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Aberrant DNA methylation (DNAm) was first linked to cancer over 25 yr ago. Since then, many studies have associated
hypermethylation of tumor suppressor genes and hypomethylation of oncogenes to the tumorigenic process. However,
most of these studies have been limited to the analysis of promoters and CpG islands (CGls). Recently, new technologies
for whole-genome DNAm (methylome) analysis have been developed, enabling unbiased analysis of cancer methylomes.
By using MeDIP-seq, we report a sequencing-based comparative methylome analysis of malignant peripheral nerve sheath
tumors (MPNSTSs), benign neurofibromas, and normal Schwann cells. Analysis of these methylomes revealed a complex
landscape of DNAm alterations. In contrast to what has been reported for other tumor types, no significant global
hypomethylation was observed in MPNSTs using methylome analysis by MeDIP-seq. However, a highly significant
(P<107°°) directional difference in DNAm was found in satellite repeats, suggesting these repeats to be the main target for
hypomethylation in MPNSTs. Comparative analysis of the MPNST and Schwann cell methylomes identified 101,466
cancer-associated differentially methylated regions (cDMRs). Analysis showed these cDMRs to be significantly enriched for
two satellite repeat types (SATRI and ARLa) and suggests an association between aberrant DNAm of these sequences and
transition from healthy cells to malignant disease. Significant enrichment of hypermethylated cDMRs in CGI shores
(P < 107%°), non—-CGl-associated promoters (P < 10~*) and hypomethylated cDMRs in SINE repeats (P < 107°°) was also
identified. Integration of DNAm and gene expression data showed that the expression pattern of genes associated with CGI
shore cDMRs was able to discriminate between disease phenotypes. This study establishes MeDIP-seq as an effective method
to analyze cancer methylomes.

[Supplemental material is available for this article. The MeDIP-seq data from this study have been submitted to the NCBI
Gene Expression Omnibus (http:// www.ncbi.nlm.nih.gov/geo/) under accession no. GSE21714.]

The development of human cancer is driven by changes in the
genetic and epigenetic landscape of the cell. It is now clear that
epigenetic changes, such as the hypermethylation of tumor sup-
pressor genes and the hypomethylation of oncogenes, are hall-
marks of cancer and play a key role in the development and
maintenance of the malignant phenotype (Issa 2004; Laird 2005;
Baylin and Ohm 2006). Epigenetic alterations also appear to be
some of the earliest abnormalities occurring in the tumorigenic
process and have the potential to predispose stem/progenitor cells
to subsequent genetic alterations involved in tumor development
and progression (Feinberg et al. 2006) and, therefore, may repre-
sent good markers for early disease diagnosis. The role of aberrant
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DNAm in the development and progression of human cancer has
been studied in several tumors such as breast, prostate, lung, and
colorectal cancers (Santourlidis et al. 1999; Ordway et al. 2007;
Barault et al. 2008; Vaissiere et al. 2009). However, until recently
the majority of studies have focused on those regions where DNA
methylation (DNAm) was assumed to have the greatest functional
significance in the regulation of gene expression, such as pro-
moters and CpG islands (CGlIs). This has led to the identification of
many genes where differential DNAm in CGIs results in aberrant
gene expression and association with disease phenotype. However,
as only 7% of CpGs reside within CGIs, it is highly likely that many
potentially informative sites have not yet been analyzed (Rollins
et al. 2006). This was recently confirmed by the identification of
CGI shores as key DNAm gene regulatory sites (Doi et al. 2009;
Irizarry et al. 2009), and suggests a truly comprehensive map of the
DNAm landscape in human malignancies is yet to be defined.
Recently, next-generation sequencing technologies have
emerged as powerful tools to allow whole-genome profiling of
epigenetic modifications, including DNAm (Beck and Rakyan
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2008; Laird 2010). MeDIP-seq, for instance, combines methylated
DNA immunoprecipitation (MeDIP) with next-generation se-
quencing, provides an efficient approach for whole-genome
DNAm (methylome) analysis, and has been used to generate the
methylome of human spermatozoa (Down et al. 2008). Similarly,
whole-genome bisulfite sequencing (BS-seq) has recently been used
to generate the first single-base resolution profiles of DNAm in
human embryonic stem cells and differentiated cells (Lister et al.
2009; Laurent et al. 2010).

Neurofibromas (NFs) are benign tumors that originate from
Schwann cells (SCs) in a peripheral nerve sheath. Neurofibroma-
tosis type 1 (NF1) is predominantly an autosomal dominant neu-
rocutaneous disorder affecting one in 3000 individuals world-wide
and is caused by germline mutations of the NFI gene (Levy et al.
2004). However, it also occurs sporadically. Approximately 5%-—
10% of patients with NF1 develop malignant peripheral nerve
sheath tumors (MPNSTs) (Evans et al. 2002). Although the in-
cidence of MPNSTs is relatively low, only 43% of patients with this
diagnosis survive beyond 5 yr (Evans et al. 2002; Zhou et al. 2003).
We still do not understand the epigenetic or genetic alterations
driving the development of MPNSTs, or the molecular markers that
are associated with the development and progression of this dis-
ease. So far, few studies have assessed the DNAm state of MPNSTS,
and most of those have been restricted to the NF1 gene itself (Harder
et al. 2004) or selected CGIs and promoters (Gonzalez-Gomez et al.
2003). Nevertheless, these studies have identified differential DNAm
of several genes thought to be involved in MPNST development and
progression, including CDKN2A and MSH2 (Kawaguchi et al. 2006;
Titze et al. 2010). To provide a more comprehensive catalog of
DNAm differences in MPNST, we performed unbiased methylome
analysis of benign and malignant NF samples as well as controls.

