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ABSTRACT OF THE DISSERTATION

Inter- and Intracellular Dynamics of DNA Methylation

by

Robert Field Shoemaker

Doctor of Philosophy in Chemistry

University of California, San Diego, 2010

Professor Wei Wang, Chair

CpG methylation in the human genome plays an important role in the
transcriptional regulatory network. | have explored the biology of this
epigenetic mark and | have developed tools that aid in methylation-related
analyses. Although most of the human genome is methylated, regions

involved in regulatory activity tend to be unmethylated. The methylation states
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of CpGs influence DNA-protein interactions. Since DNA methylation influences
transcriptional regulation, DNA methylation signatures discriminate among
phenotypes, such as cancerous cells versus healthy cells or differentiated

cells versus pluripotent cells.

To better study DNA methylation, | produced a new probe set,
Cpg220k, used in targeted bisulfite sequencing by Kun Zhang’s lab. This
involved surveying the literature for experiments that found regions of variable
DNA methylation and using other experimental data, such as DNasel
hypersensitivity data, that found candidates for likely differential methylation. |
produced padlock probes based on maximizing the bp coverage of these

regions while minimizing the cost of the experiment.

Using targeted bisulfite sequencing, | developed analytical tools that
allowed for inter- and intracellular analysis of CpG methylation data. | found
that methylation signatures accurately classify ES, fibroblast, and iPS cell
lines. Gene expression and methylation are negatively correlated at the TSS
but they are weakly correlated further down- and upstream from the TSS.
Further exploring fuzzily methylated CpGs (methylation frequencies between
.25 and .75), | found regions that exhibited allele-specific methylation. Many of
the ASM regions involved a SNP overlapping with a CpG site, thereby creating
sequence dependent ASM. Other ASM regions were likely products of

biological regulatory mechanisms.

XiX



| then created a pipeline that utilized the tools | developed for my
methylation analyses. | integrated the pipeline into a website
(http://wanglab.ucsd.edu/star/) so that other scientists can conveniently run
these analyses on their methylation data. Due to the increasing scale of
methylation experiments, | created the pipeline with the capability of handling
massive data sets that can exceed several billion reads. | made the tools that
were critical to my research publicly available in hopes to furthering the

scientific community’s understanding of DNA methylation.
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Chapter 1 Introduction to DNA Methylation

1.1 Introduction Overview

DNA methylation is an inherited epigenetic chemical modification that
occurs primarily on the cytosines in CpG dinucleotides. However, examples of
non-CpG methylation are found in plants and human embryonic stem cells(7-
3). The proteins DNMT1 and DNMT3a and DNMT3B are known to methylate
cytosines while protein families including MBD, SRA, and other zinc finger
proteins recognize the presence of methylated cytosines(4-73). DNMT1
maintains methylation patterns and this maintenance is required for normal
cell division(74-16). Originally thought to bind DNA due to its similar structure
and sequence to other members within the DNMT family, DNMT2 was later
found to specifically target RNA(74, 17, 18). DNMT3A and DNMT3B have de
novo methylation activity that is required for embryonic development(719).
Another protein, DNMT3L, co-localizes with DNMT3A and DNMT3B and it
enhances de novo methylation in vitro and in vivo(20-26). DNMT3L itself lacks
methyltransferase activity and thusly enhances methylation via its interaction
with DNMT3A. DNA methylation is widespread across many organisms,
including bacteria, insects, and mammals, and it is most commonly associated
with transcriptional silencing(27-30). As many repetitive regions and
transposons are methylated in various genomes, DNA methylation is thought

to act as a genomic defense mechanism that prevents the activation of these



sequences(37-34). DNA methylation is also present in genes and regulatory
regions, where it is correlated with transcriptional repression or activation
depending on its context. Given the regulatory effects associated with DNA
methylation, characterizing the methylation states of cytosines genome-wide
reveals the biological state of the host cell on a global scale(7-3, 35-37). This
introduction will discuss: (1) the biological meaning of DNA methylation
patterns on intercellular and intracellular levels, (2) explore the importance of
the mechanisms that erase these patterns, (3) discuss the role of transcription
factors in DNA methylation, and (4) review the presence of a new cytosine

modification, hydroxymethylcytosine, which is a product of DNA methylation.
1.2 DNA Methylation In Higher Eukaryotes

A comparison of DNA methylation patterns across 8 species revealed
many common features but also striking differences (Arabidopsis, green algae,
rice, poplar, honey bee, mouse, sea squirt, and zebrafish)(27). Repetitive
regions and transposons were enriched for CpG methylation relative to nearby
regions for all 8 organisms but these methylation patterns in sea squirt were
much weaker. Regions of high CpG density, which are known as CpG islands
(CGils), are mostly unmethylated in vertebrates (i.e. zebrafish and mouse) but
overall vertebrate methylation levels are high (70-80% global CpG
methylation). Non-CpG (CHG and CHH) methylation was found in all three
flowering plants; CHG and CHH methylation was enriched at transposons and

repetitive regions. CHH methylation describes a methylated cytosine followed



by two nucleotides that may not be guanine. CHG methylation entails a
methylated cytosine that precedes an adenine, thymine, or cytosine, followed
by guanine. Unlike CG or CHG methylation, CHH sites are strand specific,
which means, for example, a CHH site on the Watson strand is not found on
the reverse complementary Crick strand. Though exhibiting non-CpG
methylation, green algae’s CHH and CHG patterns showed no enrichment in
any particular genomic region. The remaining organisms displayed a much
lower percentage of non-CpG methylation. Vertebrates did not show a
significant enrichment of CpG methylation in exons relative to introns as was
seen in all three flowering plants. The honeybee, though displaying low levels
of global CpG methylation, displayed significant CpG methylation in exon
regions. Green algae showed very low global CpG methylation but exons were
more methylated. Sea squirt also showed preferential methylation of exon
regions. This conservation study shows that DNA methylation is present in
higher eukaryotes and that DNA methylation often targets certain genomic
regions. However, the targeted regions are not entirely consistent across all of

the 8 studied organisms.
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Figure 1.2.1 This figure shows the dissimilarity of cell types based on their methylation
frequencies from targeted bisulfite data that covered CpG islands on chr12 and chr20. Cell
types that are closer together share a more similar methylation signature. The fibroblasts,
PGP1F (Personal Genome Foundation 1 Fibroblast), BJ, IMR90, and hFib2 (human
Fibroblast), cluster closely together while the lymphoblasts PGPIL (Personal Genome Project
9 Lymphoblast), PGP3L, and PGP1L also cluster together closely. Regarding the pluripotent
cell lines, the ES cells (HUES12, HUES42, and HUES63) cluster very closely together. The
Hybrid1 cell line, which consists of fused nuclei from HUES6 and BJ, also clusters closely with
the ES cell group. The iPS lines appear to be much more similar to the ES cell group than the
differentiated fibroblasts and lymphoblasts but the iPS group exhibits a wider spectrum of
methylation signatures than the ES cell group or the two differentiate cell groups.



Since CpG methylation sites are known in a sequenced genome, one
can easily compare methylation signatures across intraspecies cell lines.
Genome-wide DNA methylation patterns are cell-type specific. Our group
performed targeted bisulfite sequencing of CpG islands across chr12 and
chr20 and found that the methylation frequency data clearly distinguished
between human embryonic stem cell lines, fibroblasts, and lymphoblast cell
lines (Figure 1)(38, 39). An additional study reported a conserved set of
regions that are uniquely methylated between human liver, spleen and brain
tissues(40). These differentially methylated regions tended to be located just
outside of CpG islands and were thusly called CpG island shores. Methylation
of these CpG island shores had a strong inverse relationship with the
expression of associated genes. The authors labeled 16,379 regions as
differentially methylated across examined tissues (T-DMRs) and the median
length of these regions was 255 bp. Extending this analysis to 13 colorectal
cancer cell samples with matched normal mucosal samples, the authors found
a separate set of differentially methylated regions (C-DMRs) that showed
significant differences in methylation between the normal mucosal and the
matched cancer samples. 45% of the 2,707 identified C-DMRs overlapped
with T-DMRs (p-value < 10™*), which showed that these many of these DMRs
could discriminate between both tissues and colorectal cancer. A continuation
of this study found 4,401 regions were differentially methylated in iPS cells
relative to the untransformed fibroblast cells (R-DMRs)(47). These R-DMRs,

similar to the C-DMRs and T-DMRs, overlapped significantly with CpG island



shore regions (over 70%). Many R-DMRs also overlapped with T-DMRs
(56%). These studies showed that DNA methylation signatures are unique

across many different types of cell lines.

1.3 DNA Methylation as a Clinical Biomarker

DNA methylation can classify cell types into subpopulations, which can
exhibit unique phenotypes. One cancer study examined the methylation
profiles of blast cells taken from 344 diagnosed acute myeloid patients(42).
Clustering these methylation profiles created 16 unique AML sub-type
clusters. Three of those patient clusters were defined by the WHO
classification(43), eight were enriched for specific genetic or epigenetic
lesions, and the remaining 5 could not be explained by current knowledge; all
of these subtypes were distinct when compared to normal bone marrow cells.
The authors used the methylation signatures of 18 methylation probe sets that
covered 15 genes and developed a classifier that predicted the overall survival
and event-free survival of an AML patient (p-value < .001, multivariate Cox
proportional hazards model). These authors showed that DNA methylation
signatures can act as biomarkers that foretell patients’ clinical outcomes.
Another study focused on breast cancer and used methylation signatures to
distinguish between the different breast cancer mutation types (BRCA1,
BRCAZ2, BRCAXx)(44). The authors report that DNA methylation profiling
predicted BRCA1, BRCA2, and BRCAXx tumors with error rates of 11%, 31%,

and 36%, respectively. Classification based on DNA methylation signatures



was significantly more accurate than using gene expression data, which
resulted in error rates of 11%, 44%, and 71%, respectively. However, the gene
expression data was able to cluster the breast cancer samples into intrinsic
subtypes (i.e. basal, luminal A, luminal B, HER2-amplified, and normal-like)
while the DNA methylation data could not(45). Another group used the DNA
methylation signatures from over 300 peripheral blood samples as an indicator
for ovarian cancer(46). Methylation studies involving colorectal cancer and
breast cancer have shown that peripheral blood samples can indicate the
presence of cancer when compared to healthy controls(47-57). Starting with
25,642 CpG sites, the authors found that a 100 CpG sites in peripheral blood
cells that accurately discriminated between healthy and pre-treatment ovarian
cancer patients. Using these selected 100 CpG sites, the authors were able to
correctly identify ovarian cancer samples (58 healthy samples and 43 pre-
treatment cases) with an AUC of .82. AUC, which stands for Area Under the
(ROC) curve, describes the ability of a test to detect true positives versus false
positives. Tests with AUC values close to 1 represent high true positive and
low false positive detection rates and AUC values close to .5 represent
discriminatory power that is similar to random selection. Tests with AUC less
than .5 perform worse than random selection. Comparing a sample post-
treatment population that showed signs of active disease with one that served
as a healthy control, the classifier correctly identified those active disease
patients with an AUC of .76. Finally the classifier was able to discriminate

between post-treatment samples showing active disease and post-treatment



samples without active disease (.74 AUC). Additional tests showed the CpGs
used in the classifier were not dependent on age. DNA methylation can be

used to predict cancer-related phenotypes as seen in these three studies.
1.4 Allele Specific Methylation

A mammalian cell contains a paternal and a maternal chromosome set.
Most biological activity is thought to be symmetrical across the paternal and
maternal chromosomes but there are regions where each parental allele is
regulated uniquely. Allele-specific methylation, ASM, (Figure 2a) is a common
feature of these regions and ASM can be coupled with allele-specific
expression, ASE (Figure 1.2.1). Imprinted genes consist of genes exhibiting
ASM and ASE in a parent-of-original specific manner. ASM near the loci of
these ASE genes reveals significant methylation differences where one allele
is significantly more methylated than the other. There are between 50 and 100
known imprinted genes in mouse and human(52-54). However, over 1,000
genes have been found to exhibit parent-of-origin allelic gene expression
effects in the mouse brain(55). Besides imprinting, ASM can also occur in a
manner that is independent of parental origin. This occurs in chromosome X
inactivation randomly but it has also been unexpectedly observed in numerous
autosomal regions(39, 56). This section explores ASM and places it in the

context of other regulatory mechanisms that co-occur at these sites.
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Figure 1.4.1 a) A schematic of typical ASM. The two alleles are represented separately as
blue and orange lines. A SNP distinguishes the alleles and the blue allele is methylated while
the orange allele is not. This is considered an ASM region. b) This figure shows a gene whose
promoter region is methylated in the blue allele and unmethylated in the orange allele. A SNP
site at the promoter distinguishes the alleles. Additionally, another SNP site in an exon
differentiates the alleles. This figure shows how ASM can be used to predict ASE behavior.
Additional haplotyping can associate the SNPs thereby allele specifically linking the
methylation status of a regulatory region to its expression. c) An instance of a SNP
overlapping with a CpG site in an ASM region. The SNP in this example disrupts a CpG site
such that the CpG site no longer exists in the orange allele. The ASM behavior seen in this
region may be caused by the SNP itself or the SNP/CpG overlap. d) An instance of a SNP
overlapping with a CpG site in a non-ASM region. Similar to c), the overlapped CpG site no
longer exists in the orange allele.
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1.4.1 Chromosome X Inactivation

The extensive research into chromosome X inactivation (XCI) has
illuminated a pathway for allele specific methylation via non-coding RNAs
(ncRNAs). To maintain proper dosage specificity in female cells, one
chromosome X copy is inactivated upon differentiation. The inactivated
chromosome is heavily methylated, compacted into a heterochromatic state,
and is largely transcriptionally silent. Experiments have shown that this
process is directed by large noncoding-RNAs, mainly Xist and TsiX, which are
regulated at the X-inactivation center(52, 57-62). Prior to XClI, the two X
chromosomes pair at and around the X-inactivation center(63-65). The pairing
and XCl initiation relies on the binding of Oct4 and CTCF at the XCI region(63,
66, 67).

Changes in the allele-specific transcription of TsiX and Xist loci initiate a
cascade that results in the methylation-mediated silencing of one copy of
chromosome X via a yet poorly understood counting mechanism(63, 68, 69).
Transcription of Xist is up regulated while TsiX is down regulated on the
selected X; chromosome (inactive chromosome X) while on X, (active
chromosome X), Xist is down regulated and TsiX is up regulated. On X; TsiX
has been shown to associate with DNMT3A at the Xist promoter region. This
leads to the de novo methylation of the Xist promoter and thusly the silencing
of Xist transcription on X,(70). Xist contains a RepA element to which PRC2

binds and this interaction recruits PRC2 to chromosome X(717, 72). As Xist
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transcription remains high on X;, Xist localizes to various locations across X;
and its recruitment of PRC2 leads to a chromosome-wide H3K27me3
modification of nucleosomes on Xi(62, 73). PRC2 then likely recruits DNA
methyltransferases to X; where it is globally methylated(74). The XCI process
reveals an RNA directed DNA methylation (RdDM) pathway in human.
Experiments have observed active RdADM pathways in Arabidopsis but there

are few such mammalian examples(2, 75-78).

1.4.2 Imprinted Genes

Imprint control elements (ICE) regulate the allele specific expression of
imprinted genes via its own methylated state. Imprinting patterns (i.e.
methylation states of ICEs) are formed during gametogenesis with paternal
ICEs methylated in sperm and maternal ICEs methylated during oocyte
growth(79-817). DNMT3A and DNMT3L are required for the establishment of
these imprinting patterns in both cell types and DNMT1 is necessary for
maintenance of these imprints(82, 83). Histone modifications may play a role
in the establishment of these methylation patterns. DNMT3A was shown to
recognize H4R2me2 modifications via its PHD motif; the recruitment of
DNMT3A leads to de novo methylation of nearby sequences, which was
shown in the beta-globulin locus(84). Another experiment has shown that
DNMT3L binds to H3 but it is repelled by the H3K4me3 modification(85). This
repulsion would prevent de novo methylation of regions marked for poised or

active transcription(86, 87). The methylation of ICEs results in the transcription
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of protein-coding genes in cis (e.g. GNAS, IGF2, PWS/AS, KCNQ1). Since
DNA methylation is associated with transcriptional silencing, this is an
unexpected consequence. DNA methylation at ICEs serves to repress
transcriptionally repressive factors, which explains its appearance as an
activator. Unmethylated ICEs can form insulators, which prevent mRNA
transcription, or unmethylated ICEs lead to the transcription of ncRNAs, which
then repress transcription of nearby protein coding genes in a cis fashion(88-
90).

Imprinting defects, which are seen as the improper establishment of
regional DNA methylation haplotypes (i.e. epi-haplotypes), are associated with
severe disorders. For example, imprinting defects in chromosome region
15q11.2-q13 are directly linked to Angelman Syndrome (severe
developmental delay) and Prader-Willi Syndrome (severe hypotonia)(97).
Imprinting defects within the imprinted GNAS7 gene lead to
Pseudohypoparathyroidism, which causes electrolyte imbalances and low-
levels of calcium in the blood(92, 93). Loss of imprinting at the H19|/IGF2
region leads to Beckwith—\Wiedemann syndrome (large body size, embryonal
tumors, and visceromegaly)(94). Allele-specific DNA methylation aberrations
also extend beyond imprinted genes. Experiments have shown the expression
of the X-linked gene MeCP?2 is tightly regulated in vivo. Mutations in this gene
cause Rett Syndrome while a 2x over expression of the gene leads to

neurological disorders(95). Severe phenotypes result from deviations from
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expected ASM patterns, which demonstrate the importance of a tightly

regulated methylation regulatory network.
1.4.3 General Allele-Specific Methylation

Beyond imprinted genes whose methylation patterns are determined
during gametogenesis, there are additional ASM patterns in mouse and
human. A human methylation-sensitive SNP analysis involving 12 samples
covering 6 tissues revealed 16 ASM candidates(56). The authors found that
12 of those sites strongly associated with nearby SNPs. Unlike in imprinted
genes where methylation patterns are determined by parent-of-origin, these
ASM sites were dependent on sequence. The authors labeled these ASM
regions as epi-haplotypes. Further studying ASM in human, a recent targeted
genome survey of CpG islands in chromosome 12 and chromosome 20 across
16 cell lines found that many CpGs with methylation frequencies between .25
and .75 (“fuzzily methylated regions”)(38, 39). Using SNPs to separate alleles
in order to explore areas of fuzzy methylation, the authors found between 23%
and 37% of heterozygous SNPs showed significant ASM behavior. Due to the
high CpG content of the targeted regions, many SNPs overlapped with CpG
sites and many of the ASM examples were due to sequence differences
between the alleles (Figures 2c and 2d). For example, a G/A heterozygous
SNP at the second position of a CpG dinucleotide would appear as a CG
sequence on one allele and a CA on another allele. The CA sequence would

then be completely unmethylated based solely on its sequence. Additional
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examples of ASM without SNPs at a CpGs were also found. Interestingly,
different ASM scales were detected as some regions contained only a single
CpG with ASM while other regions showed ASM spanning several CpGs. A
comparison across cell lines revealed that only 6% of ASM behavior was
conserved across cells that contained the same heterozygous SNP. Additional
experiments in mouse have found hundreds of candidate ASM regions
genome-wide(96). Examining 18 of those sites in detail, the authors found 15
of them showed the same methylation levels in the male germ line and were
only differentially methylated in somatic cells. Unlike imprinting, the
methylation states of these 15 sites are not determined until after fertilization,
which means a mechanism separate than imprinting is available for
establishing ASM. Many of the ASM regions in this study were associated with
sequence variants, which demonstrate the likely role of sequence specific
factors in regulating ASM in mouse(97-99). Another genome-wide analysis
showed that 2,704 SNPs displayed ASM and 90.3% of them were associated
with cis-acting ASM(700). ASM flipping has also been observed. ASM flipping
describes a SNP region where allele A is more methylated than allele B in one
cell line and allele B is more methylated than allele A in another cell line.
Instances of ASM flipping were found across cell line families in our targeted
bisulfite sequencing study(39). These studies validate the presence of cis-
dependent ASM in various cell lines in both human and mouse. In the
mammalian genome ASM occurs outside of imprinted regions, at different

scales, and may be regulated by cis-sequences.
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Recent experiments have shown that cell line clonality can lead to
biological artifacts and diminishes the in vivo applicability of results based on
clonal cell lines. A study found that about 20% of tested lymphoblastoid cell
lines were pauciclonal (consisting of only a few clones) or monoclonal(707). In
cell lines where only a few clones are present, sensitive allele-specific studies
may not reflect the whole cell population in vivo. Such clonal cell lines are
likely to exhibit artifacts like random mono-allelic expression, which mask the
biological signal found in the in vivo cell population. Affected studies include
gene expression and methylation studies. Another study found that many traits
(e.g. RNA transcript levels, drug responses) are highly variable across
lymphoblastoid cell lines and that gene expression is better explained by
artifacts (e.g. EBV copy numbers and growth rate) than by genetic
variants(702). However, another group that investigated multiple individual-
specific cell types showed that clonality did not significantly affect their ASE
results(703). Given these findings, experimentalists should account for the
clonality of their investigated cell lines when evaluating results, especially in
allele specific studies.

Linked with ASM in many cases, ASE has been observed to occur
randomly in clonal cell lines. Experiments comparing the ASE behavior of
clonal cell lines derived from B-lymphoblastoid cells revealed the presence of
a class of genes whose ASE behavior were random(704). This class describes
genes that are expressed on the paternal, maternal, or both alleles across

clones. Such genes are spread throughout the genome and do not cluster



16

together in enriched locations. Many of the genes (80%) that showed
monoallelic expression in at least one clonal cell line showed biallelic
expression in other clonal lines. This demonstrates that these genes can be
expressed from either allele or both simultaneously. Overall 5%-10% of human
autosomal genes were found to be randomly monoallelically expressed.
Additional studies need to be performed to demonstrate the prevalence of
random monoallelic expression outside of the B-lymphoblastoid cell lines
investigated in this paper. Connecting DNA methylation to ASE remains an
interesting challenge but methylation studies have the potential to explain
many of the recently observed ASE phenomena, including random monoallelic

expression.

