyi Biotech).
DNA methylation microarrays. All samples had >80% leukemic cells, or
were flow sorted to >90% purity prior to DNA extraction, as previously
described (62). High–molecular weight DNA was isolated from leukemic
cells using phenol-chloroform extraction. The HELP assay was carried
out as previously described (63, 64), and samples were hybridized onto a
custom human promoter array covering 25,626 HpaII amplifiable fragments (HAFs; representing approximately 50,000 CpGs), annotated to
approximately 14,000 genes (design ID 4802; Roche NimbleGen). HAFs
are defined as genomic regions contained between 2 flanking HpaII restriction sites found 200–2,000 bp apart. HAFs were first realigned to the hg19
build of the human genome, then annotated to the nearest transcription
start site (TSS), allowing for a maximum distance of 5 kb from the TSS.
Hybridization and scanning were performed as previously described (65,
66). Quality control for regional artifacts and dye bias was performed on all
hybridizations following standard procedures for HELP microarrays (67),
and any arrays that failed were repeated. After summarization of probe-level data into probe sets, background subtraction, and log2 transformation,
simple quantile normalization was performed on each channel separately,
and the log ratio was then calculated for each sample.
Microarray gene expression profiling. RNA was extracted from leukemic cells
using the TRIzol method, and gene expression profiling was performed
using Affymetrix U133A arrays (Affymetrix), in accordance with the manufacturer’s protocols and as previously described (31), for 154 patients (Supplemental Table 1). Gene expression signals were scaled to a median value
of 500 using the Affymetrix MAS 5.0 algorithm. Probe sets with absent
calls for all samples were excluded, and probe set signals were variance stabilized by adding the number 32 and subsequently log2-transformed.
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Table 2
Epigenetic alterations of genes known to be targeted by genetic lesions
Probe set ID
MSPI0406S00051138
MSPI0406S00105314
MSPI0406S00172018
MSPI0406S00190765
MSPI0406S00206423
MSPI0406S00236827
MSPI0406S00245296
MSPI0406S00245296
MSPI0406S00246208
MSPI0406S00246988
MSPI0406S00313248
MSPI0406S00332322
MSPI0406S00413998
MSPI0406S00456710
MSPI0406S00456726
MSPI0406S00527728
MSPI0406S00529872
MSPI0406S00559727
MSPI0406S00560646
MSPI0406S00569313
MSPI0406S00569314
MSPI0406S00605756
MSPI0406S00652617
MSPI0406S00653361
MSPI0406S00700800
MSPI0406S00841422
MSPI0406S00945435
MSPI0406S00947092

Symbol

Refseq

Abnormality

Probe set location

No. cases

NRAS
THADA
ARPP-21
CD200
PIK3CA
ARHGAP24
GAB1
GAB1
NR3C2
FBXW7
HIST1H2BE
GRIK2
MSRA
CDKN2A
CDKN2B
PTEN
BLNK
LMO2
RAG2
PLCB3
PLCB3
KRAS
RB1
DLEU7
ATP10A
PTPN2
RUNX1
ERG

NM_002524
NM_001083953
NM_001025069
NM_001004196
NM_006218
NM_031305
NM_207123
NM_207123
NM_001166104
NM_033632
NM_003523
NM_001166247
NM_012331
NM_058197
NM_078487
NM_000314
NM_013314
NM_005574
NM_000536
NM_000932
NM_000932
NM_004985
NM_000321
NM_198989
NM_024490
NM_080423
NM_001122607
NM_182918.3

Hypermethylation
Hypermethylation
Hypomethylation
Hypomethylation
Hypomethylation
Hypomethylation
Hypermethylation
Hypermethylation
Hypomethylation
Hypomethylation
Hypomethylation
Hypermethylation
Hypomethylation
Hypermethylation
Hypermethylation
Hypermethylation
Hypermethylation
Hypermethylation
Hypomethylation
Hypomethylation
Hypomethylation
Hypomethylation
Hypermethylation
Hypomethylation
Hypomethylation
Hypermethylation
Hypermethylation
Hypomethylation

Gene body
Upstream of TSS
Upstream of TSS
Gene body
Upstream of TSS
Gene body
Upstream of TSS
Upstream of TSS
Gene body
Upstream of TSS
Upstream of TSS
Gene body
Upstream of TSS
Upstream of TSS
Upstream of TSS
Upstream of TSS
Gene body
Upstream of TSS
Gene body
Upstream of TSS
Upstream of TSS
Upstream of TSS
Upstream of TSS
Upstream of TSS
Upstream of TSS
Upstream of TSS
Upstream of TSS
Gene body