Results

Methylome analysis was conducted on three pools of genomic
DNA extracted from 10 MPNST, 10 NF, and six normal non-neo-
plastic SC samples. SC samples were derived from biopsies and
expanded in culture. By using MeDIP-seq (Down et al. 2008), we
generated on average 65 million paired-end reads per cohort pool,
of which 72% could be uniquely aligned to the human genome
(build NCBI36) (Supplemental Table 1). Absolute DNAm values
were inferred for 100-bp windows using the Batman algorithm
(Down et al. 2008). To correct for potential bias in DNAm differ-
ences due to changes in copy number, sequence read counts were
normalized for copy number variation (CNV) prior to Batman
processing. CNV profiles were generated using the Affymetrix
Human SNP 6.0 microarray (Supplemental Fig. 1; Materials and
Methods). Due to the study design, which in this case involved
sample pooling, it is difficult to estimate the contribution made by
individual patients to specific CNVs. However, any CNV observed
will have to be present in a significant proportion of the samples in
order to be identified in the first place. The fact that we were able to
identify known CNVs associated with MPNSTs (e.g., loss of NF1 and
CDKN2A) confirmed our ability to detect common CNVs. After
normalization of the DNAm data for CNVs, there was no significant
difference in the number of DMRs found within regions of CNV gain
or loss compared with the control regions. Based on this methylome
analysis, we covered on average 67% (range, 65%-70%) of the ~26.7
million CpG sites in the haploid autosomal human genome refer-
ence sequence for each of the three methylomes (sex chromosomes
were removed from the analysis because of the pooled study design)
(Supplemental Fig. 2). Furthermore, saturation analysis indicates we

have sufficient reads to give reproducible genome-wide methylation
profiles (Supplemental Fig. 3; Chavez et al. 2010). We validated our
DNAm data for each cohort pool (R* = 0.78 for MPNSTSs, R* = 0.80 for
NFs, R? = 0.77 for SCs) using the Infinium Human Methylation 27K
BeadArray (Supplemental Fig. 4; Bibikova et al. 2009). Although
slightly lower, these results are consistent with previously reported
correlations between BeadArray and BS-seq (R* = 0.82) and between
MeDIP-seq and BS-seq (R* = 0.82) (Down et al. 2008; Bibikova et al.
2009; Smith et al. 2009; Gu et al. 2010). In addition, we further
validated our MeDIP-seq data by confirming the DNAm status of
three selected cancer-associated differentially methylated regions
(cDMRs; R? = 0.97) using targeted pyrosequencing (Supplemental
Fig. 5) and using BS-seq, which had a concordance of 77% with
Batman methylation scores across 64,943 CpG sites.

We first performed a comprehensive global analysis of the
three methylomes to identify major directional changes in DNAm.
This does not include balanced and undirectional changes in
DNAm, which will be described in the DMR section. Batman
DNAm scores for the individual CpG sites were categorized into
three DNAm states: low DNAmM (DNAm score, <40%), intermediate
(DNAm, 40%-60%), and high (DNAm, >60%) DNAm. As shown in
Figure 1, there was only a 0.7% change in global DNAm in MPNSTs
compared with NF and SC controls. This finding is in contrast to our
current understanding based on other cancer types, that cancer ge-
nomes undergo global hypomethylation with an average reduction
in DNAm of between 10% and 20% between cancer and normal
(Feinberg and Vogelstein 1983; Gama-Sosa et al. 1983; Ehrlich 2002).
We then analyzed CpG DNAm in a further 16 distinct genomic
features, including CGI and other regulatory regions, exons, introns,
and the repeat families annotated in the Ensembl database (Fig. 1).
This analysis revealed that the main targets of differential DNAm in
MPNSTs were satellite repeats (Fig. 1), with a significant (P < 107199
increase in the percentage of CpG sites with low DNAm within sat-
ellite repeats between SCs (33%) and NFs (39%) and MPNSTs (49%)).
Compared to this, the level of global DNAm across the most com-
monly studied and usually unmethylated CGIs (Baylin and Ohm
2006) remained quite similar for all three phenotypes (MPNSTs, 12%);
NFs, 10%; SCs, 11%) (Fig. 1B). Little change in the global DNAm of
other regulatory features such as CGI shores (Fig. 1C) and promoters
(Fig. 1D) as well as genic features (Fig. 1E-H) was observed.