1.5 Methylation Pattern Erasure: iPS and PGC
Dynamics

Reprogramming involves the activation of a small set of transcription
factors within a differentiated cell, which transforms the cell into an ES-like
state(705-108). The ability to reprogram differentiated cells into a pluripotent
state raises hopes for improved transplantation and disease therapies. An
issue with transforming cells into induced pluripotent stem (iPS) cell lines is
the low transformation efficiency (< .1%). The activation of certain transcription
factors during transformation may bias the iPS cell towards certain

differentiated cell types or lead to tumorigenesis(706, 109). In order for iPS-



based therapies to become widespread, iPS transformation efficiency and

safety must be improved(708, 110-115).
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Figure 1.5.1 a) This figure shows the methylation status of H1 (ES cell) and IMR90 (fibroblast
cell) across a 3 kb region of chromosome 6. Each vertical bar represents a CpG site whose
color is dependent on its methylation level. The arrow indicates the promoter of POU5SF1,
which codes for the Oct4 protein, a master regulator of pluripotency in ES cells. The promoter
is unmethylated in H1, where Oct4 is transcribed, and methylated in IMR90, where Oct4 is
repressed. Regions upstream of the POUSF1 promoter show larges swaths of differential
methylation. Successfully reprogramming involving large methylation changes in such areas.
b) A detailed view of the DNMT3B TSS site across 13 cell lines. The arrows indicate CpG
sites that show cell type specific methylation. The iPS lines have methylation signatures that
match the ES cells instead of their pre-transformed cell types. PGP_1 is a lymphoblastoid cell
line while PGP1_F, IMR9O0, BJ, and hFib2 are fibroblast cell lines. PGP1_iPS1 was
transformed from the PGP1 fibroblast. HUES12, HUES42 and HUES63 are embryonic stem
cell lines.
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1.5.1 Methylation and iPS Reprogramming

During differentiation, which is reversed during iPS transformation,
massive changes in methylation occur genome-wide. Genome-wide
methylome constructions of a fibroblast, IMR90, and an ES cell, H1, have
revealed that many regions of the IMR90 genome are methylated at much
lower frequency than in H1(Figure 1.3.1a)(7). However, the authors found 491
regions where IMR90 was more methylated than in H1 (Differentially
Methylated Regions, DMRs). The 139 genes associated with these DMRs
showed higher expression in H1 relative to IMR90 and 113 genes showed
lower expression. The majority of these genes had DMRs within 2 kb
upstream from the TSS or 5-UTR. The H1 cell line also showed non-CpG
methylation (CHH and CHG) throughout the genome while only CpG
methylation was present in IMR90. Relating the methylation signatures of iPS
cells to fibroblasts and ES cells, a targeted bisulfite study showed that the
methylation signatures of human reprogrammed cells from two fibroblast cell
lines clustered closely to ES cells and were distinct from their respective
untransformed cell lines (Figure 1.3.1b)(38). However, the iPS cell lines were
still distinguishable from ES cell lines, showing that differences between the
iPS cell lines and ES cell lines exist. This difference was also found in another
study where iPS cells had regions with methylation signatures that were
dissimilar to both ES cells and their respective untransformed cell lines(47).

These studies show that there are significant methylation differences between
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ES and differentiated cells. Successful iPS transformation involves massive
methylation changes in order for a differentiated cell to arrive at a pluripotent

state.
1.5.2 DNA Methylation Erasure During Reprogramming

Reprogramming involves DNA demethylation and inhibiting DNA
demethylation thusly diminishes reprogramming efficiency. A mammalian
protein associated with demethylation is activation-induced cytidine
deaminase, AID, which is a 5-meC deaminase. AID was first discovered as a
necessary component in Class Switch Recombination and high levels of
Somatic Hypermutation processes, which take place within B-cells(776-118).
Initially thought to be expressed only in immune cells, further research showed
that AID was also expressed in pluripotent cells(779). AID’s association with
demethylation stems from its conversion of methylated cytosines to
thymines(720, 121). The converted base is removed via G:T mismatch repair,
which, for example, can be performed by Mbd4(719, 122, 123). Demonstrating
that the protein AID is important in iPS reprogramming, a group used mouse
ES cells fused with human fibroblasts cells to show that AID regulates the
transcription of Oct4 and Nanog(724). The fusion of a mouse ES cell and a
human fibroblast cell creates a heterokaryon and this process efficiently
produces iPS cells. 70% of heterokaryons expressed high levels of human
Oct4, Nanog, and GAPDH (control) transcripts on the third day after fusion.

Noticing that AID transcripts were found in the heterokaryons and that AID
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was bound to the methylated promoter regions of Oct4 and Nanog in human
fibroblasts, the authors used several siRNAs that recognized different regions
on the AID transcript to knock down AID in both the mouse ES and human
fibroblast cells. These siRNAs were then transfused into both cells lines 24
hours before the cells were fused. Oct4 and Nanog expression levels were
reduced by at least 80% in the AlD-knockout heterokaryons relative to the
control and bisulfite sequencing revealed significant methylation at the
promoter regions of Oct4 and Nanog relative to the control. The results show
that the presence of AID likely leads to demethylation at Oct and Nanog
promoters, which results in their transcription. Although the knockdown of AID
resulted in a significant inhibition of iPS reprogramming, over expression of
AID did not change the efficiency of iPS reprogramming. The discovery of
AID’s activity during reprogramming does not exclude the possibility of other
factors being involved in DNA demethylation. Additionally, the details of AID’s
demethylation mechanism in pluripotent cells are still unknown. Additional
research is needed to eliminate these ambiguities and undoubtedly show that
AID is a necessary factor in active DNA demethylation. Given these caveats,
this experiment demonstrates the role of AID in demethylation is important for

the reprogramming of somatic cells into a pluripotent state.

1.5.3 Primordial Germ Cell Methylation Erasure

In additional to affecting reprogramming efficiency, AID has been

shown to play a role in DNA demethylation in primordial germ cells (PGCs).
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The erasure of DNA methylation patterns, including those in imprinted regions
and the inactivated X;, is important for PGCs as it eliminates epimutations and
allows a return to pluripotency(7125-128). Studies have shown that methylation
signatures in imprinted regions, single copy genes, and certain repeats (e.g.
LINE1) are significantly demethylated in PGCs between 11 and 13.5 days post
coitum(729). A recent study expanded on these past findings and looked at
methylation effects caused by AID in various genetic elements within murine
PGCs(730). Demethylation in PGCs was found be global and included gene
regions, transposons, and repeats; the final epigenetic state of PGCs at 13.5
days post coitum was termed an “epigenetic ground state”, where the genome
is mostly demethylated and histone marks are mostly absent(726, 130-133).
Comparing Aid™ knockout to wild-type mice, the authors found that the AID
deficient PGCs were significantly more methylated; there was a sex bias as
the female AID knockout cell lines were more methylated than the male
knockout cell lines. Interestingly the promoters between the AID knockout and
wild-type mice did not show a significant difference; transposons, introns, and

exons were more methylated in the knockout line.
1.6 Relationships between Transcription Factors and

DNA Methylation

Although genome-wide methylomes have recently become available for

various human cell lines, the reasons why genomic regions are unmethylated



or methylated are mostly unclear. For example, the observation that CpG
islands in the human genome are mostly unmethylated has not been
explained on a genome-wide scale. However, studies are beginning to reveal
a deeper relationship between specific transcription factors and local DNA
methylation patterns (Table 1). These studies serve to build a foundation that
will thoroughly explain the non-random nature of DNA methylation. A set of
three transcription factors that tightly associate with DNA methylation are

discussed below.

23



Table 1.6.1 Summary of reviewed DNA methylation-related transcription factors.

Transcription Factor

Methylated Binding

Specificity

DNA Methylation-related Consequence

of Transcription Factor Binding

Cfp1

Unmethylated

(1) Binds to unmethylated CpG islands
and (2) recruits Set1a and Set1b
complexes, which trimethylates
histones at H3K4 independently of RNA

Polll binding(134-136).

CTCF

Unmethylated

(1) Blocks enhancer-promoter
interactions by acting as an
insulator(737, 138) and (2) protects
genomic regions from nearby DNA

methylation encroachment(739-741).

MeCP2

Methylated

Associates genome-wide with
methylated CpGs in mouse. Leads to
H3 deacetylation, which results in global
chromatin structure changes(95). Loss
of MeCP2 leads to up-regulation of
2,184 genes and down-regulation of

377 genes in mouse(742).

Sp1

Unmethylated

Protects genomic regions from nearby
DNA methylation encroachment(743,

144).
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1.6.1 CTCF

The CCCTC-binding factor (CTCF) contains an 11 zinc finger DNA-
binding domain that is highly conserved in higher eukaryotes(745, 146).
Although initially reported as a silencer, CTCF is a versatile transcription factor
that has been seen to enhance and repress transcription at promoters as well
as act as an insulator(737, 147-150). It binds to a range of sequences and its
zinc fingers allosterically customize according to DNA sequence and nearby
cofactors, which confers CTCF’s ability to recognize a wide variety of
sequences(745).

CTCEF plays a critical role in the establishment and maintenance of the
imprinted H19|/GF2 region. Directly upstream of the H79 locus is an imprint
control element (ICE) that contains four CTCF binding sites. This ICE is
necessary for the allele specific expression of both H79 and /GF2 genes.
Methylation of this ICE on the paternal allele prevents CTCF binding within the
ICE and also suppresses H719 expression via promoter methylation(757-153).
CTCF binding on the maternal allele prevents enhancers downstream of H19
from interacting with the promoter region of /GF2. Without CTCF’s insulating
function on the paternal allele, enhancers downstream of H79 are able to
interact with the /GF2 promoter, which leads to the paternal expression of
IGF2. Hypomethylation of the H719 promoter on the maternal allele leads to
maternal H19 expression. Recent data has shown that CTCF is an essential

factor in the formation of long-range contacts (i.e. loops) between this
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imprinted locus and distal enhancer regions(738, 154). In addition to mediating
long-range regulatory interactions, CTCF can protect nearby regions from
encroaching DNA methylation. An experiment looking at the retinoblastoma
tumor suppressor (Rb) gene found that CTCF binding prevents DNA
methylation from spreading into the Rb’s CpG island promoter region(71595).
The ability of CTCF to protect promoters from repressive DNA methylation
was also seen in the c-MYC promoter(740) and in the BRCA1 promoter(741).
These examples show that CTCF binding depends on the methylation state of
its binding sequence and its binding can mediate long range regulatory

interactions and affect local methylation patterns.
1.6.2 Cfp1

CXXC finger protein 1 (Cfp1) contains a conserved CXXC domain that
is sufficient for specific binding to unmethylated CpG dinucleotides and two
plant homeodomain (PHD) fingers(756, 157). The yeast analog of Cfp1, Spp1,
has been found to bind to the H3K4me3 histone modification, which is
associated with poised or active transcription, via PHD finger
interactions(758). In addition to recognizing H3K4me3 modifications in yeast,
Cfp1 associates with the mammalian Set1a and Set1b methyltransferase
complexes(7135, 136), which are known to trimethylate H3K4.

Using ChIP-Seq technology on mouse brain nuclei, a recent study
found that Cfp1 was localized at unmethylated CpG islands(734). CpG islands

bound by Cfp1 were found to also exhibit H3K4me3 modifications.
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Unmethylated CpG islands not occupied by Cfp1 or H3K4me3 where found to
align with the repressive histone modification mark H3K27me3(759). To test
the direct link between Cfp1 and H3K4me3 modification, the authors inserted
promoterless CpG-rich DNA into regions not associated with H3K4me3. The
results showed Cfp1 binding peaks at the DNA sequence insertion sites and
H3K4me3 was present as these locations. However, there was no sign of RNA
Pol Il binding. This test showed that the H3K4me3 modification is not a
byproduct of transcription since it occurs independently of RNA Pol Il binding.
Cfp1 is a transcription factor that binds to unmethylated CpG islands and

modifies nearby histones in a manner that promotes RNA Pol Il recruitment.

1.6.3 MeCP2

While the previous two transcription factors bind to unmethylated
sequences, MeCP2 recognizes CpG methylated DNA(760, 167). MeCP2 is
apart of the MBD protein family (MeCP2, MBD1, MBD2, and MBD4), which
consists of proteins that share a homologous methylated DNA recognition
domain but contain different transcriptional repression domains(762-7164). The
mammalian form of MBD3 is an exception since there is a mutation in its MBD
that prevents it from binding to methylated CpGs(765). MeCP2 binding was
originally thought to cause transcriptional repression due to its recruitment of
histone modifying enzymes, which results in repressive histone marks around
regions bound by MeCP2, namely histone deacetylation and trimethylation of

H3K9(166-168). MeCP2 is expressed highly only in neurons and its
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expression level is tightly regulated. Embryonic MeCP2-null mice die at week
12 while mature mice under- or over-expressing MeCP2 (e.g. heterozygous
females) exhibit neurological disorders(769-172).

The transcriptional role of MeCP2 has recently changed from a
transcriptional repressor to a global chromatin remodeler that can lead to the
expression and repression of various genes. Since MeCP2 binding leads to
traditionally associated transcriptionally repressive histone modification
patterns, MeCP2 binding near genes was thought to silence them. However, a
recent study showed that mice over-expressing MeCP2 led to a significant
number of up-regulated genes relative to MeCP2-null mice (2,184 genes up-
regulated while 377 genes down-regulated)(742). These authors found that a
global transcriptional activator CREB1 and MeCP2 co-occupied promoters of
many activated genes, including the Creb1 promoter, and CREB1 was also
found to copurify with MeCP2. These findings are inconsistent with the model
of MeCP2 as a transcriptional repressor. Further changing the view of
MeCPZ2’s role as a repressor, another study performed on mouse brain tissue
revealed MeCP2 binding correlates with DNA methylation levels genome-
wide. MeCP2 is a protein highly expressed in neuronal cells and its
concentration in neurons is similar to that of nucleosomes(95). Using ChlP-
Seq to enrich for sequences bound to MeCP2, the authors found that 56% of
the mouse genome showed some MeCP2 binding activity. The intensity of the
MeCP2 signal increased as DNA methylation density increased. MeCP2

binding was not found at unmethylated CpG islands, suggesting a genome-



wide methylated DNA binding preference for MeCP2. To test the relationship
between H3 acetylation and MeCP2 abundance, the level of H3 acetylation
was measured between wild-type and MeCP2-null neurons. There was a 2.6
fold increase in H3 acetylation in the MeCP2-null neurons relative to the wild-
type. As a control, wild-type and MeCP2-null glial cells were also examined
but no significant differences in H3 acetylation were found. The MeCP2-null
brain cell lines also showed a 1.6 fold increase in transcription of repetitive
elements while no expression change was seen in Actb, c-Myc, or tyrosine
hydroxylase genes. These authors present MeCP2 as a protein that binds to
methylated DNA on a global scale. In accordance with previous experiments,
MeCP2 does reduce H3 acetylation levels and inhibits transcription of
repetitive elements. Due to the global scale of histone deacetylation in the
presence of MeCP2, MeCP2'’s association with deacetylation, which is
traditionally associated with silencing transcription, and activation of gene
transcription are not necessarily mutually exclusive. The consequences of
global histone modification changes are unknown and a rigorous study into
this subject may bridge these two seemingly opposing characteristics of

MeCP2.

1.6.4 Transcription Factors Regulate DNA Methylation

and Are Regulated by DNA Methylation
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Experiments focused on specific transcription factors have shown the
dependence of DNA methylation states on transcription factor binding.
However, the list of transcription factors affected by methylation is short and
the relationships between DNA methylation and most transcription factors are
still unclear. A recent motif based study looked at CpG island sequences that
are resistant to de novo methylation in colorectal and leukemia cells. Using
motif analysis tools, the authors found a set of motifs that are strongly
associated with de novo methylation resistance(773). The most significant
motifs are YY1, Sp1, and NRF1. Sp1 has been known to protect CpG islands
from methylation(743, 144). YY1 recruits the Polycomb Repressive Complex
2, PRC2, which is known for transcriptional silencing via the H3K27me3
histone modification(774). PRC2 may also act in a context-specific manner as
an allele-specific antagonist to DNA methylation(775). Elucidating the causes
and consequences of DNA methylation will yield a better understanding of cell
differentiation, reprogramming to pluripotency, and cancer development since

these processes involve massive genome-wide methylation changes.
1.7 Hydroxymethylcytosine: A new cytosine

modification

Complementing AlD’s demethylation activities via deamination and G:T
mismatch repair, a new family of mammalian proteins have been reported to

convert methylated cytosine (5meC) bases into hydroxymethylcytosine
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(5hmC) in vivo (Figure 1.5.1)(176, 177). The first study identified an unknown
base that started appearing on Thin Layer Chromatography plates(776). The
authors found that 5ShmC co-migrated with this unknown spot and mass
spectrometry later confirmed the presence of this compound as 5hmC. This
new cytosine modification was found in the nuclei of Purkinje neurons and
granule cells. Hmc5 was found to make up .59% of all bases in Purkinje DNA
and .23% in granule cell nuclei. A seemingly insignificant fraction of DNA
exhibits this modification but relative to CpG, which makes up about 1% of all
bases, the abundance of 5hmC is indeed significant. Another study searched
for proteins responsible for this novel modified base. Trypanosome proteins
JPB1 and JPB2 are known to hydroxylate and glucosylate the methyl group in
a thymine, which results in b-D-glucosyl hydroxymethyluracil(778). Using the
predicted oxygenase domain in those proteins to find proteins with similar
functions in human, this study found that the predicted trypanosome
oxygenase domain shared significant homology with the human proteins
TET1, TET2, TET3. To test for TET1’s activity, the authors transfected
hemagglutinin-tagged TET1 into embryonic kidney cells (HEK 293). Kidney
cells that showed an increasingly strong signal for hemagglutinin (HA) also
showed a decreasing signal for methylated cytosine (5meC) relative to a mock
control. Using methylation sensitive restriction enzyme techniques, the authors
discovered a base of unknown identity. Using mass spectrometry and
comparing with the fragmentation pattern of 5ShmC, the authors found that the

unknown base was hmC. Furthermore, the authors found that 5hmC made up



4 to 6% of all cytosine species at Mspl cleavage sites in mouse ES cells while
5meC made up 55 to 60%. Knockdown of TET1 via RNAI led to a 40%
decrease in 5hmC levels. The continued presence of 5ShmC in the absence of
TET1 was attributed to the presence of additional proteins, such as TET2, and
TETS3. Finally, the induced differentiation of mouse ES cells by removal of LIF
for 5 days led to a 80% TET1 transcript decline and about a 40% drop in
5hmC levels. Protocols for large-scale identification of 5hmC have yet been
presented but a recent study evaluated the ability of current methylation
detection techniques to detect 5meC, 5hmC, or both. 5hmC appears to be
resistant to bisulfite and bisulfite sequencing results thusly do not distinguish
between 5meC and 5hmC. PCR appears to amplify 5ShmC and 5meC
sequences with similar efficiency. The monoclonal antibody used in MeDIP
experiments(7179-181), however, is 5meC specific. The proteins MBD2b,
MBD1, MBD4, and MeCP2 also bind 5meC specifically(162, 182-184). These
studies show the presence of another type of modified cytosine in vivo.
Bisulfite sequencing cannot discern between the cytosine types but MeDIP
and certain protein complexes can. Recent evidence showed that single
molecule real time sequencing technology discriminates between the two
types of cytosine modifications, too. The presence of 5meC and 5hmC affects
polymerase kinetics in SMRT and this can be exploited to differentiate

between the two modifications at a base pair resolution(785).
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Chemical Structures of Cytosine, Methylated Cytosine, and Hydroxymethylated Cytosine
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Figure 1.7.1 The structure of cytosine and its two modified forms found in the human genome.
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1.8 Conclusion

Methylation is present in various higher eukaryotes but methylation
targeting of genomic regions is variable. Vertebrates tend to have highly
methylated genomes. In humans, embryonic stem cells tend to be more
methylated than differentiated cell lines and human ES cells also exhibit non-
CpG methylation (CHH and CHG). Methylation signatures are cell type
specific and the methylation frequencies of CpGs can identify human tissues,
ES cells, and iPS cells. Methylation signatures can also discriminate between
normal and cancer cells and even detect cancer subtypes. DNA methylation
can also be allele specific, which differentiates the parental alleles.
Chromosome X inactivation and imprinted genes regions are examples of this
behavior. Recent research has found that allele specific methylation (ASM) is
also found throughout autosomal regions outside of imprinted gene regions.
The number of identified allele specifically methylated sites (ASM) is
expanding rapidly as genome-wide experiments show that ASM is prevalent
throughout the genome.

One reason for the cell type specificity of DNA methylation is due to its
interactions with transcription factors. Transcription factors like Cfp1, Sp1, and
CTCF bind to unmethylated sequences while other transcription factors like
MeCP2 recognize methylated sequences only. Cfp1 binding in CpG islands
leads to H3K4me3 modification of nearby histones, which is an RNA Polll

positive mark. Sp1 and CTCF can protect certain regions (e.g. promoter
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regions) from nearby DNA methylation encroachment. MeCP2 binds to
methylated sequences genome-wide and regulates chromatin structure
globally. Motif analyses have revealed transcription factor motifs, YY1, Sp1,
and NRF, are associated with a genomic region’s resistance to methylation.
Although the mammalian DNMT protein family has been established as the
source of de novo methylation and methylation maintenance, only recently
have mammalian proteins been identified to be involved in methylation
erasure. AID is one such candidate protein whose presence is important for
successful iPS reprogramming and the establishment of an “epigenetic ground
state” in primordial germ cells.