71
85
62
15
4
56
77
68
2
15
2
3
3
24
28
1
3
2
32
33
44
39
106
6
14
6
4
42

Quantitative DNA methylation sequencing by MassARRAY EpiTYPER. Validation of HELP data was performed on 21 randomly selected samples. MALDITOF mass spectrometry using EpiTYPER by MassARRAY (Sequenom)
on bisulfite-converted DNA was performed as previously described (68).
MassARRAY primers (Supplemental Table 11) were designed to cover the
flanking HpaII sites of 22 randomly selected HAFs, as well as all other
HpaII sites found up to 2,000 bp upstream of the downstream site and up
to 2,000 bp downstream of the upstream site, in order to cover all possible
alternative sites of digestion.
Clustering analysis. All microarray data analyses were performed using
R version 2.9.0. (http://www.r-project.org) and Bioconductor version 2.4
(http://www.bioconductor.org/; ref. 69). Unsupervised hierarchical clustering of HELP data was performed, with 1 – Pearson correlation distance,
followed by a Lingoes transformation of the distance matrix to a Euclidean
matrix (70) and subsequent clustering using Ward’s method. Initial analysis was performed on probe sets with across-patient SD >1 (n = 4,037) in
order to filter out uninformative probe sets. Gap statistic analysis (24, 25)
was used in order to identify the optimal cutoff of the tree, and the adjusted Rand index (26) was used to compare the extent of concurrence between
the clustering results and the underlying cytogenetic subtypes. To further
determine the stability of these clustering results, the hierarchical clustering was repeated at different SD cutoffs, and the gap statistic and Rand
index was determined for each.
Definition of DNA methylation signatures. 2 approaches were taken to
define the methylation signatures. Pairwise comparisons were performed using limma (27) on HELP methylation log 2(Hpall/MspI) ratios
at a Benjamini-Hochberg FDR (71) of <10%. A second criterion of an

absolute log 2 methylation delta of >1 between sample means, corresponding to a methylation difference of 20% or greater, was required
in order to ensure the capturing of most likely biologically relevant
methylation changes. We compared each B-ALL subtype with all other
B-ALL cases (excluding the normal B cell cohort), B-ALL versus T-ALL,
and T-ALL and B-ALL versus normal T and B cells. To identify epigenetic
lesions common to all ALL subtypes, ANOVA analysis was performed
across the normal B cells and the different B-ALL subtypes, followed
by adjustment of the P value using the Benjamini-Hochberg method
(71) and subsequent Dunnett’s post-hoc test using normal B cells as
the reference. Aberrantly methylated genes were identified for each of
the B-ALL subtypes compared with normal B cells, at P < 0.005 and
absolute methylation delta of >1.5 (corresponding to ≥25% methylation
change). Recurrently occurring epigenetic lesions in childhood ALL
were defined as genes that were aberrantly methylated in at least 7 of
the 8 B-ALL subtypes. To determine the methylation status of a set of
76 genes with frequent structural abnormalities in B-ALL (7, 8) relative to their status in normal B cells, HELP values were categorized into
the following 2 groups: methylated, log2(HpaII/MspI) < 0.5; unmethylated, log2(HpaII/MspI) > 1.5. log2(HpaII/MspI) values between 0.5 and 1.5
were considered uncertain. For each gene, the methylation status in the
normal B cells was determined. Abnormal methylation in B-ALL was
defined as any case in which the methylation status of a given gene fell in
the opposite category as that of the normal B cells for that gene.
Ingenuity and DAVID Pathway Analysis. For each ALL subtype, we performed Ingenuity Pathway Analysis and The Database for Annotation,
Visualization, and Integrated Discovery (DAVID; refs. 72, 73, and see
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below) Pathway Analysis using the entire HELP array as a user-defined
reference background and the observed DNA methylation signature at
FDR 0.1 and absolute log2 methylation delta of >1. In Ingenuity analysis,
both direct and indirect interactions were allowed.
Integration of methylation and gene expression profiling data. 2 approaches
were used. In a Refseq-centric correlation analysis to identify cis regulation, Pearson correlation coefficients for each Refseq annotated gene (74)
were first calculated among all possible pairs of methylation probe sets
and gene expression probe sets across the cohort or subgroups of interest
(e.g., all patients or B-ALL or T-ALL patients). The methylation-expression
probe set pair with the maximum absolute correlation coefficient was then
chosen for each Refseq gene. These coefficients were used to rank genes of
interest and generate heatmaps with highly correlated genes. Genes with
both gene expression and methylation FDR of <0.1, and for which gene
expression and methylation had a positive Pearson correlation (which,
given the nature of the HELP assay, translates to an inverse biological correlation) with P < 0.05 were considered highly correlated.
In a complementary approach, GSEA (30) implemented in R (www.
r-project.org) was used to examine the enrichment of the hypomethylated and hypermethylated gene sets in gene expression signatures of
each ALL subtype. Hyper- and hypomethylated gene lists for each methylation signature were generated, as defined by FDR of <0.1 and absolute methylation delta of >1.0. Gene sets with <10 or >500 genes were
excluded, and significantly enriched gene sets after 1,000 permutations
at FDR of <0.25 were reported.
To examine the association between gene expression and methylation in
high-hyperdiploid B-ALL cases, Affymetrix gene expression probe sets and
HELP methylation probe sets corresponding to the same Refseq genes were
ordered by chromosomal location; those below a limma FDR threshold of
0.1 (10%) were considered differentially expressed/methylated.
Data access. HELP microarray data are available at GEO (ref. 75; accession no. GSE44862). Gene expression microarray data are available at
GEO (accession no. GSE26281). A comprehensive archive of all tables and
figures generated by the analyses described above can be found at http://
stjuderesearch.org/site/data/ALL-Methylation.
Statistics. Gap statistic analysis (24, 25) was used in order to identify the
optimal cutoff of hierarchical clustering trees, and the adjusted Rand index
(26) was used to examine correlation between the clustering results and the
underlying cytogenetic subtypes. Limma (27) with FDR correction (typically 10%) and ANOVA with FDR and Dunnett’s post-hoc test were used
for supervised analysis of methylation signatures. Pearson’s correlation
was used to examine correlation of methylation and expression status. A
P value less than 0.05 was considered significant.
Study approval. The study fulfilled requirements of the Helsinki declaration and was approved by the IRBs of St. Jude Children’s Research Hospital
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