One of the most commonly cited features of cancer epi-
genomes concerns directional hypomethylation of repeats (Ehrlich
2002; Wilson et al. 2007). Historically, repeat sequences proved to
be refractory to many analysis approaches (particularly array-based
approaches), but this was not a problem for the MeDIP-seq ap-
proach used here, which provided excellent coverage of all major
repeat types. In contrast to previous studies in other cancers (Dante
etal. 1992; Jurgens et al. 1996; Santourlidis et al. 1999), we did not
observe global hypomethylation of LINE repeats (Fig. 1J). In fact,
we saw a decrease (8%) in the proportion of low DNAm (<40%) at
CpGs between MPNSTs and SCs. Interestingly, analysis of the dif-
ferent subtypes of the LINE repeat family revealed different pat-
terns of global DNAm profiles, with L2 and L1 repeats showing an
increase in the proportion of highly methylated (>60% DNAm)
CpGs, whereas the L3 and L4 LINE repeats showed a decrease in the
proportion of highly methylated (>60% DNAm) CpGs in MPNSTs
(Fig. 1Q-T). SINE repeat elements (Fig. 1K) showed a small 6% de-
crease in the number of highly methylated CpGs between MPNSTs
and SCs (Table 1). However, the starkest difference in global DNAm
was observed in satellite repeats (Fig. 1L), with a large change in the
proportion of methylated CpGs seen during transition from the
normal to benign to malignant states. Although the pooling strategy
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Figure 1. Global DNA methylation profiles. (A-T) Global patterns of methylation in unique genomic

features from the Ensembl genome database (Ensembl 52). Shown are the color-coded methylation
states of CpGs for the MPNST, NF, and SC samples (x-axis). The mean Batman methylation states of
CpGs within a 1-kb window were calculated and categorized into low methylation (yellow, 0%-40%),
intermediate methylation (green, 41%-60%), and high methylation (blue, 61%-100%) for each ge-
nomic feature. MeDIP-seq/Batman CpG coverage (y-axis) shows the proportion of CpGs covered with
Batman methylation scores at low, intermediate, or high methylation levels. Coordinates for genomic
features were taken from the Ensembl genome database, with the exception of CGl shores, which were
defined as 2 kb on either side of the CGl, and promoters defined as 1 kb upstream of and 0.5 kb

downstream from the TSS.

employed in this study somewhat limited the sensitivity at which
rare DNAm changes could be detected, we have already showed
above that we were able to detect common changes that hold the
best potential for future diagnostic and prognostic markers.

Next, we carried out pairwise comparisons between the three
methylomes to identify DMRs associated with progression from
non-neoplastic SCs to benign NFs (n2bDMRs), progression from
benign NFs to malignant MPNSTs (b2mDMRs), cDMRs between
SCs and MPNSTs and tissue-specific DMRs (tDMRs) between
MPNSTs, and previously determined tDMRs between germline and
somatic tissues (Down et al. 2008; Irizarry et al. 2009). Since DNAm
at neighboring CpG sites is highly correlated up to 1000 bp (Eckhardt
et al. 2006), DMRs were defined as the average Batman DNAm
score over 1-kb windows with a minimum difference of =33%

(equivalent to the 95th percentile of
DNAm scores) in Batman DNAm score
between samples (Down et al. 2008).
Each 1-kb window was subsequently
mapped back to its nearest corresponding
genomic feature. By using this approach,
we identified 101,466 unique cDMRs
with a false discovery rate (FDR) of 3.7%.
These cDMRs can further be subdivided
into 48,391 hypermethylated and 53,075
hypomethylated ¢cDMRs (Supplemental
Fig. 2; Table 1). Interestingly, the lowest
number of cDMRs was identified in the
NF/MPNST comparison (b2mDMRs),
suggesting the benign methylome to be
more closely related to the malignant
than the normal methylome (Supple-
mental Fig. 2). Changing this threshold
from the 95th to the 90th and 99th per-
centiles of DMR scores (difference in
Batman DNAm score of =43% and
=27%, respectively) showed that the
numbers of DMRs associated with differ-
ent genomic features changed propor-
tionally with the change in threshold,
suggesting that the noise is evenly dis-
tributed across different genomic features.

We subsequently mapped all DMRs
to their nearest genomic feature (Table 2)
and performed an enrichment analysis
on the number of DMRs in unique ge-
nomic features. Analysis of these DMRs
showed significant (P> 10~%; range 10>~
107%%) enrichment of hypermethylated
cDMRs (Fig. 2) in all three sample types
(defined by cDMRs n2bDMRs and
b2mDMRs) in non-CGl-associated pro-
moters, CGI shores, LTRs, and LINEs, but
not in CGIs. Conversely, hypomethyl-
ated DMRs were enriched in non-CGI-
associated promoters, CGI shores, SINEs,
and satellites, but, again, not in CGIs
(Fig. 2). Although the observed number of
412 CGl-associated cDMRs (1.4% of total)
was statistically not significant, this does
not exclude them from having func-
tional relevance. Of all the DMRs, only
CGI shore-associated DMRs showed both
highly significant gain and loss of DNAm, emphasizing the spe-
cial role of DNAm at this genomic feature. The majority of the
CGl-associated cDMRs were hypermethylated (367, or 89%).