DNA methylation investigations have revealed the presence of another
modified cytosine type in human, 5-hydroxymethylcytosine. TET1 protein
modulates levels of 5-hydroxymethylcytosine base and TET2 and TET3 are
suspected to play a similar role. The currently popular technique of bisulfite
sequencing does not discriminate between the two modifications but newer
single molecule real time sequencing technology shows promise in identifying
both 5-methylcytosine and 5-hydroxymethylcytosine individually.

Researchers are slowly unraveling the mammalian proteins involved in
DNA methylation and the complex mammalian regulatory mechanisms of
which DNA methylation plays a part, which include histone modifications, non-
coding RNAs, and transcription factors. Additional work in this field will
elucidate the role of this epigenetic marker in the context of the human

transcriptional regulatory network. However, even as DNA methylation is not



completely understood, it stills offers clinical applications and guides
researches to biologically active regions in the genome.

Chapter 1, in full, is a reprint of the material as it appears in R.
Shoemaker, W. Wang, K. Zhang. DNA methylation and its mediators. Wiley
Interdiscip Rev Syst Biol Med, Epub (Sep, 2010). The dissertation author was

the primary author of this paper.
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Chapter 2 Development of a Targeted Padlock Probe

Set For Methylation Analysis

2.1 Background

Several experimental methods are available for the detection of
methylated cytosines. My research utilizes the targeted bisulfite conversion of
DNA, which allows for the unambiguous detection of methylation levels at
regions of interest (Figure 2.1.1). However, other experimental methods are
available and | would thusly like to briefly introduce the more popular
alternative methods and explain why bisulfite conversion is the most

appropriate for my studies.
2.1.1 Methylation Assays: Restriction Enzyme
Digestion

The ability of a restriction enzyme to recognize a methylated cytosine
can be exploited to ascertain the cytosine’s methylation state within a
restriction enzyme recognition site. There are known pairs of restriction
enzymes that share the same recognition sequence but one enzyme is
sensitive to methylation (i.e. does not cut at sites containing methylated
cytosines) while the other is not. These enzymes are added to separate
samples consisting of the same input DNA. The presence of DNA cut by the

methylation sensitive enzyme relative to the methylation insensitive enzyme
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reveals the methylation level at those enzymes’ shared recognition sites. Hpall
(methylation sensitive) and Mspl (methylation insensitive) are isoschizomers
(restriction enzymes with the same recognition sequence) used in these
methylation assays. The shared recognition site is CCGG and the two-
centermost bases form a CpG site. Samples cut by the Mspl enzyme form a
control DNA fragmentation distribution since Mspl digests irrespective of
methylation status. Hpall will cut at unmethylated restriction sites and a
sample showing more Hpall fragments thusly reflects more unmethylated
recognition sites. Hpall restriction sites are always a subset of the Mspl
restriction sites. Electrophoresis reveals the general presence of more or less
Hpall fragments relative to Mspl fragments. If studying a specific site, an
experimentalist can use PCR primers that cover CCGG sites in his/her region
of interest for a more specific methylation analysis. Microarrays or sequencing
can also be used to identify fragments, which allows for a genome-wide survey
of methylation via restriction enzyme digestion.

Two applications of this technology are CHARM(786) (Comprehensive
High-throughput Arrays for Relative Methylation) and HELP(787, 188) (Hpall
tiny fragment Enrichment by Ligation-mediated PCR) . The HELP method
uses the restriction enzymes Hpall and Mspl to decipher the methylation
status of sites recognized by these isoschizomers. The fragments generated
by the restriction enzymes are then ligated with PCR adapters and sequences
between 50 bp and 2 kb are amplified. A microarray then reveals the identity

of these fragments and the methylation state, as found in the Hpall sample
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relative to the Mspl sample, can be determined. In the CHARM experimental
protocol, the authors use a single restriction enzyme to determine methylation
states. CHARM uses the enzyme McrBC, which promiscuously cuts
methylated DNA and recognizes the sequence R™C(N)ss.103R™C ("C
represents a methylated cytosine). In CHARM, McrBC digested and size
selected fragments are hybridized along with a negative control (i.e. size
selected DNA not digested with McrBC) in a two-color array. Instead of using a
methylation insensitive enzyme as a control, the experiment uses a sample
without restriction enzyme digestion for comparison. Like HELP, a microarray

that covers CpG regions of interests is used to identify methylated regions.
2.1.2 Methylation Assays: MeDIP and BS-Seq

Me-DIP (Methyl-DNA immunoprecipitation) involves enriching
methylated CpG-containing DNA fragments via a ™C specific antibody(779).
The experimental protocol is similar to chromatin immunoprecipitation except
the antibody in Me-DIP targets methylated DNA directly. The Me-DIP enriched
DNA is then compared to a negative control (DNA not targeted by antibody)
via a microarray or via high-throughput sequencing. Me-DIP requires specific
conditions for optimal results. These conditions include using DNA fragments
between 300 and 1000 bp long and the availability of single stranded DNA as
the antibody preferentially binds to methylated ssDNA (single stranded DNA).

Re-annealing is an issue given that methylated cytosines are often present in
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high CG content fragments; cytosines and guanines form the strongest
network of hydrogen bonds in dsDNA.

Unlike Me-DIP or restriction enzyme digestion, BS-Seq (bisulfite-
sequencing) does not rely on relative enrichment calculations but a direct
counting of individual cytosines’ methylated states. Bisulfite is a chemical that
coverts cytosine into uracil via deamination. The bisulfite conversion process
greatly prefers unmethylated cytosines to methylated cytosines. During post-
bisulfite conversion PCR amplification, the converted cytosines (i.e.
unmethylated cytosines) are complemented with adenine while methylated
cytosines are complemented with guanine. After amplification, unmethylated
cytosines thusly appear as thymines while methylated cytosines appear as
cytosines. Similar to Me-DIP, bisulfite conversion prefers ssDNA. Additionally,
the timing of the conversion process and the concentration of bisulfite used in
the reaction are important. Higher bisulfite concentrations can lead to
fragmentation of DNA and longer bisulfite conversion reaction times may lead
to the unintended conversion of methylated cytosines. In optimal conditions,
bisulfite conversion efficiency is around 98-99%, which is a metric that
measures the conversion of cytosines to thymines in sequence contexts that
are not known to be methylated(7, 2, 38, 189, 190). Bisulfite converted DNA
can be sequenced and mapped to a reference genome. Once mapped, the
methylation state of the cytosines on the reference genome can be estimated
based on the base found in the bisulfite converted (BSC) sequences at the

same position. Large-scale experiments have used shotgun BS-Seq to
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determine the methylation states of the vast majority of cytosines in a species

of interest (7, 2, 189).
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Figure 2.1.1 Each subsection describes the results from an experiment that contains either
more methylated or less methylated genomic DNA. A dotted line separates these two
experimental conditions. a) Isoschizomeric enzymes fragment DNA differently based on the
presence of DNA methylation. Mspl (recognizition site CCGG) is methylation insensitive and it
thusly produces DNA fragments independent of DNA methylation. Hpall, however, does not
cut at methylated sites and thusly Hpall produces less fragments in highly methylated regions.
Differences between Mspl and Hpall DNA digestion reveal DNA methylation information. b)
Me-DIP uses antibodies that recognize methylated cytosines. These antibodies and their
attached sequences are then purified from other sequences to which no antibody is attached.
More sequences are thusly purified if a strongly methylated region or cell type is studied. The
sequences are then compared with a control channel (not shown) that does not use any
antibodies. The signal differences between the control and the antibody channels reveal
methylation information. c¢) Bisulfite conversion does not rely on fragmentation or purification.
Methylation information is obtained at the sequence level. Since bisulfite converts cytosines to
uracils, which appear as thymines after PCR, more methylated sequences will show a higher
percentage of cytosines at CpGs than less methylated sequences. In the figure, the cytosine
and thymine base are shown at CpG locations only.
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2.2 Background of Targeted Bisulfite Sequencing

Targeted bisulfite sequencing allows for the targeting of unique
genomic regions so that these regions can be sequenced at a high read
depth. Since less sequencing is needed due to the fact that only subset of the
complete genome is amplified, sequencing costs are reduced. Since targeted
bisulfite sequencing reduces sequencing costs and time, experiments that
probe many different cell lines are more easily performed. The ability of this
method to target certain regions is due to the use of padlock probes, which are
about 250 bp-long nucleotide sequences. Each padlock probe consists of
targeting arms, which are 18-30bp long and located at both ends of the
padlock probe sequence. Primer sequences and restriction sites connect
these two targeting arms together. The targeting arms on a padlock probe are
designed to hybridize to sites that are 175-225bp away from each other and
the primer sequences allow for PCR amplification of the region located
between the targeting arms. In targeted bisulfite sequencing, these arms are
designed to hybridize to bisulfite-converted sequences and amplify regions
containing CpG sites of interest. Hundreds of thousands of padlock probes
can be added to genomic DNA within a single test tube, allowing for the
interrogation of many CpG sites of interest (Figure 2.2.1).

The original protocol for targeted bisulfite sequencing consists of 7
general steps: (1) the isolation of genomic DNA, (2) bisulfite conversion of

DNA, (3) the addition of padlock probes to BSC DNA, (4) PCR amplification,
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(5) removal of padlock probe linker sequences via restriction enzyme
digestion, (6) random fragmentation of targeted DNA, and (7) ligation of
adaptors for short-read sequencing. Size selection may occur after steps 5, 6,
and 7 to eliminate unwanted sequences. The addition of padlock probes after
bisulfite conversion complicates padlock generation since unmethylated
sequences consist only of A, T, and G bases and potentially methylated
sequences (e.g. CpG sites) may consist of A, T, C, and G bases. Since PCR
amplification is required immediately after padlock probe addition in order to
amplify the targeted regions and non-BSC PCR amplicons do not contain
methylation information, BSC must occur before padlock probe addition. When
BSC occurs first, unmethylated cytosines are converted to uracil while
methylated cytosine remain unchanged. PCR amplicons will reflect the base
changes undergone during BSC (i.e. a PCR product will contain a thymine at
an unmethylated cytosine site or a cytosine at a methylated cytosine site).

In addition to the target region, the PCR amplicons contain primer
sequences and the targeting arm sequences. Adding a class Il restriction
enzyme site in the padlock probes allows for removal of these uninteresting
sequences. This digestion results with longer target region fragments that can
be separated from the shorter primer and targeting arms sequences. PAGE
gel electrophoresis allows for the separation of these two types of fragments
based on their length in a process called size selection. Since the expected
size of the targeted regions is known, DNA fragments whose length is close to

this expected length are purified from undigested products. Size selection is
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important because in the next steps, the DNA is fragmented and ligated to
next generation sequencing adaptors. If undesired DNA fragments were not
eliminated in the size selection step, they could be ligated to sequencing
adaptors and sequenced.

The digestion of size selected DNA fragments allows short read
sequencing to access areas within the larger targeted region that it would not
otherwise be able to completely sequence. Digestion can occur in various
ways, including random shearing or via enzymes. Since target regions span
175-225 bp and short read sequencing can sequence 36-100 bp, areas within
the center of many targeted regions cannot be sequenced without
fragmentation. Fragmentation will reduce a single target region into several
smaller regions. Each of these smaller regions will be sequenced separately.
Regions that appear in the center of a long target region may now appear
closer to the 5’ and or 3’ end of a fragment, which makes it possible to
sequence. These fragments are sequenced using lllumina technology. Once
the sequences are known, the BSC sequences are mapped to a reference
genome and the methylation states of cytosines are interrogated at base pair

resolution.
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Figure 2.2.1 a) This figure shows a schematic of a padlock probe nucleotide sequence. The
ends are targeting arms, H1 and H2, which are designed to hybridize to the perimeter of 175—
225 bp long target regions. These targeting arms are flanked by an Mmel restriction enzyme
site. Flanking the Mmel sites are primer sequences. A linker sequence connects the two
primer sequences. b) Genomic DNA is initially bisulfite converted. The dotted lines between
the dsDNA strands represent base pairing. After BSC, unmethylated cytosines are coverted to
uracils, which do not base pair with guanines. The Watson and Crick strands are differentiated
by arrows pointing in opposite directions. ¢) Padlock probes are mixed with the BSC DNA and
hybridize to their target regions. Targeting arms are shown in different colors. Targeted
regions can overlap if padlock probes target those regions on different strands. 5’ to 3’ base
addition via DNA polymerase followed by ligation via ligase create circularlized padlock
probes, which contain their respective target region sequences. Endonucleases are added
that disintegrate non-circuralized DNA sequences. d) The circularized probes are PCR
amplified. The amplicons contain the primer sites, the Mmel restriction enzyme site (RE), and
targeting arms at each end. Size selection is performed after PCR to remove any artifacts. e)
The Mmel restriction endonuclease is added to the amplicons, which cuts 18-20 bp away from
its recognition site. This digestion removes the primer and targeting arm sequences from the
target region sequences. Size selection allows for the purification of targeted regions after
digestion. The target regions are then fragmented. This can occur via shearing (i.e. random
fragmentation) or via USER enzymes (Uracil-Specific Exicision Reagent), if dUTP is added
during the PCR amplification step. USER fragmentation is a semi-random fragmentation
technique since sequences are fragmented wherever uracil has replaced thymine in the PCR
amplification reaction. USER fragmentation variability is achieved by adding both dUTP and
dTTP to the PCR reaction thusly allowing either thymine or uracil addition. Size selection can
isolate fragments within a desired bp length window. f) lllumina sequncing adapters are ligated
to the ends of the fragments and prepared for sequencing.
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A newer targeted bisulfite sequencing padlock probe protocol has been
developed that improves the capture experiment (Figure 2.2.2). In the original
protocol, the target regions were fragmented and then the target regions were
single end sequenced. This new protocol avoids target region fragmentation.
Relying on longer read lengths and paired end sequencing, the target regions
are only sequenced from the ends. As sequencing lengths reach 100 bp, this
means that a target region of 200 bp can be completely sequenced without
fragmentation. Looking at the original protocol in Figure 2.2.1, the new
protocol modifies steps e) and f). The elimination of the fragmentation step
yields a tight distribution of target region lengths. These target regions will
appear as a tight band during size selection, allowing for easier extraction from
the PAGE gel during size selection. Without fragmentation, each region is
represented by 2 reads instead of many reads, which also reduces the number
of needed reads per sample. Reads are barcoded in this protocol, which
allows for multiple samples to be sequenced in a single flowcell. The new
protocol includes recent advancements in next generation sequencing and

thusly improves the BSPP capture method.
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Figure 2.2.2 a) This figure shows a schematic of a padlock probe nucleotide sequence. The
ends are targeting arms, H1 and H2, which are designed to hybridize to the perimeter of 180
bp long target regions. These targeting arms are flanked by Mmel restriction enzyme
recognition sites, which are then flanked by common primer sites. A linker sequence connects
the two primer sequences. b) Genomic DNA is initially bisulfite converted. The dotted lines
between the dsDNA strands represent base pairing. After BSC, unmethylated cytosines are
coverted to uracils, which do not base pair with guanines. The Watson and Crick strands are
differentiated by arrows pointing in opposite directions. c) Padlock probes are mixed with the
BSC DNA and hybridize to their target regions. Targeting arms are shown in different colors.
Targeted regions can overlap if padlock probes target those regions on different strands. 5’ to
3’ base addition followed by ligation creates circularlized padlock probes, which contain their
respective target region sequences d) . Endonucleases are added that disintegrate non-
circuralized DNA sequences. The remaining circular DNA products are then PCR amplified e)
The PCR amplified sequences are digested with Mmel, which removes the primer sites and
most of the H1 and H2 targeting arms. f) Y-adapters are ligated to the Mmel digested DNA,
which are shown as double stranded molecules in this subfigure. The target regions are then
sequenced in a three-step process that entails sequencing read 1, sequencing the index read,
and sequencing read 2. The index read contains a unique nucleotide sequence that
associates the read with a particular experiment. Multiple experiments can be sequenced in a
single flowcell lane with this protocol.



Cpg220k Padlock Probe Overview

a) Mmel Primer Primer  pmel
H1 Site 1 Site
Genomic dsDNA —_—
b) ||II|I|I|||I|||I||||) BSC
T T T T N T O R A
(I||III|II|||I|||I|||
c)
Padlock

Probe
Cricularization <

Padlock
Probe
Hybrization ( nn

>

o
N—"

3

= = y \
"// \5 i ‘; = Primer Pri
Ko Lm_ear l:,)NA 2 s 1 H1 Target Region H2 mzn «
Digestion L PCR — —"
me me
m m % Site Site
%"/Iu 1\\\\\\\\\\ E%, 5
,,/"'/Iu u\\\\\\\\
Primer ) Primer
1 H1 Target Region H2 2
e Mmel
Mmel Mmel . .
Site Site Digestion ;
Adapter
Ligation \ V4 Read 2 Index
/ \ PCR Read ] € Read
and — >
o /
/ N\ Sequencing e
— >

50



51

2.3 Challenges in Targeted Bisulfite Sequencing

Appropriate selection of targeting regions is a crucial step for the
successful application of the targeted bisulfite sequencing method. The
targeted regions must allow the experimentalist to test his/her DNA
methylation-related hypothesis. For example, an experimentalist may want to
test if the methylation states of promoter regions related to DNA damage
response genes are changed in response to a particular extracellular stimulus.
If the bisulfite targeted padlock probe set does not contain any of these genes’
promoter regions, the targeted sequencing approach given this probe set will
not help the experimentalist. Currently, generation of a padlock probe set is
expensive and time consuming. These constraints encourage padlock probe
sets to cover regions that are as broad in biological functionality as possible so
that the probe set can be used in many different experiments.

The purpose of targeted bisulfite sequencing is to produce a uniform
distribution of sequences from various genome-wide targeted regions from
which methylation information can be derived. However, some regions are
more efficiently targeted than others. This is partly due to the fact that the
human genome is not uniformly accessible and the efficiency of hybridization
between the padlock probes and the genome varies as the composition of the
bases involved varies. Hybridization may also occur at regions that do not
perfectly match the targeting arms’ sequences (i.e. non-specific binding). In

some cases, if a targeting arm recognizes the majority of a genomic
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sequence, it will hybridize to this location even if mismatches are present.
Mismatches are bases that are not reverse complementary but are present at
the same relative position on the targeting arm and genome. Predicting the
ability of a targeting arm to hybridize to a partially matched sequence is
difficult.

Bisulfite conversion also introduces additional challenges by reducing
the information content of the genome (unmethylated cytosines are converted
to thymines). Regions containing cytosines can be represented as a cytosine
or a thymine after bisulfite conversion. Sequences that are unique in the
human genome (i.e. a sequence is found only at a single location) may no
longer be unique after bisulfite conversion. However, the majority of the
human genome is methylated(7), which means bisulfite conversion in most
genomic areas of the genome will not lead to a reduction in base complexity.
Targeting areas that are statically methylated will not reveal interesting biology
and targeted regions are thusly much more likely to contain mixed methylation
states; the base composition at these regions is more likely to change during
bisulfite conversion.

If a targeting arm covers a CpG site, two versions of that targeting arm
are needed so that the arm can hybridize regardless of the methylation state
of that CpG. The targeting arm designed for the unmethylated CpG would
contain an adenine at the cytosine position of the CpG since adenine base
pairs with the uracil. The targeting arm designed for the methylated CpG

would contain a guanine at the cytosine position of the CpG since bisulfite
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conversion would not affect methylated cytosines. If both targeting arms each
cover a CpG site, 4 padlock probes for this targeted region are produced. If
the targeting arms contain a sum of n CpG sites, 2" probes must be produced
to cover all possible CpG methylation combinations. When generating padlock
probes, CpG sites in the targeting arms are avoided so that given a certain
number of padlock probes, a maximum number of regions are targeted.

If CpG-containing targeting arms are necessary for an experiment (e.g.
an experiment that surveys regions with high CpG density, i.e. CpG islands),
assumptions of correlated methylation states can be made to reduce the
number of padlock probes produced for these regions. This means one
assumes that the CpGs on a targeting arm or all methylated or unmethylated
based on a correlated methylated assumption. This means if the sum of
covered CpGs regions on the targeting arms exceeds 2, only 4 padlock probes
need to be produced.

Both targeting arms of a padlock probe must hybridize to the targeted
region for amplification of that region to occur. If only one arm hybridizes, the
region will not be amplified. For example, the reverse complement sequence
of a targeting arm one may be present at numerous chromosomal locations
while the reverse complement sequence of the other arm (targeting arm 2) is
present only once. In this case, the padlock probe can be tethered to many
sites recognized by targeting arm 1 but only the region that is also recognized
by targeting arm 2 would be amplified. If too many padlock probes were

tethered in regions missing a recognition sequence for targeting arm 2, the
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region would be amplified less effectively than regions where the target arms
had unique recognition sequences. Given that the human genome can contain
more than one copy of a region, padlock probes may target regions that
contain identical targeting arm recognition sequences but whose regions may
contain sequence variations or are present in different chromosomal locations.
These different chromosomal locations may exhibit different epigenetic
contexts. For example, one region is in a heterochromatic state while another
is in a euchromatic state. Assuming uniform PCR amplification, the
methylation information from this targeted region becomes an average across
its many genomic instances.

PCR is a necessary evil in the targeting padlock probe protocol. It is
necessary so that a sufficient amount of DNA is produced for the size
selection and sequencing steps. However, PCR amplifies sequences unevenly
and thusly leads to artifacts. For example, region A may be amplified much
more efficiently than region B and thus the PCR amplicon population will
contain many more copies from region A than region B. Additionally, some
regions may contain CpGs that are methylated in only a percentage of the
sample cell population. PCR amplification bias may amplify one methylation
state of these CpGs more efficiently than the other. The more efficiently
amplified methylation state would appear to be dominant. For example, a CpG
site may have an actual methylation frequency of .5 (50% of the cytosines at

this site are methylated) but PCR preferentially amplifies the unmethylated
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strand. The biased amplification would result in a calculated methylation

frequency of less of than .5.

2.4 Goals of the Cpg220k Probe Set

The Cpg220k probe set is the first mainstream padlock probe-based
DNA methylation assay geared towards commercial production. Agilent, a
company that has synthesized past padlock probe sets, agreed to sponsor the
production of the Cpg220k probe set so that it can examine the commercial
viability of BS padlock probes. Agilent’s sponsorship demonstrates confidence
in this new method, which was first published by Kun Zhang'’s lab in 2009(38,
191). The two main goals of this new probe set were to expand upon its
coverage of regions found to exhibit variable DNA methylation levels across
cell lines and to improve its ability to analyze allele-specific methylation.

Offering 3x more coverage than the last generation probe set, the
Cpg220k probe set expands CpG coverage and includes newly discovered
regions exhibiting differential methylation across various cell types. The first
published BSPP (bisulfite sequencing padlock probe set) from Kun Zhang'’s
lab consisted of 30,000 probes and focused mainly on CpG islands on chr12
and chr20 but also covered the transcription start sites for a small number of
genes(38). This study found that most of the CpGs were consistently
unmethylated in ES and fibroblast cell lines; most of the targeted CpGs in this
probe set offered no interesting methylation information for fibroblasts and

pluripotent-like cell types. Shifting the targeting focus away from CpG islands,
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a newer BSPP, Cpg97k, consisted of 97,000 probes and targeted regions
demonstrated in outside experiments to exhibit tissue specific methylation
patterns.

Experiments using DNasel have revealed exposed chromosomal
locations where DNA-protein interactions are more likely to occur. Additionally,
complete methylomes have been produced for a human embryonic and a
fibroblast cell line(7). Hypersensitive sites are candidate DNA-protein
interaction sites and they represent genomic regions that are easily accessible
to a digestion enzyme(7192-194). Since hypersensitive sites reveal sites of
likely DNA-protein interactions, the methylation states of these regions are of
greater interest. Chapter 1 described several proteins whose recognition of
DNA sequences is dependent on those sequences’ methylation states.
Complimenting the hypersensitivity data, the publication of two human
methylomes in late 2009 allows for the direct identification of differentially
methylated sites between a pluripotent and a terminally differentiated cell line.
The inclusion of new regions derived from hypersensitivity and BSC shotgun
sequencing experiments into a larger probe set that contains tissue specific
methylation sites presents opportunities for novel DNA methylation
discoveries.

The Cpg220k probe set allows not only for improved cell type specific
DNA methylation analysis but it also is designed to improve the detection of
allele-specific methylation (ASM). ASM defines a set of regions whose

methylation states are significantly different, as determined by a statistical test,
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between the maternal and paternal chromosomes. In order for ASM analyses
to work, one must be able to separate the paternal and maternal alleles. A
common way to distinguish between parental alleles is through heterozygous
SNPs. Heterozygous SNP sites are sites where the alleles have a different
base at the same chromosomal coordinate. Sequencing data with high read
depth (usually 10x or higher) can allow for such SNPs to be identified.
Additionally, read sequences that contain heterozygous SNPs may also
contain CpG sites. These SNP-associated CpG sites can be tested for the
presence of ASM. A padlock probe must cover a heterozygous SNP site and
at least one CpG site in order for SNP-based ASM analysis to occur. The
Cpg220k probe set was thusly designed to include nearby SNP sites so that
sequencing reads are more likely to contain both a SNP, if nearby, and at least
one CpG site.

A recently developed algorithm, which is an adaption of the r? metric
from Linkage Disequilibrium analysis, allows for the discovery of organized
methylation patterns without SNPs; these organized methylation regions
include ASM regions(39). In order for this algorithm to work, sequencing reads
need to contain at least two CpGs. The presence of more than one CpG on a
read allows for the algorithm to calculate the correlation of methylation states
between the CpGs on the same sequence. This LD-based algorithm is
described in more detail in Chapter 4. The Cpg220k probe set makes this LD

algorithm more useful by encouraging the placement of padlock probes that
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cover several CpGs within regions that likely exhibit interesting methylation
behavior.

The design process of the Cpg220k probe set is an optimization
between several factors, which are: (1) the expanded coverage of CpGs found
to be differentially methylated and (2) improved CpG-SNP association, (3) the
costs of producing a padlock probe set, and (4) the discussed challenges in
padlock probe experiments. To target regions that contain SNPs and CpGs of
interest, hundreds of thousands of padlock probes must be produced that, for
example, contain unique targeting arm sequences and are predicted to
hybridize efficiently. Some regions deemed to be of interest for DNA
methylation analysis cannot be effectively targeted with padlock probes due to
hybridization or sequence degeneracy issues. In such cases, multiple
overlapping padlock probes can be produced to overcome the challenges that
a single padlock probe would experience. However, the use of additional
padlock probes increases the production cost of the probe set. Each padlock
probe costs money to synthesize and these costs can skyrocket when
producing probe sets that contain of hundreds of thousands of probes. A
probe set that minimizes cost and maximizes biologically relevant results is
ideal. Ultimately, the Cpg220k probe set is a combination of expanded
coverage and improved quality, which | expect will generate the most

interesting results yet seen from a targeted bisulfite sequencing experiment.
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2.5 Target Region Selection

The regions selected for the Cpg220k probe set were based on several
data sets produced within the past two years. | will discuss the data sets used
for targeting and why they were selected for this probe set. The main
motivation is to select CpGs that show differential methylation across cells
exhibiting different phenotypes. The belief is that the methylation patterns
affect the transcriptional regulatory network, as described in Chapter 1, and
thus the differences in methylation patterns reveal transcriptional regulatory
changes. Although the data sets used compare DNA methylation differences
across cell lines, we are also interested in looking at ASM, which describes

DNA methylation differences within a cell itself.

2.5.1 Tissue Specific CpG Methylation Patterns

In 2009, the Andrew Feinberg group published a series of experiments
that explored the methylation levels of CpGs across human liver, spleen,
brain, colorectal cancer (and a healthy tissue control), fibroblasts, and iPS
transformed fibroblasts(40, 47). All CpG islands and non-repetitive lower CpG
density regions were examined in these experiments. The authors found
16,379 differentially methylated regions (DMRs) among the three normal
tissues, 2,707 DMRs regions in the colorectal cancer samples versus healthy
tissue controls, 4,401 DMRs regions in transformed fibroblast cell lines

compared to the original fibroblast cell lines, and 71 DMRs between fibroblast
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iPS cell lines and human embryonic cell lines. The inclusion of these regions
into the Cpg220k data set will allow it to differentiate between cell types based
on DNA methylation patterns. Since the Feinberg’s group research shows
significant overlap between cancer-related DMRs and tissue-specific-DMRs,
targeting these regions will improve the probe set’s ability to discriminate

between cell types that exhibit diseased phenotypes.

2.5.2 Human Methylome Data Sets

Joe Ecker’s group published the methylomes of two human cell lines:
H1, an embryonic stem cell line, and IMR90, a fibroblast cell line(7). This
group was the first to publish a complete methylome of a human cell line. Each
cell line contained billions of 87bp long reads, which were produced by
shotgun BS sequencing. This data allowed for the methylation states of CpGs
genome wide to be calculated at base pair resolution. In the previous data
sets, the Feinberg lab used a restriction enzyme-based method to detect
methylation levels, which is not as precise as bisulfite sequencing. Across
these two cell lines, over 6 million CpGs were differentially methylated. Since
the methylation comparison was between a pluripotent and a differentiated cell
line, these DMRs are assumed to more likely involved in the differentiation or

pluripotency process.

2.5.3 Predicted Enhancer Sites (IMR90 and H1)
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In additional to the publication of the methylomes of IMR90 and H1,
Bing Ren’s group published histone modification data on these cell lines. Bing
Ren’s group demonstrated earlier that certain histone marks, namely
H3K4me1 and H3K4me3, are indicative of enhancer and promoter regions,
respectively(87, 195). Expanding on these findings, another analysis used this
IMR90 and H1 histone modification data to predict enhancer regions in both
cell lines(796, 197). CpGs contained within these predicted enhancer regions
were included in the Cpg220k so that they could be studied across various cell
lines. Richard Young’s lab has recently shown that inter-chromosomal loops
are critical for transcriptional regulation in murine cells since they connect
distal enhancers to their associated promoter regions(798); the transcription of
many genes is dependent on the presence of an enhancer-promoter

interaction.

2.5.4 Cancer AML Data

Investigating 50,000 CpG sites across 14,000 genes, a recent study
demonstrated that DNA methylation patterns can distinguish between sub-
types of acute myeloid leukemia and these patterns could be used as a
prognostic tool(42). This study used 344 newly diagnosed patients’ blast cells
and sorted these samples into 16 clusters based on DNA methylation patterns.
11 of these clusters contained epigenetic or genetic lesions or were already
known but the remaining five clusters could not be associated with any specific

features. This data set focused on promoter regions, where DNA methylation
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is known to be inversely correlated with protein-coding gene expression.
Differentially methylated CpGs in these data sets are thusly likely to be linked
to changes in gene expression that are significant in acute myeloid leukemia;
these gene expression changes may also be significant in other cancers, too.
DM (differentially methylated) CpGs in this data set were included in the
CpG220k probe set to improve the probe set’s ability to identify unique cancer
phenotypes by complimenting the DMRs found in colorectal cancers

investigated by Feinberg’s group.
2.5.5 DNasel Hypersensitive Sites and CTCF Binding

Sites

John Stamatoyannopoulos’ group at the University of Washington
provided data for the CpG220k probe set. Identifying sites that are sensitive to
the restriction enzyme DNasel(7199-202), this group has discovered HSS
([DNasel] hypersensitive sites) that are cell type-specific and also ones that
are conserved across cell types. HSS are regions where DNA is accessible to
nucleases; this availability reveals that this region is not protected by
nucleosomes or other constitutively bound proteins. These exposed regions
are likely enriched in transcription factor binding sites or thought to be involved
in other activities, such as chromatin looping(203, 204). Since these regions
are likely involved in transcriptional regulation, CpG sites within these regions

are of greater interest since their methylation states are likely to affect DNA-
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protein interactions. Given the wide breadth of DNasel data from
Stamatoyannopoulos’ group, these Cpg220k covered regions will likely reflect
cell-type specific methylation patterns and promoter ASM for genes that are
allele-specifically expressed.

In addition to HSS data, the group also provided CTCF binding sites in
B-cells. CTCF, as described in Chapter 1, is DNA binding protein associated
with the facilitation of distal regulatory element interactions via chromatin loop
formation(798). CTCF is a methylation sensitive transcription factor (i.e. CTCF
does not binding to methylated sequences) and methylation thusly affects
these CTCF-mediated distal interactions (e.g. enhancer-promoter
interactions). Although the CTCF binding information is for one cell type only,
recent evidence showed that CTCF binding sites are conserved across cell
types(795). Covering the B-cell CTCF bound regions, the Cpg220k probe set
examines the methylation levels at CTCF binding regions; methylation pattern
differences in these regions are likely to reflect in different phenotypes due to

methylation’s effects on CTCF binding.
2.5.6 Imprinted Genes

CpGs within known imprinted genes were also targeted in the Cpg220k
probe set. Specific regions, known as imprint control elements, that are within
or nearby imprinted genes are expected to be allele specifically methylated in
healthy cell types and these regions can thusly serve as a control. Since these

known imprinted regions are well studied already, deviations from expected
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methylation behavior would be interesting. The discovery of any unexpected
behavior may help further improve the mechanistic understanding of imprinted

ASM in human.

2.6 Cpg220k Probe Set Generation

| firstly generated a list of all CpG coordinates in the human genome
(hg18). | then labeled all CpGs coordinates that belonged to any of the
previously mentioned datasets. Using SNP information from the snp130
database, SNPs that were within 70bp of any of the specially labeled CpGs
were added to the coordinate list. | used 70 bp as a cutoff since recent lllumina
sequencing experiments have been able to produce good quality reads at
70bp and longer; SNPs have to be present on the same sequencing read as a
CpG for ASM analysis. SNP coordinates were treated identically to the CpG
coordinates. If allelic frequency information was available for a SNP site, |
included it in the coordinate list. | then associated all coordinates with RefSeq
genes. | also noted where each CpG coordinate was located within a gene.
For example, if a CpG coordinate was located within an exon, | marked it as
such. In order for a CpG coordinate to be marked in a promoter or 3’ region, it
had to be less than 2 kb away from the gene’s TSS or stop site. Regions
containing labeled CpGs and SNPs that were separated by at least 500bp
were broken up into separate regions. Regions that contained T/C SNPs were
marked so that padlock probes would target the appropriate strand. This is

important because after BSC, a T/C SNP site becomes undistinguishable
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unless the cytosine is always methylated. In these cases, the opposite strand,
which contains an A/G SNP site, is targeted so that one can distinguish the
alleles.

Using a probe selection algorithm specifically designed for padlock
probes, | then produced a set of candidate padlock probes that covered all
targetable CpGs and associated SNPs. The probe selection optimizes target
region coverage and the quality of padlock probes. Multiple strand-alternating
padlock probes are produced to target regions that cannot be targeted by a
single padlock probe; padlock probes whose target regions overlap cannot be
on the same strand since they would interfere with each other. Since padlock
hybridization occurs on ssDNA, padlock probes targeting opposite strands
would not interfere with each other, even if their target regions overlapped.
The Ty, of both targeting arms of each candidate probe are calculated and only
padlock probes where both T, values fall within a specified range are
accepted. This T, characteristic helps predict the hybridization capability of
the padlock probe and ensures that the padlock probes bind more uniformly to
their target regions.

The folding energy of each candidate padlock probe sequence is also
predicted via a program called Unafold(205), which predicts the folding energy
of a nucleotide. Computationally derived folding energy values were found to
correlate with the padlock probes’ target region amplification efficiencies.
Folding energy calculations help take into account the formation of a

secondary structure within a nucleotide sequence. Formations of secondary
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structures within a padlock probe set would introduce variability since some
padlock probes would form secondary structure structures that hindered
hybridization efficiency at targeted regions. The presence of a CpG island in a
targeting arm leads to the generation of additional padlock probes so that a
padlock probe’s targeting arms will form a perfect match regardless of the
CpG methylation state. Since a CpG in a targeting arm’s hybridization region
leads to additional padlock probe generation without any benefit in coverage,
such regions that contain a minimum number of CpGs are preferred. SNPs
within targeting arms also present hybridization challenges and targeting arm
regions that overlap with candidate SNP sites are also avoided.

Due to the large number of regions for which candidate padlock probes
were needed and the computational complexity involved in the selection of
padlock probes (e.g. Tn, calculations, folding energy calculations, creation of
overlapping padlock probes for large regions, etc.), this process had to be
adapted so that it could run in parallel. Since each targeted region is
independent from every other padlock probe region, this padlock probe
selection process can be run separately on each region. | utilized this fact to
create a padlock probe pipeline that could run on 90 nodes simultaneously
and thusly accelerate this process by 90x. A probe selection process that
would take months on a single CPU was reduced to a few days. This was
especially helpful since many padlock selection runs were required as |
adjusted parameters (e.g. minimum T, optimal targeting arm length, etc.) and

modified the list of targeted regions.
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Once the padlock probes were generated, | associated the targeted
regions with CpGs of interest and ensured that the coverage was acceptable
(85% or higher). | also used SOAP to check the uniqueness of the targeting
arms’ sequences(206). | required each padlock probe to hybridize to a single
location on the genome. Otherwise, a padlock probe could target multiple
areas and introduce noise into the results. Candidate padlock probes were
then ranked based on their targeted CpG count, targeted SNP count, and
regions associated with RefSeq genes. The CpG count is important to LD and
DNA methylation pattern analyses, the presence of SNPs is important for ASM
analysis, and the RefSeq gene is important for identifying relationships
between DNA methylation and protein coding gene expression.

| ranked data sets for which padlock probe coverage was limited (i.e.
less than 85%). Regions identified by Stamatoyannopoulos’ and Feinberg’s
groups were considered to be of greatest interest. | thusly included all padlock
probes covering these regions into the Cpg220k data set; ranking was
unnecessary. However, the Salk DMRs, for which there are millions of CpGs,
were ranked since | included only a small percentage of padlock probes
covering those regions into the Cpg220k probe set. Finally, the top candidates
from the ranked padlock probe lists (i.e. Salk DMRs, AML DMRs, predicted
enhancers, and imprinting control regions) were chosen and added to the

Cpg220k probe set.

2.7 Cpg220k Statistics
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The Cpg220k probe set contains 220,000 padlock probes, uniquely
covers 19,205,634 bp, and targets 119,474 unique regions. Cpg220k covers
620,708 CpGs and 105,206 CpGs are covered on both strands. Double-
stranded coverage can be used to verify the experiment by comparing
stranded methylation frequency values and double-stranded coverage also
improves SNP calling. This probe set also includes 127,484 SNPs. 85% of
CpGs within Feinberg’s DMRs are covered (117,376 CpGs covered), 89% of
CpGs within Stamatoyannopoulos’ data set are covered (251,312 CpGs
covered), 2% of CpGs within Ecker's DMRs (112,585 CpGs covered), 19%
from the predicted enhancers data set (30,662 CpGs covered), 18% from the
acute myeloid leukemia data set (16,161 CpGs covered), and 27% of CpGs
located proximal to or within imprinted genes (9,353 CpGs covered). Table
2.7.1, Graphs 2.7.1-2.7.3, and Figure 2.7.1 describe additional details of the
Cpg220k probe set.

Besides expanded coverage, additional design changes were made to
improve the Cpg220k data set. | extended the optimal targeting arm lengths to
27bp so that each arm would likely hybridize at a single location and thusly
reduce any off-target sequencing artifacts. In previous probe sets the target
length was variable. For example, target regions could be between 175 and
225 bp in the Cpg30k probe set. The variability in target region sizes lead to
larger smears in PAGE gels during size selection steps. Smears can make it
more difficult to remove all of the target sequences and thusly prevent the

amplification of desired regions. Large smears can also lead to the inclusion of
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sequences that are not targeted regions. To minimize the target regions’
smear area during electrophoresis, all target regions in the Cpg220k probe set
are 180 bp long. Since all target regions are of the same length, they will
appear as a single tight band in PAGE gels, making their excision and

identification from other sequences easier.
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Table 2.7.1 CpG coverage by probe set. This table shows the number of CpGs covered by
bisulfite sequencing padlock probe sets. Cpg30k is the oldest and was used to demonstrate
the BSPP method(38). The Cpg30k probe set focused on CpG islands in chr12 and chr20
while the newer Cpg97k set focused on DMRs published by Feinberg’s group(40, 41, 186).
The number in each of probe set name represents the number of probes in that set (e.g.
Cpg30k contains about 30,000 padlock probes).

Probe Set Name Number of CpGs Covered
Cpg30k 129,175
Cpg97k 245,221

Cpg220k 620,491
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Graph 2.7.1 CpGs per probe count. This histogram shows the number of CpGs covered per
probe. The y-axis represents the density of targeted regions associated with the CpG range
indicated on the x-axis. Since most the targeted regions are not CpG islands, the histograms
reflects that between 25% and 30% of targeted regions contain less than 4 CpGs. Each
targeted region spans 180 bp.
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Graph 2.7.2 Padlock probe SNP density. This histogram shows the number of SNPs
contained on a padlock probe. Most targeted regions do not cover a candidate SNP region. In
order for a SNP to be interesting in methylation analysis, a sequencing read must cover the
SNP site and at least one CpG site.
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Graph 2.7.3 SNP-neighboring CpG distances. This histogram shows the distance between a
candidate SNP site and its closest CpG (bp). 70-100bp reads are becoming common in short
read sequencing, which means that SNP-CpGs distances less than 70-100bp will be found on
the same read. This information is important for ASM analysis since it requires a SNP and at
least one CpG to be present on the same read. The Cpg220k probe set is the first BSPP
(bisulfite sequencing padlock probe set) that is designed to capture SNPs and CpGs together.
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Cpg220k's Overlapping CpG Coverage
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Figure 2.7.1 Cpg220k’s overlapping CpG coverage. This pie chart shows the dramatic
increase in coverage of the Cpg220k probe set. Since most of the CpGs covered in the
Cpg30k probe set showed little methylation change across the investigated cell types
(fibroblasts, lymphoblasts, and pluripotent cells), most of these CpGs were not targeted in the
newer data sets. The Cpg220k and Cpg97k overlap much more significantly because both
probe sets are larger than Cpg30k and both sets include DMRs found by the Feinberg group



Chapter 3 Intercellular Methylation Analyses Using

Bisulfite Padlock Probes

3.1 Background and Experimental Validation

The bisulfite sequencing padlock probe (BSPP) technique performed in
Kun Zhang’s lab was first published using the Cpg30k probe set. The goal of
this study was to validate the BSPP capture method by interrogating CpGs
across multiple fibroblast, ES (embryonic stem cell), and iPS (induced
pluripotent stem cell) cell lines. My work on this project involved finding
methylation patterns in these cell lines and discovering the biological meaning
for such patterns.

The Cpg30k probe set targeted 2,020 CpG islands across chr12 and
chr20, 237 promoters in eight ENCODE regions, and the 4 kb region centered
around the TSS of 26 genes associated with development or pluripotency.
Validation of the BSPP capture method involved the reproducibility of
methylation frequencies across IMR90 replicates, the consistency of stranded
methylation frequency values (i.e. whether the methylation frequency of a CpG
on the Watson strand matched the methylation frequency of the same CpG on
the Crick strand), and the comparison of the lllumina sequencing methylation
frequency results with an independent sequencing method (i.e. Sanger
sequencing). The IMR90 replicates exhibited a strong correlation, R=.97, and

the strand specific methylation comparison exhibited a strong correlation of

75
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R=.987. The strong correlation of the IMR90 replicates demonstrated that the
entire experiment could be reproduced with little variability, either biological or
experimental, and the strand specific validation showed that there is only a
small error involved within the experiment itself. The strand specific CpG
comparison acts as an intra-experiment variability marker. After bisulfite
conversion (BSC) the DNA strands are no longer reverse complementary and
thusly act as independent sequences. The later discovery that most of the
targeted CpGs are unmethylated in the Cpg30k dataset, which means most
CpGs as well as non-CpG cytosines are converted to uracils thusly destroying
base pairing, further supports the independence of the BSC Watson and Crick
strands. Finally, the Sanger sequencing results matched the methylation
frequencies values from lllumina sequencing with a correlation of R=.975.
These validation steps demonstrate that the Cpg30k probe set reliably

captured methylation states from targeted CpGs.