Table 1. Number of DMRs identified by comparison of MPNST,
NF and SC methylation profiles

DMRs Hypermethylated Hypomethylated
n2bDMRs 45,239 46,587
b2mDMRs 41,886 45,230
cDMRs 48,391 53,075

DMRs were defined as a change of >33% in Batman methylation score
between samples.
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Table 2. Number of DMRs in genomic features, comparing hypermethylated and hypomethylated cDMRs, b2mDMRs, and n2bDMRs

cDMRs

b2mDMRs n2bDMR

Genomic Feature

Hypomethylated Hypermethylated Hypomethylated Hypermethylated Hypomethylated Hypermethylated

Promoter 817 892
CGl-associated promoter 108 221
Non-CGl-associated promoter 709 671
microRNA 21 19
Introns 46,622 53,237
CGl 65 347
Exons 8,142 10,506
CGl shores 1,375 1,889
Gene 20,516 22,941
Satellite 1,338 109
LINE 21,337 29,098
SINE 41,054 26,305
LTR 10,320 11,102
Intronic satellite 18 20
Intronic LINE 7,459 12,054
Intronic SINE 17,076 13,195
Intronic LTR 2,128 2,833
Nonintronic satellite 1,320 89
Nonintronic LINE 13,878 17,044
Nonintronic SINE 23,978 13,110
Nonintronic LTR 8,192 8,269

570 779 778 428
55 158 73 30
515 621 705 398
19 24 24 22
40,584 47,266 51,084 45,744
28 188 36 48
6,046 10,980 10,132 7,261
857 1,621 1,410 906
17,163 20,849 22,849 19,264
1,018 118 224 117
17,884 24,332 23,043 24,054
26,058 27,139 47,479 27,341
8,238 10,097 10,327 9,829
10 19 5 9
6,191 10,317 9,969 9,259
10,297 15,149 24,945 12,061
1,660 2,727 2,760 2,327
1,008 99 219 108
11,693 14,015 13,074 14,795
15,761 1,190 22,534 15,280
6,578 7,370 7,567 7,502

Interestingly only 11% (44 hypermethylated and three hypo-
methylated) of cOMRs were within 3 kb of the nearest annotated
gene. Analysis of gene promoter regions identified a similar
number of hyper- and hypomethylated ¢cDMRs (892 hyper-
methylated, 817 hypomethylated) (Table 2; Supplemental Fig. 6).
When promoters were subdivided according to association or
nonassociation with CGIs, we observed a significant enrichment
of both hypermethylated (P = 9.9 X 10~*) and hypomethylated
cDMRs in non-CGl-associated promoters compared with no en-
richment of CGl-associated promoters (Fig. 2). No enrichment of
promoter-associated DMRs in bivalent chromatin domains was
observed. Similarly no enrichment of DMRs containing micro-
RNAs was observed. These data are consistent with the recent
finding that the majority of differential DNAm occurs outside CGIs
(Irizarry et al. 2009). Consequently, many previous studies using
CGl-biased profiling approaches have only assayed a fraction of
the differential DNAm potential in the tumorigenic epigenome.
As expected, the majority of cDMRs mapped to repeat elements
(Table 2). The propensity for hypermethylation of LINE repeat ele-
ments identified in the global analysis persisted (Fig. 3), with the
enrichment of hypermethylated cDMRs (P < 107199 n2bDMRs (P =
6.47 X 10732), and b2mDMRs (P = 4.33 X 10~7) in both intronic
and nonintronic LINE repeats (Fig. 3). Intronic and nonintronic
LINE cDMRs showed the largest level of enrichment and n2bDMRs
the lowest, raising the possibility that hypermethylation of LINE
repeats increases with disease progression. Contrary to LINE re-
peats, the other major class of repeats, SINEs, showed significant
enrichment of hypomethylated DMRs [cDMRs (P < 107199,
n2bDMRs (P < 107'%), and b2mDMRs (P = 2.48 X 10~%)] (Fig. 3).
Satellite repeats showed significant enrichment of hypo-
methylated DMRs, particularly those repeats in nonintronic re-
gions (c(DMRs, P < 107 '%; b2mDMRs, P < 10~ 1%) (Figs. 3, 4). Of the
1447 satellite repeat cDMRs, 1384 (107 hypermethylated, 1241
hypomethylated) mapped to regions outside of CNV. Only 13 of
the 1241 hypomethylated satellite cDMRs mapped to regions of
genomic loss. These data suggest that hypomethylation of satellite
repeats observed in the MPNST epigenome is not due to changes in

the underlying genomic copy number of these loci. It is also possible
that hypomethylation events, particularly in repeat regions, may be
under-called as a result of the removal of multi-mapping reads prior
to methylome analysis. However, as part of our methylome analysis,
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Figure 2. Relative DMR enrichment. Relative enrichment of DMRs in
CGl, CGl shore, promoter, and repeat regions (SINE, satellite, LTR, and
LINE), for hypermethylated (A) and hypomethylated (B) DMRs for the
three sample comparisons (n2bDMRs, b2mDMRs, and cDMRs). Relative
enrichment analysis was carried out on the number of DMRs in each ge-
nomic feature compared to the expected number. Features with signifi-
cant relative enrichment (P < 0.001) are highlight in red. The x-axis shows
the relative enrichment score; the y-axis, the relevant genomic features.
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Figure 3. Relative DMR enrichment of intronic and non-intronic re-
peats. Shown are the relative enrichment of unique repeats (SINE, satel-
lite, LINE, and LTR) located within introns and outside introns for
hypermethylated (A) and hypomethylated (B) DMRs. The x-axis shows the
level of relative enrichment; the y-axis, the relevant repeat type. Features
highlighted in red show significant enrichment (P < 0.001).