3.2 Cell Lines Used in the Experiment

The methylation analysis focused on finding methylation signatures
related to pluripotency and development in 11 cell lines. 4 of the investigated
cell lines were induced pluripotent stem cell lines. Another 3 were the
differentiated fibroblast cell lines from which the iPS cells were derived. Three
embryonic stem cell lines were used and also a single Hybrid1 cell line, which
consisted of a HUES6 nucleus fused with a BJ nucleus. Given the range of

differentiated cells, embryonic stem cells, and experimentally manipulated
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pluripotent stem cells, significant methylation-related features found in these
datasets could be linked to phenotype (e.g. pluripotent or differentiated) or to a
specific cell line.

Four iPS cell lines and their fibroblast cell line sources were included in
this study. The three fibroblast cell lines are BJ (neonatal human foreskin
fibroblasts), IMR9O0 (fetal lung fibroblasts), and hFib2 (adult male fibroblasts).
From these three fibroblast cell lines, four iPS cell lines were produced, BJ-
iPS11, BJ-iPS12, hFib-iPS4, and IMR90-iPS. Multiple methods for iPS
transformation exist. Since there is strong social pressure for researchers to
derive pluripotent stem cells without the destruction of embryos, there is great
interest in the development of an iPS protocol that optimizes efficiency and
viability (e.g. minimize cancer risks). The four studied iPS cell lines were
derived via three different transformation protocols: (1) IMR90-iPS was
reprogrammed with Oct4, Sox2, Nanog, and Lin28 transcription factors(706),
(2) hFib2-iPS4 was reprogrammed with Oct4, Sox2, KIf4, and Myc(207), and
(3) BJ-iPS11 and BJ-iPS12 were transformed with Oct4, Sox2, Nanog, Klf4,
and Myc via an inducible promoter(208). The inducible promoter technique
allows those five transcription factors to be expressed upon addition of a
chemical. This allows researchers to differentiate iPS cells into various cell
types and then reprogram them back to iPS cells by adding a single chemical.

Representing another pluripotency reprogramming technique, a
pluripotent Hybrid1 cell line that contains fused BJ and HUESG6 nuclei was also

investigated. The Hybrid1 cell line is a tetraploid since it contains 2
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chromosomes originally from a BJ nucleus and 2 chromosomes originally from
a HUESG63 nucleus. Methylation frequencies computed for this cell line will
thusly be an average over four chromosomes. The Hybrid1 cell line is of
research interest since it represents yet another technique for reprogramming
a fibroblast cell to a pluripotent state. However, this cell line offers little medical
potential since it requires a HUES nucleus for pluripotency transformation and
the biological consequences of a tetraploid human cell are not well
understood.

Serving as a pluripotency standard, three human embryonic cell lines
were examined in the study. HUES12 was first published in 2004 and it was
derived through the immunosurgical removal of the inner cell mass from a
human blastocyst(209). HUES43 and HUESG2 cell lines were derived using
an updated protocol that replaced immunosurgery with a laser, and these cell
lines were published in 2009(270). Although the three stem cells show
similarity regarding presence of pluripotency markers, researchers have found
different human embryonic stem cells have different differentiation
biases(211). Comparing these gold standard cell lines to the iPS and Hybrid1
cell lines, one can observe methylation patterns that offer clues into any
characteristic differences in the transcriptional regulatory program amongst the

cell types.

3.3 Overview of Methylation Across Cell Lines
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Looking broadly at chromosomes 12 and 20, where the vast majority of
Cpg30k targeted regions lie, the methylation signatures appear to be generally
consistent across the 11 cell types (Figure 3.3.1). Between 58,000 and 73,000
CpGs per cell line were covered by at least 10 reads in the Cpg30k BSPP
experiment and these CpGs were used in the methylation signature analysis
(Table 3.3.1). From Figure 3.3.1, methylation appears to be in blocks.
Unmethylated regions flank regions of strong methylation. However, the
Cpg30k BSPP is limited since it is misses CpG methylation information outside
of CpG islands on chr12 and chr20.

Many of the targeted CpG islands appear unmethylated consistently
across all cell types (Figure 3.3.2). A histogram showing the distribution of
methylation frequencies further illustrates this consistent demethylation of CpG
islands (Graph 3.3.1). Mentioned in Chapter 2, the presence of targeted
regions whose DNA methylation signatures remain static is uninteresting when
looking for ways to discriminate between cell types. Ultimately, | am
discovering differences in methylation patterns and directly or indirectly linking
them to differences in biology (e.g. phenotypic differences such as
pluripotency and differentiated cell types). Although many regions do not show
broad cell type specific methylation patterns, there are some regions that do

show unique methylation patterns. Figure 3.3.3 shows a ~15 Mb region in

chromosome 20 that shows short but distinct fibroblast- and pluripotent-

specific methylation signatures. This small region of differential methylation
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overlaps with several genes (e.g. C200rf26, PLK1S1, CRNKL1) and the
presence of the DNA methylation likely has significant biological outcomes for
many of these overlapped genes. Given the presence of cell type specific
methylation regions, the next step is to examine the discriminatory power of

these regions and find biological reasons for these methylation differences.



Table 3.3.1 Read mapping statistics for the Cpg30k BSPP Experiment.
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CpG
sites
covered Non-CpG
Mapped 210 Mean Cytosines

Cell line | Raw reads Reads reads | Coverage (%)
BJ 10,853,272 | 2,057,753 | 67,470 71 0.01
BJ-iPS11 | 12,276,017 | 2,240,958 | 69,454 77 0.012
BJ-iPS12 | 10,539,126 | 2,179,019 70,741 74 0.011
hFib2 14,408,007 | 2,540,405 | 60,007 96 0.011
hFib2-
iPS 14,805,000 | 2,173,844 | 58,531 80 0.014
IMR90 14,795,564 | 2,896,881 59,950 113 0.011
IMR90.2 9,892,238 | 2,051,461 55,966 72 0.011
IMR90-
iPS 10,985,469 | 2,473,997 | 66,424 58 0.013
Hybrid1 9,693,455 | 2,913,639 | 68,849 65 0.014
HUES12 11,360,235 | 3,760,194 72,463 118 0.015
HUES42 11,185,368 | 3,671,564 | 67,926 125 0.012
HUES63 14,315,301 | 2,472,893 73,196 97 0.013
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Figure 3.3.1 A ~100 Mb window from chr12. In the chromosome ideogram (top), the red
rectangle specifies how much and which region of the chromosome is displayed below. Green
bars indicate unmethylated CpGs and red bars indicate methylated CpGs. A this scale, the
methylation landscape appears to be similar across cell lines.
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Figure 3.3.2 A smaller section of chr12 (~35 Mb) reveals that many CpG islands are

unmethylated.
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Graph 3.3.1 This graph shows the distribution of CpG methylation frequencies across all cell
lines. The area underneath the bars sums to unity. The distribution shows that over 60% of the
CpGs targeted by the Cpg30k BSPP are unmethylated while only about 10% are completely
methylated.
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Figure 3.3.3 This chromosomal region reveals cell type specific methylation patterns on a
large scale (~15 Mb window). One such region is within the darkened rectangle between 20
and 25 Mb. Fibroblasts share a methylation signature in this region that visibly differs from
pluripotent cell types. The iPS cell types have signatures that closely match the HUES cell
lines in this region.
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3.4 Cell Type Specificity of DNA Methylation

Although most of the targeted CpG sites were consistently
unmethylated across all cell types, cell types clustered together based on their
methylated frequency profiles (Figure 3.4.1). Unsurprisingly, the IMR90
replicates clustered closely together while the BJ and hFib2 cell lines showed
more methylation variability. This variability is not surprising since IMR90 cells
originated from fetal lung tissue, BJ cells originated from neonatal foreskin
tissue, and hFib2 came from adult dermal tissue. Despite this variability, the
fibroblast lines have methylation signatures that are noticeably different than
the pluripotent cell lines.

The embryo-derived pluripotent cells, HUES63, HUES42, and HUES12,
clustered very closely together showing similar variability to the IMR90
replicates. This demonstrates a methylation state homogeneity of targeted
CpGs across the HUES cell lines, which supports their use as a standard of
pluripotency.

The iPS cell lines clustered much more closely to the HUES cell lines
than fibroblasts, supporting their identity as pluripotent stem cells. But the iPS
cell lines clustered separately from the HUES cell line. The difference in
similarity between the fibroblasts and the iPS transformed fibroblasts
demonstrates that the iPS cell biology, as revealed by DNA methylation,
closely matches the embryo-derived pluripotent cell lines. In addition, the

methylation signature similarity of all iPS cell lines to HUES cell lines



87

demonstrates that the three transformation methods do not yield vastly
different methylation profiles. However, the two BJ-iPS cell lines do cluster
most closely together, which may reveal a fibroblast memory effect in the iPS
cell line or that differences in transformation methods yield small differences in
DNA methylation signatures. Unlike the iPS cell lines, the Hybrid1 cell line is
indistinguishable from the HUES cell lines. Since the Hybrid1 cell contains
fused BJ-HUESG nuclei, the closer similarity of Hybrid1 to HUES cell lines
relative to iPS cells hints at methylation dependencies on transformation
methods.

Comparison of the methylation frequency distributions between
fibroblasts and pluripotent cells reveals higher levels of methylation in the
pluripotent cell lines. This is observed by looking at a Quantile-Quantile plot,
which involves: (1) taking CpG sites covered by all cell lines, (2) averaging the
methylation frequencies per CpG across cell lines within the same cell type
group (i.e. fibroblasts, ES cells, iPS cells), (3) ranking the methylation
frequencies for each group separately, and (4) plotting the methylation
frequencies of two groups based on rank (Graph 3.4.1). If the distribution of
methylation frequencies were exactly the same for both cell lines, the points
would match the y=x line. However, the Q-Q plot shows that in intermediate
methylation frequency values (i.e. values between .2 and .8), pluripotent stem
cells appear to have higher methylation frequencies at the same rank than
fibroblasts. For example, as one descends down the ranked list of fibroblast

methylation values, he/she finds that a .4 methylation value corresponds to a
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.6 methylation frequency value at the same rank in pluripotent cells. More
interestingly, pluripotent cells are slightly more methylated than ES cells based
on the Q-Q plot. Overall, pluripotent cells tend to be more methylated than

fibroblasts.
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Figure 3.4.1 This graph depicts the dissimilarity between cell lines based on the Cpg30k
targeted CpG methylation singatures. Dissimilarity is the euclidean distance between
correlations. The fibroblast lines, IMR90, BJ, and, hFib2, cluster closely together while the iPS,
HUES, and Hybrid1 cell lines cluster closely together. Within the pluripoent cell type group, the
iPS cells do not cluster as tightly together as the HUES cell lines.



Graph 3.4.1 This plot compares the methylation states of CpGs that were covered in all 12
samples. The methylation values were averaged per cell type group (i.e. ES cells, iPS cells,
and Fibroblast cells). These averages were ranked and plotted rank wise. For example, the
highest methylation frequency value for the fibroblast group (y-axis) was plotted with the
highest methylation frequency value for the pluripotent cell group (x-axis). The graph shows
that for CpGs with intermediate methylation values tended to be more methylated in
pluripotent cell lines. Additionally, these regions tended to be more methylated in iPS cells
than in HUES cell lines.
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3.5 DNA Methylation in TSS Regions

Given that the overall methylation profiles distinguish between cell
types, more detailed examinations of targeted CpG regions illuminates the
biological meaning behind these differences. When looking at the 26 genes
whose TSS regions were covered by the Cpg30k probe set, certain genes
associated with development and pluripotency show cell type specific
methylation patterns (Figure 3.5.1). The POUSF1 TSS region, which encodes
the Oct4 protein (i.e. master regulatory of pluripotency), is more methylated in
the fibroblast cell lines than in the pluripotent cell lines. However, NANOG and
SOX2, which encode transcription factors associated with pluripotency, do not
show methylation patterns that clearly discriminate between the pluripotent
and differentiated cell types. The TSS region of DNMT3B, which is associated
with de novo methylation in pluripotent cell lines, does show significant
methylation in the fibroblast cell lines relative to the pluripotent ones.

Though POUSF1 and DNMT3B show cell type specific methylation
patterns, they are not as simple as completely unmethylated or methylated
(Figures 3.5.2-3). In the pluripotent lines, DNMT3B is mostly unmethylated,
with the vast majority of methylation frequencies less than .15 but in the
fibroblast, the methylation frequencies assume a broader distribution. Most of
the CpGs in this TSS region are either methylated at around .7 or .05 across
the fibroblast cell lines. Few CpGs are strongly methylated (i.e. methylation

frequency > .9). Across the fibroblast cell populations used in the BSPP
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experiment, the majority of cells contain methylated CpGs in the DNMT3B
region but there exists a small subpopulation of cells, or more unlikely alleles,
where these CpGs are also unmethylated. POUSF1 shows a similar pattern
where its TSS region is mostly unmethylated (vast majority of methylation
frequencies < .2) in pluripotent cells but the methylation frequencies in the
fibroblast cells are more broadly distributed in this region. Gene expression
correlates negatively with methylation in the DNMT3B and POUSF1 TSS
regions. Gene expression is reduced over 10-fold in fibroblasts, which also
show higher levels for CpG methylation in both TSS regions (Table 3.5.1).
These two TSS regions demonstrate that shifts in methylation patterns can
correlate with dramatic changes in expression level.

Similar to POUSF1 and DNMT3B, NANOG and LEFTY?Z2 also undergo
significant expression change upon differentiation but their respective
methylation patterns do not change as significantly (Figures 3.5.5-6). LEFTY?2
undergoes an expression change similar to POUS5F1 upon differentiation but
the methylation pattern in its TSS region is similar across the three cell types.
NANOG is also only highly expressed in pluripotent cell lines. The methylation
states around its TSS show slightly more methylation in the fibroblast cell
lines, but it is not as clear as with POUSF1 and DNMT3B. It is likely one or
both of the following factors: (1) regulatory mechanisms other than DNA
methylation contribute significantly to these genes’ transcription in this region
and (2) regulatory regions outside the TSS regions are contributing to these

genes’ transcription. In the case of (2), targeting those distal regulatory regions
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may reveal DNA methylation changes similar to the TSS regions of POU5F1
and DNMT3B. FGF7 is a gene that is significantly more expressed in
fibroblasts. lts methylation profiles show that its TSS region is more
unmethylated in fibroblasts than in pluripotent cells (Figure 3.5.4).

Two known imprinted genes, SNRPN and MEG3, show little
methylation signature changes upon differentiation. Imprinted genes are allele
specifically expressed genes and the allelic preference if parental specific.
Chapter 1 describes mechanisms that underlie imprinting and the resulting
phenotypes from improper establishment of imprinting regions. Imprinted
regions are regulated by imprint control elements; if imprint control elements
are removed, the imprinting pattern is lost. The TSS regions around SNRPN
and MEG3 show that the majority of CpGs are fuzzily methylated, which
means the CpGs contain a methylation frequency between .25 and .75. In the
case of imprinting genes, the fuzzy methylation values are caused by
averaging over an unmethylated and a methylated allele. Since the
methylation frequencies do not significantly change across cell types, the
imprinting patterns appear to be already established in pluripotent cells.

Reprogramming also does not affect these patterns.
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Figure 3.5.1 This figures shows the methylation profiles across 26 genes ([+2kb,-2kb] from
TSS). CpGs are placed into 20 bins based on their methylation frequency values. For
example, if a methylation frequency is between .20 and .25, it is placed in bin 4, which is
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labeled as 0.20. The color of each bin represents the fraction of probes in the TSS region that

fall within the bin. The higher the fraction, the brighter the green color. For example, if all

probes within a TSS were contained in the .60 bin, there would be a single bright green mark

at the .060 bin; all other bins would be black. The color saturates at .25 so that subtle
methylation changes are visually distinguishable.



Table 3.5.1 This table shows the log2 expression values for referenced genes. Note that
HUESG6 was not a cell sample used in the methylation analysis but it is considered as a
reference ES cell. All expression values were quantile normalized.
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RefSeq Gene BJ- IMR90-

Gene Name HUES6 | Hybrid1 | BJ iPS12 iPS hFib2
NM_006892 | DNMT3B 13.4 13.3| 6.0 8.5 10.2 6.2
NM_002701 POU5F1 13.4 134 | 56 10.5 10.8 5.6
NM_024865 | NANOG 12.8 126 | 5.3 9.7 9.5 5.6
NM_003240 | LEFTY2 13.6 129 | 538 10.5 9.2 5.9
NM_002009 | FGF7 5.1 52| 6.7 5.4 4.9 9.0
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Figure 3.5.2. This figure shows the CpG metylation levels around the POU5F1 TSS region.
POUSF1 is expressed in pluripotent cells and is less methylated around the TSS.
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Figure 3.5.3. This figure shows the CpG methylation levels around the DNMT3B TSS region.
DNMT3B is expressed in pluripotent cells and, like POU5FT1, is less methylated around the
TSS. Unlike in the POUSF1 TSS region where the cell type specific methylation pattern is
uniformly spread throughout, the unique mehylation pattern in DNMT3B weakly appears in the
promoter region and more obviously about 2 kb downstream of the TSS. The covered CpG
island does not show cell type specific methylation.
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Figure 3.5.4 Similar to DNMT3B and POU5F1, FGF7 is more expressed in cell lines that
exhibit less methylation around the TSS. The pluripotent cell lines show the most methylation
around the TSS, while BJ shows moderate methylation, and the IMR90 and hFib2 show the
least methylation. The expression follows this progression with hFib2 showing the higest level
of FGF7 expression, BJ showing moderate FGF7 expression and the pluripotent cell lines
showing the lowest levels of FGF7 expression.
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Figure 3.5.5 Contrary to DNMT3B and POUSF1, LEFTY?2 exhibits cell type specfic expresion
patterns but the methylation signatures are not clearly cell type specific. The promoter tends to
be only slightly more methylated in pluripotent cell lines.
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Figure 3.5.6 The NANOG TSS region does not show any clear cell type specific methylation
patterns though it is highly expressed in pluripotent cell lines only. The regulation of NANOG is
either DNA methylation independent or occurs at distal regulatory regions.
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3.6 DNA Methylation in CpG Islands

Targeting CpG islands across chr12 and chr20, the Cpg30k probe set
revealed that the majority of CpGs is unmethylated across pluripotent and
fibroblast cell types (Figure 3.6.1). When comparing the CpG islands’
methylation states across pluripotent and fibroblast cell types, the majority of
CpG islands also does not exhibit significant methylation changes. Figure
3.6.1 shows three clusters of CpG islands where each cluster encompasses
(1) strongly correlated, (2) weakly correlated, or (3) non- or anti-correlated
CpG islands across pluripotent and fibroblast cell types. Cluster 1
encompasses 76% of all covered CpG islands, which includes most of the
unmethylated CpG islands. Cluster 1 contains the remaining 13% of CpG
islands and Cluster 3 contains 11% of CpG islands. Figure 3.6.2 shows a
portion of the HOXC gene cluster and the methylation states of the contained
CpG islands. Most of the CpG islands are within cluster 1 since they show no
differential methylation between fibroblasts and pluripotent cell lines but there
are also CpG islands that belong to cluster 3. Unlike in the TSS regions,
regions showing differential methylation across CpG islands (i.e. cluster 3),
when associated with nearby genes, do not show significant gene expression

changes.
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Figure 3.6.1 a) CGls were clustered into three groups based on the their methylation
frequency correlation across cell types. CpG islands that had strong correlation are in cluster 1
(R > .5). CpG islands with weak correlation are in cluster 2 (0 < R< .5). CpG islands showing
no or anti-correlation are in cluster 3 (R < 0). Each row represents a CpG island. CpG island
labels are omitted for clarity. CpGs are placed into 20 bins based on their methylation
frequency values. For example, if a methylation frequency is between .20 and .25, it is placed
in bin 4, which is labeled as 0.20. The color of each bin represents the fraction of probes in the
TSS region that fall within this bin. b) This is a close-up of Cluster 2 c) This is a close-up of
Cluster 3.
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Figure 3.6.2 This figure offers an overview of the CpG islands that cover the HOXC gene
cluster. A few CpG islands in this region are located in cluster 3 since they are differentially
methylated between fibroblast and pluripotent cell lines. However, most CpG islands show no
differential methylation between fibroblasts and pluripotent cell lines (cluster 1). Near the
HOXC9 TSS is a CpG island that is unmethylated across all cell lines (cluster 1 CpG island)
and a CpG island near a HOXCS variant is strongly methylated only in the BJ cell line.
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3.7 Gene Expression and CpG Methylation Levels

The effects of methylation on gene expression vary depending the
CpG'’s position relative to the TSS (Figure 3.7.1). The correlations in the figure
were based on a 500 bp window starting at -10 kb and moving in 200 bp
increments. CpG methylation values within the window were averaged and
compared to the log2 expression value of its associated gene. Significance
was based on a background normal distribution created by randomly adding
CpGs to a CpG window regardless of the CpGs actual distance from a TSS.
CpG windows nearby multiple genes were excluded from this analysis.

Methylation near the TSS tends to decrease gene expression.
However, methylation downstream of the TSS correlates with positive gene
expression. Methylation 9-10 kb upstream of TSS also exhibits a positive
correlation with gene expression. These relationships indicate that DNA
methylation, which is targeted mostly at CpG islands, affects transcription
differently based on its position relative to the TSS. This correlation analysis
included six cell lines and a complete analysis that included additional cell
lines, which was published last year, further supports these position
effects(38). Using the methylome data sets for IMR90 and H1 from Joe
Ecker’s group, the effects of CpG methylation on gene expression patterns
observed in the Cpg30k dataset are confirmed (Figure 3.7.2)(7). Methylation is
significantly anti-correlated with gene expression around the TSS and

methylation is correlated with gene expression away from the TSS. The data
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from Joe Ecker’s group shows that methylation downstream of the TSS is
slightly more correlated with gene expression than upstream methylation.
Although the correlations from these analyses are significant given a random
background, they are still small values (i.e. less than .5). This demonstrates
that other mechanisms are also important in regulating transcription and thusly
methylation frequency data cannot be used as a sole source of data to
accurately predict gene expression. However, this analysis shows that DNA
methylation can affect gene expression positively and negatively depending

on its location relative to the TSS of interest.
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CpG Methylation and Expression Correlation
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Figure 3.7.1 The figure shows the correlation between CpG methylation values and RefSeq
gene expression values across 6 cell lines (i.e. hFib2, hFib2-iPS4, IMR90, IMR90-iPS, BJ, and
BJ-iPS12). Significant correlations are in blue (p-value < .01) while non-significant correlations
are displayed in red. Methylation correlates with increased expression downstream of the
TSS. Around the TSS ([+1 kb, -1kb]), methylation correlates negatively with gene expression.
Far upsteam from the TSS, increased methylation correlates with gene expression.
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Figure 3.7.2 The figure shows the correlation between BS shotgun sequencing CpG
methylation values and RefSeq gene expression values across IMR90 and H1 cell lines(7).
Significant correlations are in blue (p-value < .01) while non-significant correlations are
displayed in red. Methylation correlates with increased expression downstream and upstream
of the TSS. Methylation near the TSS correlates with decreased gene expression.
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3.8 Conclusion

My analyses revealed that the Cpg30k BSPP was able to capture cell
type specific methylation patterns and that methylation correlates with gene
transcription. The probe set, which focused on CpG islands across
chromosomes 12 and 20, successfully and reliably captured methylation
information across 11 cell lines. Clustering these cell lines based on their
methylation signatures clearly separated pluripotent cell lines, which included
iPS, Hybrid, and ES cell lines, from the differentiated cell lines (i.e. fibroblasts).
iPS cell lines appeared to be slightly more methylated than ES cell lines. Both
pluripotent cell lines were more methylated than the fibroblast cell lines.
Looking at individual TSS regions, DNA methylation signatures do reflect the
cell type specific gene expression patterns of several genes. However, many
genes expressed in a cell type specific manner did not show cell type specific
methylation patterns. This indicates regulation outside of the TSS region
and/or DNA methylation independent regulation. CpG methylation correlated
negatively with gene expression near the TSS ([-1 kb, +1 kb]). Away from the
TSS, methylation is slightly positively correlated with gene expression.
However, the weak correlation indicates other factors also regulate gene
expression. Looking at the targeted CpG islands specifically, most were
unmethylated and did not discriminate between cell types. Based on the lack

of methylation specificity for most of the Cpg30k targeted regions, newer
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probe sets were designed based on regions experimentally shown to exhibit
differential methylation.

Chapter 3 is a rewrite of material as it appears in J. Deng, R.
Shoemaker, B. Xie, A. Gore, E. M. LeProust, J. Antosiewicz-Bourget, D. Eqgli,
N. Maherali, I. H. Park, J. Yu, G. Q. Daley, K. Eggan, K. Hochedlinger, J.
Thomson, W. Wang, Y. Gao, K. Zhang, Targeted bisulfite sequencing reveals
changes in DNA methylation associated with nuclear reprogramming. Nat
Biotechnol 27, 353 (Apr, 2009). The dissertation author was the primary data

analyst of this paper.



Chapter 4 Intracellular Methylation Analyses Using the

Cpg30k BSPP

4.1 Abstract

In diploid mammalian genomes, parental alleles can exhibit different
methylation patterns (allele-specific DNA methylation, ASM), which have been
documented in a small number of cases except for the imprinted regions and
X chromosomes in females. We carried out a chromosome-wide survey of
ASM across 16 human pluripotent and adult cell lines using Illumina bisulfite
sequencing. We applied the principle of linkage disequilibrium (LD) analysis to
characterize the correlation of methylation between adjacent CpG sites on
single DNA molecules, and also investigated the correlation between CpG
methylation and single nucleotide polymorphisms (SNPs). We observed ASM
on 23~37% heterozygous SNPs in any given cell line. ASM is often cell-type
specific. Furthermore, we found that a significant fraction (38~88%) of ASM
regions are dependent on the presence of heterozygous SNPs in CpG
dinucleotides that disrupt their methylation potential. This study identified
distinct types of ASM across many cell types and suggested a potential role

for CpG-SNP in connecting genetic variation with the epigenome.
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4.2 Introduction

DNA methylation is an epigenetic marker that plays a direct role in
transcriptional regulation. DNA methylation patterns are tissue specific.
Embryonic stem cells undergoing differentiation show significant changes in
DNA methylation patterns(7, 38, 47). In addition to DNA methylation pattern
differences between cell lines, DNA methylation can also be allele specific
within a cell line and is thusly linked to allele specific gene expression (ASE).
An example of allele specific methylation (ASM) is genetic imprinting, which
describes the parent-specific gene expression behavior of a small set of
genes. The methylation pattern of imprinted genes is distinct; the inactive
allele is significantly more methylated than the actively expressed allele. The
number of currently known imprinting genes is suspected to be a small fraction
of the total number of imprinted genes. Recent work has provided a large
candidate list of imprinted genes(52) though most of these candidates still
remain to be validated. Even less is known is about the genes that fall into the
broader ASM category. The biological importance of methylation is clear as
disturbances of known methylation patterns are linked to disease
phenotypes(206, 212, 213).

In a recent survey of DNA methylation changes during nuclear
reprogramming of human fibroblasts to induced pluripotent stem cells, 7.6% of
CpG islands were found to be dominated by CpG sites that have intermediate

levels of methylation (0.25-0.75, referred as fuzzy methylation), even though
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the samples used in the assay are polyclonal or monoclonal cell lines(38). A
small fraction of fuzzily methylated CpG dinucleotides are related to X
inactivation and imprinting is unlikely the dominant effect that explains the
other regions. ASM is another mechanism that could potentially explain fuzzy
methylation. However, only a handful of ASM regions have been identified to
date(2714, 215). Taking advantage of the high-resolution CpG methylation
information generated from targeted bisulfite sequencing, we carried out a
systematic study to characterize ASM and its role in fuzzy methylation (Figure

4.2.1).
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Figure 4.2.1 The workflow of data analysis contains the following steps: 1) Pre-processing of
lllumina data involved detecting whether the read was a PCR product or bisulfite converted
sequence and taking the reverse complement of PCR product sequences. Then the read
sequences were demethylated in silico. 2) Reads were mapped to the unmethylated bilsulfite
converted hg18 reference genome. 3) Reads that did not uniquely map to the reference are
filtered out. Paired end reads that mapped too closely together or too far away were treated as
single end reads. 4) The read coordinates of the mapped in silico demethylated reads were
assigned to the read’s original sequence. The methylated state of any known CpGs covered
by the reads were investigated. 5) SNPs were called based on the mapped read data using
our own algorithm and SAM Tools. The intersection of SNP calls from these two algorithms
was used in further anlayses. 6) The methylation states of new CpGs created by SNPs were
investigated. 7) The methylation information was used for LD and SNP ASM analyses.
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4.3 Results

We reasoned that, if fuzzy methylation were due to unequal methylation
levels between the two copies of the chromosomes in the same cells or the
presence of heterogeneous epigenetic states among the cell population, the
methylation levels on adjacent CpG sites of the same DNA molecules should
be highly correlated. When performing Illumina sequencing on bisulfite
converted DNA, a sequencing read often contains multiple CpG sites, which
can be treated as methylation haplotypes. Such methylation haplotypes are
similar to SNP haplotypes, which allowed us to extend the concept of linkage
disequilibrium (LD) analysis to characterizing the co-methylation of CpG sites
on single DNA molecules. Specifically, we used the LD measurement r?, which
indicates the fraction of variation (of methylation status) on the CpG site A that
can be explained by the variation on another CpG site B. Note that in this
context LD is defined on a population of diploid cells.

Our analyses were based on the targeted bisulfite sequencing data
(41bp reads) previously generated on 11 human pluripotent and adult cell
lines(38), plus additional paired 36bp lllumina sequencing reads on 8 human
cell lines (3 cell lines were covered in both sets). The following regions were
examined in this analysis: (1) all 2,020 CpG islands on human chromosomes
12 and 20, (2) 237 promoters in eight ENCODE (the Encyclopedia of DNA

Elements) regions, and (3) the 4-kb region centered around the transcription
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start sites (TSS) of 26 genes related to development or pluripotency. In
addition to the lllumina short reads, Sanger sequencing data from cloned
bisulfite PCR amplicons on a selected number of regions were also generated
(Tables 4.3.1-4.3.3). Expanding on the previous published read mapping
strategy (38), we used whole genome mapping for lllumina data and
developed methylation haplotype identifying algorithms for lllumina and
Sanger sequences. Regions with at least 10x read depth were used in our LD

analysis.



114

Table 4.3.1 SNPs and ASM by Sanger sequencing. ASM statistics of the Sanger sequences
compared to the lllumina read regions. Minimum allele read depth shows the minimum
number of aligned Sanger sequences for either allele at each SNP region. The ASM
categories were determined using the same criteria as for the lllumina sequences. Two called
heterozygous SNPs in HUES63 and hFib2 from the lllumina data were not found in Sanger
sequences. lllumina and Sanger ASM categories were considered consistent if both
sequencing methods called ASM (i.e. category | or Il). There were 7 cases where the ASM
calls were not consistent between the lllumina and Sanger data. Rs2072788 in PGP1F and
PGP1-iPS1 was a SNP that destroyed the cytosine of a CpG dinucleotide in one of the alleles
in the Sanger sequences, which made this region ineligible for a category Il ASM label. These
two SNP regions were considered category | ASM in the lllumina data because of a
neighboring CpG site that showed ASM. This corresponding CpG site in the Sanger data did
not have sufficient read depth for a statistical call of ASM. Rs20889908 in PGP1F and
rs2018002 in PGP3L also had insufficient Sanger read depth for ASM categorization. The
discrepancy involving rs1061726 in BJ-iPS11 cannot be explained by read depth or single
stranded coverage.

Minimum

Associated Ref | Sequenced | Allele Read | Sanger ASM | lllumina ASM

Cell Line SNP 129 ID | Seq Genes Strand Depth Class Class
BJ rs3746459 NECAB3:intron | - 1110 1
BJ rs7266947 + 711 I
BJ-iPS11 rs10877897 + 46 | | I
BJ-iPS11 rs1061726 + 6|1 1
BJ-iPS11 rs3746459 NECAB3:intron | - 411 I

FLJ22662:intro
BJ-iPS12 rs10846023 | n - 911

SLC26A10:5
hFib2 rs2277324 prime + 0| NA

SLC26A10:5
HUES42 rs2277324 prime + 2(m 1
HUES63 rs220030 SNRPN:intron - 0| NA 1
IMR90-iPS rs2018002 DNMT3B:intron | + 2(m 1
IMR90-iPS rs2089908 LSP1:5 prime + 811 Il
PGP1F rs2236416 MMP9:intron + 111 1 1
PGP1F rs2089908 LSP1:5 prime + 711 Il
PGP1F rs2072788 MATN4:exon - 12 1 I
PGP1L rs2236416 MMP9:intron + 6|1 I
PGP1L rs2072788 MATN4:exon - 811 I
PGP1-iPS1 | rs2072788 MATN4:exon - 111 1 I
PGP3L rs6061990 TAF4:intron + 14 |1 Il
PGP3L rs2018002 DNMT3B:intron | + 1110 I
PGPIL rs6061990 TAF4:intron + 1311 I

PGPOL rs2018002 DNMT3B:intron | + 411 1]




Table 4.3.2 Primer Sequences.
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Ampli

con
Index size
SNP Forward primer Reverse primer (bp)
rs1061726 GTAGAAATTTGGAAGTGGAAATTT TAATCAATAATTTTTCCAAAAAAAA 645
rs10846023 | TTTAGGGGTTGTTAGAGGGTTAGA | AAATTTTTAAAACCAACCCAAACTC 674
rs2018002 GTTTTTGTTTTGGGAAAAGTTAAG CAAAAAACAACTCAAAATTCATACT 773
rs2072788 GTGAGGTTTTGTTGATTTAGGAGAG | ATCCAAACATTTAAATTAAAAATTC 671
rs2089908 AAGTTTTTGTTGGTTGGATTTTTTA | AAAAAAACCCATATTACCCCTAATC 746

TGGGTTAAAGAATAGGATATATTIG

rs2236416 | g AAAAAACCCAAAACCTTAAATAAAC 643
rs3746459 GAAGTTAGGAAATAGTGTGGAGT AATATACCCAAAACAATAACCC 640
rs6061990 AGGTTTGGGTTATTTTATTTGTTTG | ACTTTCCCAACTCTCAAAACTCTAC 753
rs2277324 GGTTAAGGATGTTTGTAGAAA ATTAAAACCTCTCACCCTAAAACAC 557
rs220030 TAGGTTGTTTTTTGAGAGAAGTTAT | CTTTTAAAAAAATTTCAAATCTAAC 559
rs10877897 | GAGATGATGGTTTGGATTTTTTAG AAAATCTTTAACCACTACCTACCC 615
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Table 4.3.3 Summary of lllumina sequencing data. Single end data is taken from the
previously published data set and the paired end data is from new experiments. Cell lines
labeled as a mixture of reads contain single end and paired end lllumina sequences, which

were merged together before alignment.

Single End,

Mapped Paired End,

Cell Line Total Reads Reads % Mapped or Mixture.
BJ 18,516,100 9,319,863 50.33% Mixture
BJ-iPS11 12,276,017 5,235,162 42.65% Single
BJ-iPS12 10,539,126 4,587,661 43.53% Single
hFib2 14,408,007 5,780,509 40.12% Single
hFib2-iPS 14,805,000 5,652,624 38.18% Single
HUES12 18,764,749 8,849,367 47.16% Mixture
HUES42 11,185,368 6,378,978 57.03% Single
HUES63 14,315,301 5,811,519 40.60% Single
Hybrid1 16,522,597 9,093,421 55.04% Mixture
IMR90 24,687,802 10,493,117 42.50% Single
IMR90-iPS 10,985,469 5,445,173 49.57% Single
PGP1F 8,441,376 5,021,880 59.49% Paired
PGP1-iPS1 5,617,832 3,611,457 64.29% Paired
PGP1L 5,258,188 3,704,072 70.44% Paired
PGP3L 5,286,442 3,481,123 65.85% Paired
PGPIL 5,689,552 4,121,764 72.44% Paired
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We first validated our LD analysis on known imprinted regions and
female X chromosomes. In such regions we expected to observe high r?
values that extended over a long distance. We developed an algorithm to
search for such regions (see Methods). Similar to the LD blocks in the human
population, we called these regions “methylation LD blocks”. A block was first
created between a pair of CpG sites with r* > 0.3 and extended if another CpG
pair with r* > 0.3 was less than 100 bp away. Since we were most interested in
examining extended organized methylation regions, we filtered out LD blocks
that spanned less than 100 bp or contained less than 10 CpG pairs with r* >
0.3. We observed LD blocks in all 16 cell lines for the known imprinted genes
SNRPN and GNAS(52). NNAT, another known imprinted gene, was found to
contain LD blocks in 13 cell lines. There were two other imprinted genes found
but the read coverage for these genes was much lower than for SNRPN,
GNAS, and NNAT. IGF2AS was only covered in three cell lines and NDN was
only covered in one cell line. No LD blocks were found within these two gene
regions in their respective cell lines. In female cell lines, approximately
43~75% of the X chromosome regions included in our analysis were covered
by LD blocks which clearly distinguished them from the majority of male lines
due to X-chromosome inactivation. A much lower fraction (0~9%) of X
chromosome regions was within LD blocks for the male cell lines. The only
exception is HUES63, which is a male human embryonic stem cell line,
exhibited extended LD on the X chromosome. This is likely due to the

presence of a subpopulation of cells that were already in the early stage of
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differentiation (Figure 4.3.1). Bisulfite Sanger sequencing of a known imprinted
gene, SNRPN, from HUESG63 revealed a methylation LD block that extended
over 500bp. In such regions, LD does not decay over the physical distance
(Figure 4.3.2a). However, imprinted regions are not free of noise. We also
observed many pairs of CpG sites that have little or no correlation (Figure

4.3.2b-c).



119

Methylation Frequency Distribution For ChrX In BJ Methylation Frequency Distribution For ChrX In BJ-iPS11 Methylation Frequency Distribution For ChrX In PGP1_L
=1 §
: 8 H 3 87
8 8 . 8
2 2 & 2
8 | 8 8 8-
g
T T T T . r T T T T ) r T T T T )
00 02 04 08 08 10 00 02 04 0s 0s 1o 00 02 04 0s 08 10
Wethylation Frequercy Metnylation Frequency Wetnyiation Frequercy
Methylation Frequency Distribution For ChrX In Hues42 ) N : N
Methylation Frequency Distribution For ChrX In Hues63 Methylation Frequency Distribution For ChrX In Hues12
3 - e
8 S 3 84
o 8 g 2
S g 2 2
L o o
o R
24
r T T 1 e e
0.0 02 04 0.6 0.8 10 f ! ! ! ! ! ! ’ ! !
00 0z 04 0s 0s 1o 00 02 04 0s 08 10
Wetnylation Frequerncy
Metnylation Frequency Wetnyiation Frequercy

Hues42 Hues63 Hues12

Methylation Frequency Distribution For ChrX In IMR90 Methylation Frequency Distribution For ChrX In PGPe_L Methylation Frequency Distribution For ChrX In PGP3_L

24

©pG Count
©pG Count
CpG Count

r T T T T 1 r T T T T 1 r T T T T 1
0.0 02 04 06 08 10 00 02 04 08 08 10 00 02 04 06 08 1.0

Methylation Frequency Methylation Frequency Methylation Frequency

IMR90 PGPIL PGP3L

Figure 4.3.1 Methylation frequency histograms for CpG dinucleotides located in chromosome
X. The X-axis represents the methylation frequency bins and the y-axis represents the number
of CpG dinucleotides within a certain methylation frequency bin. A methylation frequency
value of one represents complete methylation at a CpG. HUES63, a male cell line, has a
methylation frequency distribution in chromosome X that visibly contains more fuzzily
methylated probes (.25 < methylation frequency <.75) than other male cell lines. Fuzzily
methylated probes in chromosome X are indicative of female cell lines (HUES12, IMR9O0,
PGP3L, PGP9L) rather than male cell lines (BJ family, HUES42, PGP1L), which is due to
allele specific methylation.
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Figure 4.3.2 Linkage disequilibrium (LD) analysis of CpG methylation haplotypes. (a) LD
diagram of 5’ prime region of the imprinted gene SNRPN (chr15:22750806-22751314) from
HUESG63. Each row represents a Sanger sequence and each column represents a CpG
dinucleotide. Filled circles indicate methylated CpGs, empty circles indicate unmethylated
CpGs, and dashed lines mean the methylation state of the CpG could not be determined.
Chromosomal coordinates are listed above. This region shows a methylation LD block
spanned over 500bp in Sanger reads. (b) and (c) CpG pairwise r* value plots and heatmap for
5’ prime region of SNRPN gene. While the majority CpG pairs have high methylation
correlation values (r2 > 0.3), some pairs of CpG sites have little or no correlation (r2<0.3) The
pairwise distance represents the separation of the CpG dinucleotides used in the r
calculation. The heatmap colors represent the probe fraction at a given pairwise distance
(rounded down to the nearest 50 bp) that has the indicated r* value. The probe fractions for
each pairwise distance sum to one. The color scale saturates at 0.5 so that small probe
fraction differences can be distinguished
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We next extended the LD analysis to the other autosomal regions.
Various levels of LD were observed in all 16 cell lines included in this study
(Figure 4.3.3). Pluripotent cell lines appear to exhibit more extended LD
compared with the corresponding fibroblast lines, which can potentially be
explained by the less compact chromatin structure in pluripotent. The more
open chromatin structure would allow cis-regulation to operate over a longer
distance(216). Of the 108-289Kb genomic regions with sufficient read
coverage for the LD analysis, 10~24% were within methylation LD blocks,
which vary in both the number of CpG sites per block and the block size
(Table 4.3.4). The majority of the methylation LD blocks (68~94%) are not
known to be involved in genomic imprinting or X inactivation.