similar proportions of multi-mapping reads were removed from
both the normal and malignant methylomes (20.43% and 23.23%,
respectively), suggesting that we did not under-call hypomethylation
events. Further analysis of these DMRs according to satellite repeat
subtypes showed significant enrichment of hypomethylated
¢DMRs in the ARLa (P = 8.7 X 107°%) and SATR1 (P = 3.7 X 107%)
satellite repeats. Interestingly, we observed a progressive increase
in the enrichment of the hypomethylated ALRe DMRs during the
progression from non-neoplastic to malignant disease, whereas
DMRs in SATR1 repeats appeared enriched to a similar level in
n2bDMRs and ¢cDMRs with no enrichment in b2ZmDMRs, sug-
gesting that the hypomethylation of SATR1 repeats may be an
early event in the tumorigenic process. These data suggest that
specific subtypes of satellite repeats undergo preferential hypo-
methylation during tumorigenic development.

The DMR analysis revealed 3690 genes potentially involved
in MPNST development and progression (Supplemental Table 2):
for example, the hypermethylation of the promoter region of
MEST, a target of both loss of imprinting and hypermethylation in
multiple tumor types, including breast cancer and glioblastoma
(Pedersen et al. 2002; Martinez et al. 2009). Intriguingly, this study
also identified the hypermethylation of the promoter region of the
Wilms tumor gene, WT1, a tumor suppressor gene associated with
the development of several tumor types (Pelletier et al. 1991; Chen
etal. 2003). Consistent with previous studies of DNAm in MPNSTs,
we also found no difference in DNAm at the NF1 promoter (Luijten
et al. 2000; Harder et al. 2004; Fishbein et al. 2005), although we
observed the heterozygous loss of the NFI locus in the MPNST
samples (Supplemental Fig. 1). It has recently been suggested that

DNAm may impinge on the expression of microRNAs (Lujambio
et al. 2007). Although we did not observe any enrichment of ab-
errantly methylated microRNAs, several interesting candidate
microRNAs were shown to be differentially methylated. For exam-
ple, miR-124 mapped to a hypermethylated cDMR. This microRNA
has recently been shown to be a predictive DNAm biomarker for
high-grade disease in cervical cancer (Lujambio et al. 2007; Wilting
et al. 2010). In addition, we also observed hypomethylation of
miR-30, which has been shown to be up-regulated in a variety of
both hematological and solid malignancies (Volinia et al. 2010).

Recently, it has been shown that tDMRs frequently coincide
with ¢cDMRs (Irizarry et al. 2009). Comparison with these pre-
viously determined DMRs showed that 15% of the tDMRs and
14% of cDMRs were also sites of differential DNAm in MPNSTs,
including the hypomethylated oncogenes YESI, MATK, E2F3,
EGFR, and AFF1 and the hypermethylated tumor suppressor genes
TSC2, RUNX1, FOXD3, and RASSF1 among others.

To assess if the genes associated with cDMRs were enriched for
certain pathways or networks, we performed gene ontology (GO)
analysis (multiple test corrected P < 0.01). This analysis showed
hypermethylated promoter-associated cDMRs to be enriched for
genes involved in the regulation of transcription factor activity,
DNA binding, and cell surface receptor signaling and hypo-
methylated cDMRs to be enriched for genes involved in differen-
tiation and development, particularly brain and neural devolve-
ment. Hypermethylated CGI shore cDMRs showed enrichment
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Figure 4. DMR enrichment of satellite repeat types. Relative enrich-
ment of 19 satellite repeat types for hypermethylated (A) and hypo-
methylated (B) DMRs. The x-axis shows the level of enrichment; the y-axis,
the relevant genomic features. Features highlighted in red show signifi-
cant enrichment (P < 0.001).
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for genes involved in cell adhesion and regulation of transcription,
along with genes involved in neurogenesis. The latter was also
observed for CGI shore n2bDMRs, suggesting that genes in this
ontology may be involved in the early development of MPNSTs.

Finally, we explored the relationship between differential
DNAm and gene expression by integrating our DNAm data with
published gene expression data from NFs and MPNSTs (Henderson
et al. 2005; Miller et al. 2009). We next asked whether gene ex-
pression correlated sufficiently with aberrant DNAm to discrimi-
nate between benign and malignant disease phenotypes. We per-
formed partition clustering of the MPNST and NF samples using
the expression of genes associated with b2mDMRs in CGIs, CGI
shores, or promoters. The expression patterns of genes associated
with CGI shore hypermethylated and hypomethylated b2mDMRs
were able to discriminate between the MPNST and NF phenotypes,
significantly better (P = 0.0001) than expected by chance (Fig. 5). We
also observed significant discrimination between the MPNST and NF
samples based on the expression of genes associated with hyper-
methylated non-CGlI-associated promoter b2ZmDMRs (P = 0.0003).
No association was seen between gene expression and CGlI-as-
sociated promoter b2mDMRs (hypermethylation, P = 0.1057;
hypomethylation, P = 0.129) or hypomethylated promoter-asso-
ciated b2mDMRs (P = 0.797).