Many genes were found to contain LD blocks across several cell lines.
Out of 309 genes that are associated with at least one LD block in at least one
cell line, 100 genes (32%) contain LD blocks in at least 5 cell lines. Eighteen
genes (5.9%) are found to have LD blocks in at least 12 cell lines (Table
4.3.5). GNAS and SNRPN contain LD blocks in all 16 cell lines and NNAT
contains LD blocks in 13 cell lines. Overall 31~50% of fuzzily methylated
CpGs had strong LD (r? >0.3) with at least one adjacent site, and 14~36% of
fuzzily methylated regions were found within methylation LD blocks. A fraction
of fuzzily methylated CpGs has neighbors with correlated methylation patterns
but many of these patterns are too localized to meet our definition for a
methylation LD block. The organized CpG methylation patterns within LD

blocks cannot be explained by stochastic effects. They are evidence of either



epigenetic heterogeneity across cells or preferential methylation of one

particular parental chromosome copy.
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Figure 4.3.3 Linkage disequilibrium analysis of CpG methylation haplotypes over distance

(bp). (a),(c), and (e) are from differentiated cells and the heatmap shows that the r* value
distribution shifts downwards as pairwise distance increases. (b), (d), and (f) represent
undifferentiated cells and the distribution of r* values is maintained as pairwise distance
increases. These figures show that undifferentiated cells contain organized methylation

patterns that tend to span farther distances than in differentiated cells.
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Table 4.3.4 LD Coverage Statistics. LD blocks are defined as regions that span more than
100 bp and contain more than 10 CpG dinucleotide pairs whose r* > 0.3. Female cell lines,
containing two X chromosomes, are expected to show LD blocks in regions of X-chromosome
inactivation. The rightmost column shows the percentage of LD blocks not located in
chromosome X or known imprinting genes. Total regions analyzed include the base pairs
between CpGs that had sufficient read coverage for the LD analysis.

% LD blocks
Total Chr. X not in Chr. X
Regions % LD Regions ChrX % LD or known
Cell Line Analyzed Block Analyzer Block imprinted
(Gender) (bp) Covered (bp) Covered genes

BJ (M) 288,574 11.99% 4,560 0% 84.03%
BJ-iPS11 (M) 117,147 | 21.73% 747 0% 87.46%
BJ-iPS12 (M) 118,334 | 22.36% 986 0% 85.76%
hFib2 (M) 119,085 16.84% 1,411 0% 85.96%
hFib2-iPS (M) 129,883 13.52% 1,172 0% 86.32%
HUES12 (F) 246,680 17.17% 9,006 57% 79.20%
HUES42 (M) 126,481 15.92% 929 0% 85.38%
HUES63 (M) 152,400 19.47% 5,616 71.08% 71.09%
Hybrid1 (M/F) 246,159 15.75% 6,406 47.35% 81.94%
IMR90 (F) 200,953 10.35% 7,815 42.47% 68.02%
IMR90-iPS (F) 107,727 | 21.75% 4,428 74.82% 73.71%
PGP1F (M) 229,597 15.63% 4,394 2.62% 87.18%
PGP1-iPS1 (M) 171,338 | 24.21% 2,128 8.74% 93.47%
PGP1L (M) 219,643 16.09% 2,386 8.17% 91.11%
PGP3L (F) 245052 | 21.22% 10,634 38.83% 85.17%
PGPIL (F) 247,465 | 21.24% 10,924 47.11% 81.56%
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Table 4.3.5 Genes with conserved LD blocks across 12 or more cell lines. These genes
contain CpG dinucleotides that are strong candidates for biological regulation via methylation.
Cell line names are abbreviated so that they can be printed on a single line.

Cell
Line
Gene s Cell Lines
P1F,P1iPS11,IMR90,IMR90IPS,H12,BJ,POL,H63,H42,Hy,BJiPS12
FRG1B 16 ,P3L,hFib2,P1L,BJiPS11,hFiPS
P1F,P1iPS11,IMR90,IMR90IPS,H12,BJ,POL,H63,H42,Hy,BJiPS12
HM13 16 ,P3L,hFib2,P1L,BJiPS11,hFiPS
P1F,P1iPS11,IMR90,IMR90iPS,H12,BJ,POL,H63,H42,Hy,BJiPS12
NR_003579 16 ,P3L,hFib2,P1L,BJiPS11,hFiPS
P1F,P1iPS11,IMR90,IMR90IPS,H12,BJ,POL,H63,H42,Hy,BJiPS12
GNAS 16 ,P3L,hFib2,P1L,BJiPS11,hFiPS
P1F,P1iPS11,IMR90,IMR90IPS,H12,BJ,POL,H63,H42,Hy,BJiPS12
SNRPN 16 ,P3L,hFib2,P1L,BJiPS11,hFiPS
P1F,P1iPS11,IMR90iPS,H12,P9L,H63,H42,Hy,BJiPS12,P3L,hFib
KCNS1 14 2,P1L,BJiPS11,hFiPS
P1F,P1iPS11,IMR90,IMRO0IPS,H12,BJ,POL,Hy,BJiPS12,P3L,hFib
KCNK15 13 2,hFiPS,P1L
P1F,P1iPS11,IMR90,H12,BJ,POL,H63,H42,Hy,P3L,hFib2,hFiPS,P
NR_003531 13 1L
LOC1001348 P1F,P1iPS11,IMR90,IMR90IPS,H12,BJ,POL,H63,H42,Hy,BJiPS12
68 13 ,P3L,BJiPS11
P1F,P1iPS11,IMR90,H12,BJ,POL,H63,H42,Hy,P3L,hFib2,hFiPS,P
MEG3 13 1L
P1F,IMR90,IMR90iPS,H12,BJ,P9L,H63,H42,Hy,BJiPS12,P3L,hFi
NNAT 13 b2,hFiPS
P1F,P1iPS11,IMR90,IMR90IPS,H12,BJ,POL,H63,H42,Hy,BJiPS12
NR_004846 13 ,P3L,BJiPS11
JPH2 12 P1F,P1iPS11,IMR90,H12,BJ,POL,H42 Hy,P3L,hFib2,hFiPS,P1L
P1F,P1iPS11,H12,BJ,P9L,H63,H42,BJiPS12,P3L,hFib2,BJiPS11,
C200rf96 12 P1L
P1F,P1iPS11,IMR90,IMR90iPS,H12,BJ,P9L,H63,BJiPS12,P3L,BJ
TXNRD1 12 iPS11,P1L
P1F,P1iPS11,IMR90,IMRO0IPS,H12,P9L,H63,Hy,hFib2,BJiPS11,h
THBD 12 FiPS,P1L
P1F,P1iPS11,IMR90iPS,H12,BJ,P9L,Hy,BJiPS12,hFib2,BJiPS11,
KRT86 12 hFiPS,P1L
P1F,P1iPS11,IMR90,BJ,POL,Hy,BJiPS12,P3L,hFib2,BJiPS11,hFi
KCNQ2 12 PS,P1L
P1iPS11,IMR90,IMR90IPS,H12,POL,H63,H42,Hy,P3L,hFib2,hFiP
CACNA2D4 12 S,P1L
P1F,P1iPS11,H12,P9L,H63,H42,Hy,BJiPS12,P3L,hFib2,BJiPS11,
TBX3 12 P1L
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To explore whether the methylation LD blocks are due to heterogeneity
of cell populations or unequal methylation of chromosome copies, we
developed an algorithm for SNP calling from bisulfite sequencing reads (see
Methods). Heterozygous SNPs allowed us to distinguish methylation
haplotypes from the two parents, and to detect allele-specific methylation. If
fuzzy methylation were simply due to the presence of heterogeneity in cell
populations, we would not expect to observe allelic preference within a cell.
Due to the reduced sequence complexity of the bisulfite converted genome,
we also adapted SAMtools to make SNP calls(277). We compiled a list of
confident SNP calls based on the intersection between our own algorithm and
SAMtools. Totally we identified 240-457 heterozygous SNPs and197-391
homozygous SNPs in each cell line (Table 4.3.6). The three cell lines PGP1L,
PGP1F and PGP1-iPS were derived from the same individual (PGP1) in the
Personal Genome Project, whose full genome was recently sequenced (218).
We observed a high concordance between the SNPs called from our bisulfite
sequencing data and those generated by whole genome sequencing. For the
PGP1 lines, 96-97% of SNP calls made by Complete Genomics matched our
SNP calls. As expected, cell lines of identical genetic background showed an
expected higher number of pair-wise overlapped SNP calls relative to the
other cell lines (Tables 4.3.7-4.3.8). From the bisulfite sequencing reads that
contain both heterozygous SNPs and at least one CpG site, we identified
methylation that significantly associates with one allele of a SNP using the

Fisher's Exact Test (see Methods). We also required a minimum methylation
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frequency difference of 0.1 between the alleles for ASM categorization. In
each cell line, 23~37% of heterozygous SNPs were found to associate with
ASM (Table 4.3.9). Only a small fraction of ASM (6%) was consistent across
all cell lines in which the heterozygous SNPs are present. The remaining
cases are either cell type specific or individual specific (Figure 4.3.6). We also
compared the allelic methylation frequencies of 980 individual CpG sites that
are linked to SNPs from two batches of IMR90 fibroblast cultures. Excellent
correlation was observed between the biological replicates (Pearson
correlation coefficient r? = 0.90), which indicated that our observations were

not due to technical artifacts or biological fluctuations.
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Table 4.3.6 SNP calling statistics. Candidate sites include all chromosomal locations with
sufficient read coverage (minimum 10x coverage on analyzed strands) and sequence quality.
Double stranded sites were checked for reverse complementarity. SNP calls were filtered so

that only SNP calls made at rs129 sites that matched the reported SNP bases were recorded.
Total
Candidate Called Heterozygous Called Homozygous
Cell SNP Sites | Heterozygous SNP Call Homozygous SNP Call
Line Examined SNPs Percentage SNPs Percentage

BJ 1,525,138 457 0.030% 391 0.026%
BJ-
iPS11 1,123,678 381 0.034% 260 0.023%
BJ-
iPS12 1,192,417 402 0.034% 273 0.023%
hFib2 1,350,920 279 0.021% 307 0.023%
hFib2-
iPS 1,144,060 283 0.025% 233 0.020%
HUES12 | 1,348,641 391 0.029% 344 0.026%
HUES42 | 1,128,168 308 0.027% 283 0.025%
HUES63 | 1,178,908 382 0.032% 197 0.017%
Hybrid1 | 1,390,831 395 0.028% 199 0.014%
IMR90 1,434,099 436 0.030% 334 0.023%
IMR90-
iPS 1,139,705 430 0.038% 260 0.023%
PGP1F 1,020,601 292 0.029% 253 0.025%
PGP1-
iPS1 835,010 240 0.029% 204 0.024%
PGP1L 913,151 257 0.028% 227 0.025%
PGP3L 951,308 254 0.027% 240 0.025%
PGPIL 982,170 272 0.028% 236 0.024%
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Table 4.3.7 Pairwise common heterozygous SNPs between cell lines. Each matrix entry
represents the number of heterozygous SNPs called in the row i cell line that match with those
called in the column j cell line.

Cell BJ- | BJ- hFib2-|HUES|HUES|HUES| Hybri | IMR9 | IMR9O |PGP1|PGP1|PGP1|PGP3|PGP9
Line | BJ |iPS11[iPS12|hFib2| iPS | 12 42 63 d1 0 |[0-iPS| F [-iPS1] L L L

BJ |502| 369 | 378 | 114 | 111 | 1562 | 102 | 144 | 219 | 149 | 150 | 113 | 94 97 | 104 | 120

BJ-
iPS11 |369| 421 | 366 | 115 | 116 | 140 | 95 | 136 | 229 | 128 | 137 | 99 84 85 97 | 117

BJ-
iPS12 |378| 366 | 450 | 111 | 117 | 152 | 104 | 138 | 230 | 141 | 154 | 100 | 95 89 96 | 124

hFib2 |114| 115 | 111 | 305 | 241 | 116 | 81 98 | 127 | 121 | 122 | 89 74 70 85 87

hFib2-
iPS (111| 116 | 117 | 241 | 296 | 119 | 79 94 | 126 | 120 | 119 | 81 73 68 80 82

HUES1
2 152| 140 | 152 | 116 | 119 | 427 | 110 | 119 | 137 | 138 | 123 | 105 | 90 96 99 98

HUES4
2 102 95 | 104 | 81 79 | 110 | 341 | 101 | 116 | 100 | 99 97 85 84 79 93

HUES6
3 144| 136 | 138 | 98 94 | 119 | 101 | 417 | 129 | 134 | 134 | 107 | 86 94 92 85

Hybrid1({219| 229 | 230 | 127 | 126 | 137 | 116 | 129 | 412 | 135 | 147 | 120 | 104 | 109 | 120 | 125

IMROO0 |149| 128 | 141 | 121 | 120 | 138 | 100 | 134 | 135 | 490 | 360 | 111 | 101 | 102 | 101 | 101

IMR90-
iPS [(150| 137 | 154 | 122 | 119 | 123 | 99 | 134 | 147 | 360 | 493 | 109 | 97 97 | 100 | 105

PGP1F[113| 99 | 100 | 89 81 | 105 | 97 | 107 | 120 | 111 | 109 | 322 | 222 | 231 | 85 82

PGP1-
iPS1 |94 | 84 | 95 | 74 | 73 | 90 | 85 | 86 | 104 | 101 | 97 | 222 | 266 | 223 | 71 | 73

PGP1L| 97 | 85 89 70 68 96 84 94 | 109 [ 102 | 97 | 231 | 223 | 290 | 79 80

PGP3L [104| 97 96 85 80 99 79 92 | 120 | 101 | 100 | 85 71 79 | 272 | 89

PGPOL [120| 117 | 124 | 87 82 98 93 85 | 125 | 101 | 105 | 82 73 80 89 | 288




Figure 4.3.8 Pairwise common homozygous SNPs between cell lines. Each matrix entry
represents the number of homozygous SNPs called in the row i cell line that match with those
called in the column j cell line.
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Cell BJ- | BJ- hFib2-HUES|HUES|HUES| Hybri | IMR9 [ IMR9 |PGP1|PGP1|PGP1|PGP3|PGP9
Line | BJ [iPS11]iPS12|hFib2| iPS | 12 | 42 63 d1 0 |[0-iPS| F [-iPS1]| L L L

BJ | 391 | 248 | 259 | 121 | 119 | 159 | 122 | 137 | 165 | 155 | 141 | 143 | 121 | 129 | 130 | 132

BJ-

iPS11| 248 | 260 | 229 | 106 | 107 | 129 | 105 | 118 | 140 | 114 | 123 | 124 | 103 | 108 | 114 | 114

BJ-

iPS12 | 259 | 229 | 273 | 104 | 105 | 140 | 112 | 118 | 137 | 120 | 125 | 120 | 104 | 115 | 114 | 117
hFib2 | 121 | 106 | 104 | 307 | 170 | 127 | 114 | 95 | 101 | 114 | 92 | 120 | 108 | 110 | 125 | 115
hFib2-

iPS | 119 | 107 | 105 | 170 | 233 | 119 | 111 | 87 97 | 105 | 98 | 114 | 104 | 105 | 115 | 111
HUES

12 159 | 129 | 140 | 127 | 119 | 344 | 155 | 111 | 102 | 137 | 129 | 145 | 122 | 139 | 140 | 143
HUES

42 122 | 105 | 112 | 114 | 111 | 1565 | 283 | 101 | 93 | 121 | 111 | 147 | 121 | 128 | 119 | 123
HUES

63 137 | 118 | 118 | 95 87 | 111 | 101 | 197 | 106 | 117 | 116 | 108 | 88 92 | 104 | 99
Hybrid

1 165 | 140 | 137 | 101 | 97 | 102 | 93 | 106 | 199 | 116 | 109 | 101 | 94 87 94 93
IMRO0| 155 | 114 | 120 | 114 | 105 | 137 | 121 | 117 | 116 | 334 | 208 | 128 | 117 | 113 | 116 | 129
IMR90-

iPS | 141 | 123 | 125 | 92 98 | 129 | 111 | 116 | 109 | 208 | 260 | 118 | 104 | 105 | 100 | 118
PGP1F| 143 | 124 | 120 | 120 | 114 | 145 | 147 | 108 | 101 | 128 | 118 | 253 | 183 | 186 | 121 | 129
PGP1-

iPS1 | 121 | 103 | 104 | 108 | 104 | 122 | 121 | 88 94 | 117 | 104 | 183 | 204 | 173 | 113 | 114
PGP1L| 129 | 108 | 115 | 110 | 105 | 139 | 128 | 92 87 | 113 | 105 | 186 | 173 | 227 | 114 | 114
PGP3L| 130 | 114 | 114 | 125 | 115 | 140 | 119 | 104 | 94 | 116 | 100 | 121 | 113 | 114 | 240 | 127
PGPOL| 132 | 114 | 117 | 115 | 111 | 143 | 123 | 99 93 | 129 | 118 | 129 | 114 | 114 | 127 | 236
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Table 4.3.9 SNPs associated with ASM. Category | SNPs include SNPs whose ASM is not
based solely on SNP containing CpG sites. However, many category | SNP regions still have
SNP containing CpG nucleotides. Category Il SNPs include SNPs whose ASM is completely
dependent on the presence of a SNP containing CpG dinucleotide. Category Ill SNPs (not
shown) do not show ASM. The category | and category Il percentages represent the number
of SNPs in the respective category divided by the total number of heterozygous SNP calls in
each cell line.

# ASM % of
Het. regions % of Category | % of
Cell line SNPs # ptSM with Category | ASM Category Il
called regions CpG- ASM containing ASM
SNPs CpG-SNPs

BJ 457 123 102 11% 59% 16%
BJ-iPS11 381 102 92 5% 70% 22%
BJ-iPS12 402 108 96 7% 61% 20%
hFib2 279 87 58 19% 46% 12%
hFib2-iPS 283 67 58 7% 53% 17%
HUES12 391 114 97 7% 45% 22%
HUES42 308 76 63 7% 52% 17%
HUES63 382 89 76 5% 55% 18%
Hybrid1 395 120 107 8% 67% 22%
IMR90 436 162 128 22% 67% 15%
IMR90-iPS 430 129 120 3% 60% 27%
PGP1_F 292 83 66 12% 59% 17%
PGP1-iPS1 240 62 56 9% 77% 17%
PGP1L 257 88 61 20% 59% 14%
PGP3L 254 94 62 20% 51% 17%
PGPIL 272 74 61 8% 57% 19%
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Figure 4.3.6 Cell type specificity and individual dependence of ASM. (a)-(d) lllumina and
Sanger sequences from PGP1L and PGP1F showing cell type specificity of ASM in rs2236416
indexed region in the intron of MMP9 gene (chr20:44073908-44074010 in lllumina and
chr20:44073583-44074121 in Sanger data). ASM is seen in PGP 1L near rs2236416 but not
seen in PGP1F. (e)-(h) lllumina reads from hFib2, IMR90, hFib2-iPS (chr12:100560403-
100560470) and IMR90-iPS (chr12:100560412-100560464) show the cell type specificity of
ASM in rs2293468 indexed region. ASM around SNP rs2293468 is seen in hFib2, hFib2-iPS,
and IMR90 but not IMR90-iPS.
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We validated 12 SNP sites by performing bisulfite PCR, cloning and
Sanger sequencing on one or more cell lines in which SNPs were called. A
total of 21 SNP regions were amplified and Sanger sequenced. The Sanger
regions that show ASM fall into two categories. In Category |, more than one
adjacent CpG site exhibit consistent bias in methylation. The known imprinted
regions fall into this category. However, even in autosomal regions not known
to be related to genetic imprinting, similar allelic preference can extend over
900bp (Figures 4.3.7 and 4.3.8). In Category Il, ASM is highly localized and
restricted to only a very small number of CpG sites in a region (Figures 4.3.8
and 4.3.9). Seven sequences had inconsistent ASM classification between the
lllumina and Sanger sequencing. Four of these inconsistencies were due to
the inability to establish statistical ASM significance due to the low Sanger
sequencing read depth. Two SNP sites predicted by the lllumina data were not
found in the Sanger data (Table 4.3.1), which are likely due to incorrect
mapping of short bisulfite sequencing reads. One SNP site had inconsistent
ASM behavior between Sanger and lllumina data. Overall we found a Pearson
correlation coefficient of r?=.78 for the allelic methylation frequencies of CpGs

shared between the Sanger sequencing and lllumina data sets.



133

Figure 4.3.7 Allele specific methylation. (a) Sanger reads from BJ-iPS12 show an extended
ASM region in dbSNP 129 rs10846023 indexed region (chr12:14611423-14612359) in the
intron of FLJ22622 gene. This ASM region includes two CpG dinucleotides that overlap with
SNPs but the ASM is not limited to these sites. Orange circles in the Sanger sequence
diagrams represent SNPs that overlap with CpG dinucleotides. (b) An allele specific
methylation frequency graph based on aligned lllumina data showing ASM at rs10846023 in
BJ-iPS12 (chr12:14611616-14611654). The y-axis represents the methylation frequency
where a value of 1 indicates complete methylation at a CpG dinucleotide. The x-axis
represents the chromosomal coordinates. (¢) Sanger sequence data around SNP site
rs6061990 (TAF4 intronic region, chr20:60061657-60062273) in PGPIL illustrates an example
where ASM is solely dependent on SNPs at CpG dinucleotides. (d) An allele specific
methylation frequency graph based on lllumina data showing ASM at rs6061990 in PGP9L
(chr20:60061712-60061895). The green line indicates the SNP position and the orange
triangles indicate SNPs that overlap with CpG dinucleotides. Note that the lllumina data shows
ASM at a CpG (chr20: 60061784) that is not supported by the Sanger data.
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Figure 4.3.8 Linkage disequilibrium analysis of CpG methylation haplotypes around
rs3746459 in BJ-iPS12 (chr20:31718871-31719492). (a) Sanger shows sequences that are
either mostly methylated or unmethylated. In this case, the T SNP allele destroys the CpG
dinucleotide and CpGs at this location on the T allele are thusly unmethylated. The
methylation organization shows characteristics of ASM but the SNP identity at rs3746459
does not clearly separate the methylated and unmethylated sequences. (b) and (c) CpG
pairwise r* value plots and heatmap show that the r values in this region are significant and
maintain significance as the relative distance between the two CpG dinucleotides increases.
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Figure 4.3.9 ASM example in PGP3L. (a) Sanger reads from PGP3L show ASM at a CpG
dinucleotide that overlaps with SNP rs6061990 (chr20:60061657-60062273). The other CpG
dinucleotides do not show ASM. (b) Methylation frequency diagram of the SNP rs6061990
region produced by lllumina data (chr20:60061712-60061895). The diagram supports the
ASM behavior observed in the Sanger sequences. The orange triangles represent a SNP site
that overlaps with a CpG. There is a difference in methylation frequency at coordinate
60061798 but it is not considered significant due to low read depth; only 6 mapped lllumina

reads of the G allele cover this CpG dinucleotide.
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Next we explored potential cis-regulatory mechanisms that account for
ASM. We identified many ASM regions that contained at least one
heterozygous SNP that overlapped with a CpG dinucleotide. As an example,
the region containing the T/C SNP site rs10846023 in the BJ-iPS12 cell line
shows ASM that spans over 500 bp. This SNP is present at a CG dinucleotide
and the T allele disrupts the CG site. However, the ASM behavior at this site is
also exhibited in nearby sites (Figure 4.3.7), which suggests that some
uncharacterized regulatory mechanisms determine the ASM and such
regulation may be dependent on the local sequence context in cis. We also
found examples of specific methylation behavior that did not correlate with the
base identity of a nearby SNP (4.3.8). Given the presence of SNP containing
CpGs, we refined our ASM categories so that category | represented ASM that
was not solely dependent on SNP containing CpGs. Category |l represented
ASM that was solely dependent on SNP containing CpGs. We found 45-77%
of category | SNP regions have SNPs at CpG dinucleotides, which suggests
that SNPs on CpG sites may have an impact on differential methylation
establishment if the SNPs are located in regions where methylation regulators
are involved. In contrast are the regions where the ASM affects only CpG
locations overlapping with SNPs. One allele of such SNPs eliminates the CpG
sites, thus prevents them from being methylated. One example is the region
around SNP site rs6061990 in PGP3L (Figure 4.3.9) and PGPOL (Figure
4.3.7). The PGPOL cell line shows ASM at two CpG dinucleotides while the

region in PGP3L shows ASM at one CpG site. This example demonstrates
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that individual ASM sites can be dependent on sequence difference alone. A
complete list of ASM categorizations of SNP regions is available on our
supplementary website (http://genome-tech.ucsd.edu/public/ASM/). Overall
38~88% of ASM regions are solely due to the presence of SNPs at CpG
dinucleotides, revealing that genetic variation at CpG sites is a dominating
factor for ASM.