Integration of gene expression data also allowed the identifi-
cation of several candidate genes involved in the development and
progression of MPNST. For example, we observed hypermethylation
and a concomitant reduction in gene expression of the tumor
suppressor gene SOX 10 (P=0.00054) (Fig. 6C; Miller et al. 2006). We
also observed reduced expression and hypermethylation of
CDKN2A (P = 0.00004), implying that the suppression of the
CDKNZ2A locus in these tumors may be driven by increased DNAm
(Fig. 6D) as well as genomic loss (Supplemental Fig. 1) in MPNSTs
(Nielsen et al. 1999).

A) @ MPNST
@ NF
- - T T
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Figure 5. Clustering of MPNST and NF samples using the expression of
genes associated with b2mDMRs. (A) The expression level of 1056 genes
that contain a hypermethylated b2mDMR in associated CGl shores were
used to cluster the MPNST and NF samples. (B) Clustering of the MPNST
and NF samples based on the expression of 667 genes associated with the
non-CGl-associated promoter b2mDMRs. The two major branches of the
dendrogram correspond to a MPNST cluster and NF cluster, respectively.
(B) Clustering of the MPNST and NF samples based on the expression of
genes associated with hypermethylated non-CGl-associated promoter
b2mDMRs. Columns represent individual samples (MPNST, red; NF,
blue). (C) Clustering of the MPNST and NF samples based on the ex-
pression of genes associated with the hypermethylated CGl-associated
promoter b2mDMRs.
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Discussion

Many studies have shown that epigenetic changes play an im-
portant role in cancer development (Ehrlich 2002). However, our
knowledge of how changes in DNAm impinge on the neoplastic
genome is largely still limited to its effect on CGIs. In order to
elucidate the impact of aberrant DNAm on cancer development,
we have carried out a whole-genome comparative methylome
analysis of MPNSTs, benign NFs, and normal non-neoplastic SCs.
This analysis reveals a complex pattern of epigenetic changes
during disease progression, the majority of which occur outside of
regions previously assumed to be the predominant regions in-
volved in the epigenetic regulation of cancer.

Based on our methylome analysis, we identified satellite re-
peats to be the predominant target of aberrant DNAm in MPNSTs.
Although aberrant repeat DNAm has been observed before
(Weisenberger et al. 2005; Wilson et al. 2007), it has previously
been challenging to assess the DNAm state of individual repeats at
the whole-genome level due to the technical and physical limita-
tions of microarray- and PCR-based assays. Digressing from the
current understanding of repeat DNAm in human malignancies,
our data indicate that the statistically most significant change in
repeat DNAm is seen in satellite repeats rather than LINE and SINE
repeats. Furthermore, our analysis revealed two unique satellite
subtypes to be the main targets of hypomethylation, ARLa and
SATR1, which are predominantly located in nonintronic regions of
the genome.

A similar increase in hypomethylation was also observed in
benign neoplasms compared with non-neoplastic SCs. Analysis of
the DNAm of satellite repeats located in nonintronic compared
with intronic regions suggested that changes in global satellite
DNAm occur predominately in nonintronic regions. These data
suggest that aberrant DNAm of satellites may be an early and es-
sential step in the tumorigenic process (Saito et al. 2001; Wong
et al. 2001). The distinct DNAm patterns associated with different
types of satellite repeats suggests that either regional or sequence-
specific determinants influence the propensity of satellite repeats
to undergo aberrant DNAm. It is therefore interesting to note that
specific satellite repeat sequences appear to be targeted by specific
members of the DNMT methyltransferase family (Robertson et al.
2004). However, as genomic instability does not appear to be a
common feature in MPNSTs (Serra et al. 1997; Kobayashi et al.
2006), aberrant satellite DNAm may result in altered expression of
nearby genes due to changes in chromatin accessibility by tran-
scription factors (Cadieux et al. 2006). It will be interesting to in-
vestigate further whether the distinct pattern of satellite repeat
DNAm observed in MPNSTs also occurs in other tumor types,
whether it is under sequence-specific control, and how it affects
the expression of nearby genes.

In addition to satellite repeats, the other major target for ab-
errant DNAm in MPNSTs is CGI shores, confirming the involve-
ment of CGI shores in a second lineage of human cancers in
addition to colorectal cancer (Irizarry et al. 2009). Previous studies
have suggested that these regions surrounding CGIs play a more
significant role in the regulation of gene expression than do CGIs
themselves (Doi et al. 2009; Irizarry et al. 2009). The balanced
number of hypermethylated and hypomethylated cDMRs in CGI
shores may further imply they are functionally implicated in
MPNST development, allowing both the activation of oncogenes
and the suppression of tumor suppressor genes. In support of such
a possible functional role for CGI shores, integration of the gene
expression data showed that the aberrant DNAm of CGI shores
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Methods

Clinical samples

This study complies with Central Office
for Research Ethics Committees stan-
dards (REC 07/Q0506/8). The material,
snap-frozen tissue, was obtained from the
histopathology department of The Royal
National Orthopaedic Hospital. The clini-
cal data were retrieved from the clinical
notes. The cohort studied consisted of NFs
with NF1 from 10 patients and MPNSTs
from 10 patients.

Primary human SCs were isolated
from 10- to 15-cm lengths of human sci-
atic/brachial nerve from amputation
specimens from patients without NF1 or
nerve sheath tumors. The protocol was
adapted from that described by Muir and
Manthorpe (1992). Briefly, after removal

of the perineurium, the nerve was cut
into ~2-mm transverse sections with a
scalpel and placed in cell culture plates
with hSC medium, containing DMEM/
F12 supplemented with 2 uM of Forskolin
(Calbiochem), recombinant GGF (20 ng/

§

D

CDKN2A

mL; R&D Systems), 3% FCS (Invitrogen),
kanamycin monosulfate (80 pg/mL;
Sigma), and gentamicin (40 pg/mL;

Regulatory
features

sc ]
[ .
Mmmel

Metrytabon

NF
MPNST 1}

GIBCO). The plates were incubated at
37°C and 5% CO, and fed every 2-3 d for
2-3 wk. Then the nerve fragments were
dissociated overnight at 37°C with a mix-
ture of 300 U/mL collagenase Type XI
(Sigma) and 1.25 U/mL of Dispase (Roche)
containing the antibiotics kanamycin/

Figure 6.
expression in NFs (blue) and MPNSTs (red) for SOX10 (A) and CDKN2A

nization of the gene (black) with genomic regulatory features (blue) and CGls (red) and the Batman
methylation profiles for the three disease states (MPNSTs, NFs, and SCs) for SOX10 (C) and CDKN2A (D),

respectively.

had a stronger association with gene expression than did aber-
rant DNAm of CGIs. Although the independent expression data
correlate well with our pooled methylation data, the conclusions
drawn from the integration of the two data sets must be viewed
in the context that both data sets were derived from different
individuals and other explanations may exist. Furthermore, the
high degree of overlap between DMRs from other cancer types
(Irizarry et al. 2009) suggests that these regions may constitute core
sites of aberrant DNAm involved in the development and pro-
gression of human malignancies, a concept consistent with the
epigenetic progenitor model of cancer (Feinberg et al. 2006).

In summary, we have performed a comparative methylome
analysis of normal SCs along with benign and malignant nerve
sheath tumors. Our data show the suitability of MeDIP-seq to in-
vestigate cancer methylomes and to identify novel sites of differ-
ential DNAm, which constitute potential biomarkers for disease
development and progression in human malignancies. However,
further work is necessary to assess the biological function and
clinical utility of such epigenetic biomarkers in the development
and progression of MPNSTs.

Example of genes displaying differential gene expression and methylation. (Top) Gene

gentamicin. The single cell suspension was
then plated into 1X Poly-L-Lysin/Lam-
inin-coated tissue culture plates (Sigma)
and incubated at 37°C 5% CO, for an-
other few days before CD271 (low-affinity
nerve growth factor receptor, LNGFR)-
positive cells were selected by MACS ac-
cording to the manufacturer’s instruc-
tions (Miltenyi Biotec Ltd.). After selection, the nucleic acid was
extracted.

(B). (Bottom) Genomic orga-

MeDIP-seq

Five micrograms of pooled DNA from each sample cohort was
sonicated to between 50 and 350 bp. Sonicated DNA was then
subjected to Illumina’s paired-end library preparation and MeDIP
enrichment as previously described by Down et al. (2008). Next-
generation sequencing (50-bp paired-end reads) was performed on
pooled libraries (size-selected to be between 150 and 200 bp for
MPNSTs and between 100 and 150 bp for NFs and SCs) for each
pooled sample type. Failure of the MPNST 100- to 150-bp library
resulted in the larger library (150-200 bp) being sequenced for
MPNSTSs. To assess if different library sizes effected enrichment, we
assessed the relative representation of fragments containing the
same number of CpG sites. This showed the enrichment of frag-
ments with the same number CpGs to be similar across samples
(Supplemental Fig. 5). Reads were mapped to the human genome
reference sequence (Build 36) using the alignment software MAQ
(http://magq.sf.net/) (Li et al. 2008). Reads with a MAQ score of <10
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were removed from the subsequent downstream analysis. Absolute
DNAm states were inferred from raw reads using the Batman al-
gorithm as previously described by Down et al. (2008). The MeDIP-
seq data have been deposited in GEO under accession no.
GSE21714.

BS-seq

BS-seq was performed as previously described (Lister et al. 2009).
One microgram of pooled DNA from MPNST was sonicated to
between 50 and 350 bp. Sonicated DNA was then subjected to
Illumina’s paired-end library preparation, with the exception
that 5-methyl-cytosine—containing paired-end adapters were used.
Adapter ligated fragments were bisulfite converted using the EZ DNA
methylation kit (Zymo Research) and subsequently size-selected by
Agarose gel electrophoresis. Size-selected libraries between 250 and
350 bp were then subjected to 18 rounds of amplification prior to
sequencing on the Illumina GAIlx. We mapped 75-bp-long raw reads
using the Bismarck software (http://www.bioinformatics.bbsrc.
ac.uk/projects/bismark/). For mapping quality assurances, the first
10 bases were removed from each read prior to mapping. DNAm
states were inferred from raw reads using the SeqMonk package
(http://www.bioinformatics.bbsrc.ac.uk/projects/seqmonk/). Concor-
dance with the Batman methylation score was assessed for those CpG
sites covered by at least 10 reads.

Pyrosequencing

One microgram each of pooled DNA from the MPNST, NF, and SC
samples was bisulfite-treated using a EZ DNA methylation kit
(Zymo Research). Bisulfite-treated DNA was used for generating
PCR-amplified templates for pyrosequencing using target specific
primers (Supplemental Table 3). Ten microliters of the biotinylated
PCR product was sequenced according to the manufacturer’s rec-
ommendation. Pyrosequencing was carried out on the PSQ HS 96
System and PyroMark MD System using Pyro Gold Reagent kits
(Biotage). Methylation was quantified using Pyro Q-CpG Software
that calculates the ratio of converted Cs (Ts) to unconverted Cs at
each CpG and expresses this as a percentage of DNAm. Average
DNAm across the target region was determined for each sample
and compared to the Batman and Infinium DNAm scores.

CNV profiling

Pooled DNA from each of the sample cohorts were interrogated
for CNVs using the SNP 6.0 Arrays (Affymetrix). Arrays were
processed in accordance with the manufacturer’s instructions.
Changes in CNVs for each sample were inferred using a hidden
Markov model algorithm (Zhao et al. 2004). Regions of gain were
called using a cut-off of 2.3 copies, and regions of loss were called
using a cut-off of 1.7 copies; regions were only called altered if
a minimum of 10 loci were above (or below) the threshold. Raw
MeDIP-seq read counts were normalized to correct for any bias
introduced by changes in genomic copy number by dividing the
sequence read count number by the change in copy number. Sex
chromosomes were removed from the analysis because of the
pooled study design.

Global DNAm analysis

Changes in global DNAm were assessed by binning CpG DNAm
levels into three states: low DNAm (<40% DNAm), intermediate
DNAm (40%-60% DNAm), and high DNAm (>60% DNAm). The
significance of differences in global DNAm was assessed using the
Fisher test in Bioconductor (Gentleman et al. 2004).

DMR identification

To detect regions of differential methylation between disease
phenotypes and non-neoplastic SC controls, we screened genomic
windows of 1 kb. For each window, the Batman methylation scores
(100 bp) were averaged and compared between sample cohorts.
Using the distribution of differences between sample methylation
scores, we defined a conservative threshold for calling DMRs which
was based on the 95th percentile of the difference in methylation
score. This resulted in a difference in methylation score of =33%
between samples being considered as DMRs.

To assess the FDR in the DMR calling, we randomized the
Batman DNAm scores for each sample and repeated the DMR
analysis (10,000 permutations). This analysis gave an FDR of 3.7%
across the genome.

To investigate if DMRs were enriched among certain struc-
tural genomic features we used the epitools R-package to compute
odds ratios for any given structural genomic feature (e.g., CGI)
against all other feature types. Significance of odds ratio values was
calculated using median-unbiased estimation (mid-p). Since fea-
ture types differed greatly in terms of the total number of 1-kb
windows that mapped to each of them, thus resulting in large
differences in the expected variance for each genomic feature type,
we computed and displayed an enrichment score, which measured
the number of 1.96 sigma deviations from the null value of 1.
Specifically, the relative enrichment score for hypermethylated (or
hypomethylated) DMRs to be of a given feature type fis given by

ORf — 1
ERf =
"= D2

where OR is the odds ratio for feature type f, and D is the esti-
mated 95% confidence interval (—1.96 X sigma, +1.96 X sigma).
Thus, the variance is scaled out allowing for a more suitable
graphical representation of the significance of OR values.

GO analysis

GO analysis was performed to find enriched categories using the
GOstats package in Bioconductor (Gentleman et al. 2004). P-values
were multiple test corrected in order to reduce false-positive rates. GO
terms with adjusted P-values of <0.01 were considered significant.

DNAm profiling using Infinium human 27K BeadArrays

One microgram of pooled DNA from MPNST, NF and non-neo-
plastic SCs was bisulfite converted using the EZ DNA methylation
kit (Zymo Research). The samples were then hybridized to 27K
BeadArrays according to the manufacturer’s recommendation. The
BeadStudio software (Illumina) was used to infer methylation
scores from image intensities. Two technical replicates of each
sample were run and data averaged for subsequent analysis.

Gene expression analysis

Gene expression analysis was performed using publically avail-
able data (MPNSTs, n = 10; NFs, n = 27) (Henderson et al. 2005;
Miller et al. 2009). Gene expression data were derived from raw
intensities using RMA (Irizarry et al. 2003). As the two data sets
were from two different Affymetrix gene expression platforms,
U95 (Henderson et al. 2005) and U133Plus2 (Miller et al. 2009),
only the common probe sets (22218) between the two platforms
were used in the feature analyses. DMRs and gene expression data
were associated by Ensembl ID number. Significant differential
gene expression was assessed using the LImma package in Bio-
conductor (Gentleman et al. 2004), and P-values were corrected
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for multiple testing. Clustering of gene expression data by DMR
was carried out using the Cluster package in BioCondu-
ctor(Gentleman et al. 2004). Significance between expression and
sample phenotype was determined by carrying out 10,000 per-
mutations based on the same number of genes from each DMR
category.
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