Finally, ASM regions that span across multiple CpG sites are likely
regulated by other cis-regulatory mechanisms. We found many cases where
the methylation state closely correlated with the alleles identified by a SNP.
Such behavior is more likely explained by an allele-specific regulatory
mechanism rather than cell subpopulations undergoing different epigenetic
processes. For example, regions that exhibit reverse allelic preference in
different cell lines of the same genetic background are observed (Figure
4.3.10), which can only be explained by a regulatory mechanism that involves
more than one cis-regulator with opposite effects. Out of the category | ASM
regions that are covered by our LD analysis, 8-35% are within methylation LD
blocks, demonstrating that ASM analysis uniquely identified new regions
where methylation was due to allele specific cis-regulation. Finally, the two
IMR90 biological replicates showed that 83% of ASM calls were consistent in
both experiments (201 matched ASM SNP calls out of 242 total ASM SNP
calls). Therefore, ASM is due to biological regulation instead of biological

noise or technical artifacts.
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Figure 4.3.10 . Examples of ASM flipping. (a) and (b) lllumina reads from PGP1F and PGP1L
show ASM in SNP rs2071450 region (chr12:52714771-52714885). The G allele is
predominantly more methylated than A allele in PGP1F whereas A allele is more methylated
than G allele in PGP1L. (c) and (d) lllumina reads from BJ (chr12:74071334-74071435) and
BJ-iPS12 (chr12:74071328-74071389) show ASM around SNP rs11180483 indexed region. C
allele is predominantly more methylated than T allele in BJ whereas T allele is more

methylated than C allele in BJ-iPS12.
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4.4 Discussion

We set out in this analysis to investigate the basis of fuzzy methylation
with two novel approaches: adapting linkage disequilibrium analysis to
methylation data, and performing SNP calling on bisulfite sequencing reads.
This study represents the largest survey of ASM in the human genome to
date. Hundreds of methylation LD blocks were identified from over 2,000 CpG
islands in two human chromosomes and dozens of other regions. Roughly
30~48% of fuzzily methylated CpGs were found to have r? >0 .3 and 14~36%
of fuzzily methylated CpGs were found within LD blocks. This shows
stochastic effects do not explain a significant amount of observed fuzzy
methylation. Our SNP ASM analysis found that 23 to 37% of heterozygous
SNPs are associated with ASM. The frequency of ASM is similar to the
frequency of allele-specific gene expression (ASE) observed in the human
genome(219-223). ASE has been considered as an important indicator for the
presence of functional cis-regulatory variants(224). ASE and ASM could be
tightly coupled by the same cis-regulatory variants(225, 226). Similar to gene
expression, methylation or ASM can be considered as quantitative traits for
population genomic analysis. One important finding of this work is that a SNP
could be a functional cis-regulatory variant by disrupting a CpG methylation
site. According to the snp129 database, there are 225,659 known SNPs that
locate on CpG sites. In addition, because CpG dinucleotides are highly

mutable, there are many CpG rare variants in individual genomes(227). CpG
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SNPs are likely an important class of cis-regulatory polymorphisms that

connects genetic variation to the individual variability of the epigenome.

4.5 Methods

4.5.1 Bisulfite Targeted Resequencing with Padlock

Probes

Bisulfite padlock capture and targeted resequencing were performed as
described(38). Briefly, genomic DNA was extracted from frozen pellets of
lymphocyte, fibroblast, iPS or hES cells using Qiagen DNeasy columns, and
bisulfite converted with Zymo DNA methylation Gold kit (Zymo research). The
Cpg30k padlock probe library was annealed to the bisulfite-converted sample
DNAs, circularized, and amplified by PCR. Random shotgun sequencing
library was generated by USER/Mmel enzymatic fragmentation from the
amplicons of captured targets, and then were subsequently sequenced by

lllumina Genome Analyzer.

4.5.2 Bisulfite PCR and Cloning for Sanger
Sequencing

Bisulfite PCR reactions were performed in 100ul reactions including
50ng bisulfite converted genomic DNA, 200uM dNTP, 0.4 uM forward and
reverse PCR primers, 1x IQ PCR Supermix (Bio-Rad) at 94° C for 2 min, 45

cycles of 94° C for 30 s, 62° C for 1min, 72° C for 1min, and finally 72° C for 5
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min. Bisulfite PCR products were cloned in the PCR 2.1-TOPO vector
(Invitrogen), and multiple clones were picked and sequenced at Agencourt.

The primer sequences are listed in Figure 4.3.2.
4.5.3 Read Mapping

Single end 41 bp lllumina reads, which covered 11 cell lines, were
merged with newer paired end 36 bp lllumina reads generated from 8 cell
lines. Merged together, the combined data set represented 16 cell lines. The
single end reads did not contain quality scores while the paired end data set
did contain them (+64 offset). Single end reads were uniformly assigned 84 as
a quality score for each base. We assigned this score so that the single end
reads would pass quality filtering but were not given the same confidence as
reads assigned higher quality scores by lllumina’s software. For each cell line,
the reads were sorted into two categories. The first category contained reads
that represented bisulfite converted sequences and the second category
included the reverse complementary reads. The ratio of T/C nucleotides was
compared to the ratio of A/G nucleotides to determine to which category a
read belonged. Reads that represented bisulfite converted sequences had a
higher T/C ratio than A/G, since unmethylated cytosines were converted to
thymines. Reads classified as reverse complementary were converted to
bisulfite converted sequences (i.e. the reverse complement was taken). The
reads were merged, demethylated in silico, and mapped to the unmethylated

bisulfite converted hg18 genome. SOAP 2.20(206) mapped sequences to the
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reference via an end-to-end policy that allowed up to two mismatches. Reads
that mapped to multiple locations were discarded. For the paired end datasets,
the paired ends were mapped independently of each other. Mates of paired
end sequences that mapped to separate chromosomes were treated as single
end reads. If both mates of a paired end sequence mapped uniquely, the
mapped locations of these reads were checked. If the mates’ sequences
overlapped (i.e. distance less than 36 bp) or were greater than 250 bp from
each other, the mates were treated as single end reads. For the remaining
paired end reads, the distribution of distances between mates was calculated
per cell line. The distributions were assumed to be normal and the
distribution’s parameters were calculated for each cell line. Paired end reads
whose mate distances fell outside of 2.5 standard deviations from the average
mate distance were treated as single end reads. The remaining reads were
considered valid paired end reads. The generation of methylation frequency
values for each targeted CpG was calculated analogously to the previously
published protocol.

Sanger reads were mapped to a reference template using blat. Due to
the much larger size of the sequence length and its known location on the
genome, gaps and mismatches were allowed during the alignment. Analogous
to lllumina reads, T/C and A/G ratios for Sanger sequences were calculated
and if needed, Sanger sequences were reverse complemented so that they

would match the reference template in the forward direction. The sequences
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were then demethylated in silico and mapped to an unmethylated template
using blat. The mapped read coordinates for each in silico demethylated read
were then transferred to the original sequence. Sanger Sequence diagrams
were created by aligning reads according to CpG sites and grouped together

based on the nucleotide present at the SNP position.
4.5.4 SNP Calling

Heterozygous SNPs were detected using an algorithm that assigned
each genotype a probability. For example, a diploid cell was tested for ten
possible genotypes at a given nucleotide position: AA, AT, AG, AC, GG, GC,
GT, CC, CT, and TT. The possible genotypes were bisulfite converted. The
inputs for the SNP calling algorithm are the following: (1) reads that covered
the nucleotide position, (2) the quality scores of those reads, and (3) the
SNP129 dbSNP candidate positions and SNP identities. Base calls at the
examined SNP site needed to have a minimum Phred-like quality score of 15
and the three flanking base calls on needed to have an minimum quality score
of 15 on either side. Bisulfite conversion eliminates the complementarity
between the Watson and Crick strands and the Watson and Crick strands
were thusly treated independently. If reads mapped sufficiently to both
strands, the bases at this position were examined to ensure that the bases on
Watson and Crick strands were indeed reverse complementary. If a certain
base was present in more than 20% of the Watson strand reads, its reverse

complement needed to be present on at least 20% of the Crick strand reads. If
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these criteria were not met, this location was not analyzed. For sites that
passed this filter, a nucleotide frequency matrix was constructed for each
nucleotide position based on the read data. The Phred-like scores were used
to weight the nucleotide count contributions to the nucleotide frequency matrix.
For example, a nucleotide call with a Phred-like score of 20 led to a 0.9
contribution while a nucleotide call of 30 led to a contribution of 0.999. This
weighting scheme attenuated the effects from lower quality base calls. The
weighted matrix was normalized so that the sum of all entries equaled 1. Each
entry in the matrix was then multiplied by the read count.

A Fisher’s Test was used to calculate the probability that the nucleotide
frequency matrix represented a specific genotype. To test genotype AG, the
Fisher’s Test compared the frequency that A appeared in the read data to the
expected frequency A would appear if this position were an A/G heterozygous
SNP. A second Fisher’'s Test was performed that compared the frequency G
from the read data to the expected frequency at an A/G SNP site. The two p-
values were multiplied together to generate a stranded p-value product for a
specific genotype. The product of the strand specific p-value products
represented the likelihood of a specific genotype at a nucleotide position. The
likelihoods of all genotypes were then normalized so that the sum of these
likelihoods was 1. To filter out false positives, a SNP candidate site needed to
have an odds ratio greater than 10 relative to the next most likely genotype. In
the case of Hybrid1, the most likely genotype at a SNP candidate site needed

to have an odds ratio greater than 100,000 relative to the second most likely
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genotype. This stricter threshold was implemented due to SNP calling on a
tetraploid cell line. SAMtools was not designed for tetraploid cells and we were
unable to verify our SNP calls with SAMtools for Hybrid1. Only SNP sites
reported by the SNP129 database were examined. Each examined SNP
candidate site needed to have at least 10x read depth. With double stranded
information, the SNP calling algorithm was able to discern the original SNP
identity. Some single stranded SNP identities, however, could not be clearly
identified with bisulfite converted reads. Since reads were demethylated in
silico during the SNP analysis, C/T SNPs were not called and A/C and A/T
SNPs were not resolved for single stranded SNP calls. However, since SNP
calls were made at SNP129 sites, the single stranded SNP identity could be
clearly discerned based on the allelic information in the SNP 129. SNP calls
that were not consistent with the SNP129 database were excluded. If a called
SNP created a CpG dinucleotide or destroyed a CpG dinucleotide relative to
the reference genome, it was recorded. The methylation frequency of found
CpG dinucleotides not present in the reference were investigated analogous to
the method state above. These new CpG dinucleotide sites were used in the
SNP ASM and LD analyses.

We also called SNPs using SAMtools v 0.1.7 in order to improve the
confidence in SNP calls made with bisulfite converted read data. Mapped
reads were demethylated and SAMtools created a consensus sequence.
Examining sites with at least 10x read depth, we searched for base calls in the

consensus sequence with a minimum SNP score of 20 that did not match the
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reference. Analogous to our own SNP calling, SNP sites with double stranded
coverage allowed for unambiguous SNP calling. We used the intersection of
SNP calls between SAMtools to form a confident SNP candidate list, which we

used in the other analyses.

4.5.5 ASM SNP Identification

A SNP site was labeled as an allele specifically methylated (ASM)
region if the region met one of the following criteria: (1) there was a single
CpG site that showed significant ASM, (2) all CpGs, when summed together,
showed significant ASM, and (3) all non-SNP overlapping CpGs, when
summed together, showed significant ASM. To calculate ASM, a contingency
table was created where the columns represented alleles and the rows
represented the cytosine (methylated) and thymine (unmethylated) counts at
CpG sites found on those alleles. A Fisher’s Exact Test was used to produce a
two sided p-value, which served as the metric for ASM. For (1), each CpG site
was treated independently and a contingency table was thusly made for each
CpG site. For (2) and (3), one contingency table was made and the cytosine
and thymine counts were summed across multiple CpGs per allele. If the p-
value for any of these analyses was less then 0.001 and the methylation
frequency difference between the alleles was greater than 0.1, the SNP region
was labeled as ASM. The methylation frequency difference serves to filter out
regions with very high read coverage (1,000+) that the Fisher Test would

identify as significant ASM even though the allelic methylation frequency
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difference would be quite small. There were three ASM categories. Category |
ASM is not solely dependent on a SNP present in a CpG site while category |l
ASM is solely dependent on the presence of a SNP at a CpG site. Category IlI
regions showed no ASM. For example, if a SNP region had a significant p-
value in analysis (1) but the ASM CpG overlapped with a SNP, then this region
was usually labeled as category Il ASM. If a SNP site had a significant p-value
in analysis (2) but notin (3) or (1), it was labeled as category Il ASM. SNPs
that had a significant p-value in (1) for CpGs that did not overlap with SNPs or
had a significant p-value in (3) were labeled as category | ASM. Using the
fdrtool in R, we calculated the FDR for our per CpG ASM and average ASM
calls across all cell lines. A p-value cutoff of 0.001 yields a 0.62% FDR for our
per CpG ASM calls and a 0.25% FDR for our average SNP ASM calls. Sanger
sequences were labeled using the same criteria as the lllumina reads.
Regarding the lllumina data, CpG sites with less than 5x read depth on either
allele were not considered in the ASM SNP analysis. There was no minimum

read depth requirement for the Sanger data.
4.5.6 LD analysis

The r? metric was adopted from linkage disequilibrium analysis to
measure the organization of methylation at CpG sites on the same read
sequence. Reads that contained more than one CpG were used in this
analysis and the methylation status of all present CpGs was recorded. For the

lllumina data, only CpG pairs that were covered by at least 10 reads were
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considered in this analysis. For Sanger data, only CpG pairs covered by at
least 3 reads were considered. For each recorded CpG pair, a contingency
table was constructed, which counted the combinatorial methylation states of
the CpG pair (i.e. both methylated, both unmethylated, or mixed methylation

states):

Table 4.5.1 Table format used to calculate r* values.

CpG 1/CpG 2 | Methylated Unmethylated
Methylated FM(’rhyllMethyl FMethyllUnmerhyl

Unmethylated | F,

Unmethyll Methyl FUnmethleUnmethyl

The r* values were calculated based on data in the contingency table
via the following equation:

2
2 (FMethyllMethylFUnmethleUnmethyl - FMethylIUnmethylFUnmethyllMethyl)

r =
F F,

Methle*FUnmethyll* *IUnmethylF*IMethyl

CpG sites that displayed uniform methylation patterns were not considered in
this analysis since they did not produce meaningful r values. LD blocks were
created based on the presence of a CpG pair that contained a significant r?
value (i.e. r* > 0.3). These blocks were extended if there was either an
overlapping CpG pair with a significant r* value or there was a CpG pair with a
significant r? value within 100 bp. Since we were interested in looking at
regions of extended organized methylation, LD blocks less than 100 bp or

containing less than 10 CpG pairs with r? > 0.3 were filtered out.
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All raw data, SNP calls with ASM categorizations, LD analyses, Sanger
diagrams, and methylation frequency data are available at http://genome-
tech.ucsd.edu/public/ASM/.

Chapter 4, in part, is a reprint of the material as it appears in R.
Shoemaker, J. Deng, W. Wang, K. Zhang, Allele-specific methylation is
prevalent and is contributed by CpG-SNPs in the human genome. Genome
Res 20, 883 (Jul, 2010). The dissertation author was the data analyst and one

of the principal authors of this paper.



Chapter 5 Implementation of the Methylation Analysis

Pipeline
5.1 The Purpose of the Pipeline

The purpose of this methylation pipeline is to make the process of
mapping and deriving biological information from lllumina BSC sequencing
data more convenient. Currently there are no programs that offer a simple way
to map lllumina BSC data to the genome, call SNPs on BSC sequences, and
find regions that show interesting methylation patterns. The pipeline performs
all of these tasks and only requires that the user upload his/her data and input
a few parameters. Since the pipeline server performs all methylation
processing, the pipeline frees up considerable computational resources for the
user. The pipeline will ultimately output biologically relevant information, i.e.
methylation frequency information, called SNPs, ASM regions, and regions
showing organized methylation patterns. The outputted information enables
the user to quickly perform inter- and intracellular analyses on his/her
sequencing data.

Development of the pipeline started on smaller targeted BSC
sequencing data sets but it is now designed to process whole genome BSC
shotgun sequencing data. The pipeline achieves this capability by relying on
MySQL to efficiently store large amounts of data to a hard disk where it can be

quickly retrieved for analysis. The pipeline is thusly capable of handling billions
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of reads that describe the methylation states of millions of CpGs in the human
genome. A simple e-mail notification system notifies the user when her/his

data is queued, processing, and when the output files are ready for download.

5.2 Pipeline Outline

The methylation pipeline performs 7 core functions: (1) mapping of BSC
sequences to the human genome, (2) calculation of methylation frequencies
for CpG sites found on the reference genome (3) SNP calling on the mapped
reads, (4) discovery of created or destroyed CpG sites based on the presence
of SNPs, (5) calculations of methylation frequencies for created CpGs, (6)

categorization of SNPs into ASM classes, and (7) methylation LD analysis.

5.2.1 Mapping BSC Sequences to the Genome

Mapping algorithms such as Bowtie(228), SOAP(206), and BWA(229)
greatly simplify the task of finding the chromosomal coordinates of next
generation sequencing data. The trickiest aspects tend to be setting
appropriate thresholds for the mappability of a sequence (e.g. how many times
can a sequence map to the genome, how many base mismatches are allowed
in a read, etc.). BSC sequences are more difficult to map because of the
following two reasons: (1) possible cytosine methylation sites can be one of
two bases (C or T after PCR amplification) and (2) BSC sequences are no

longer reverse complementary.
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To avoid mapping issues due to a cytosine’s unknown methylation
state, all reads are demethylated in silico. The reference genome is also
converted so that the demethylated reads map properly. This entails creating
two entries for each read sequence. The first entry contains the original
sequence and the second entry contains the read sequence after all cytosines
have been replaced with thymines. The second entry is used in the mapping
the algorithm and the mapped chromosomal coordinates are then associated
with the original sequence. The second entry reads represent in silico
demethylated reads and these are of a uniform methylation state. The
reference genome is also demethylated in silico so that demethylated reads
can map to it. If these sequences were not demethylated in silico, sequences
containing methylated cytosines would map to the demethylated reference
genome with mismatches at the methylated cytosine locations. This would
lead to a biased mapping of unmethylated reads. CpGs would thusly appear to
be less methylated or their methylated states would be unknown due to the
poor mappability of methylated reads. If the reads and the reference sequence
were not demethylated in silico, reads would have sequences that contained
thymines at unmethylated cytosines positions. In this case reads containing all
methylated cytosines would map perfectly to the genome but reads with
unmethylated cytosines would have mismatches at unmethylated cytosine
positions. This would lead to a biased mapping of methylated reads. The

simplest method to avoid biasing mappability towards unmethylated or
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methylated cytosine states is to demethylate both the reads and the reference
genome in silico.

There are two mapping strategies that take into account the loss of
reverse complementarity after BSC. After BSC, unmethylated cytosines
appear as uracil (or thymine after PCR amplification). Uracil and thymine do
not base pair with guanine. To deal with this issue, the human methylome
study created a customized reference genome(7). In this process, two
separate reference genomes are created, one for the Watson strand and one
for the Crick strand. The Watson strand genome is the reference sequence
after it has been demethylated in silico. The reference Crick strand undergoes
a different base substitution. All guanines on the reference Crick strand are
replaced with adenines. Adenines replace guanines in the reference Crick
strand because thymines replace cytosines in the reads as they are
demethylated in silico. Reads that are on the Crick strand will map as their
reverse complement to the reference AG-replaced reference strand (Figure
5.2.1).

The second mapping strategy also creates two methylated genomes
but it does not make any G to A substitutions. This mapping style is used in
the BSPP studies(38, 39). Similar to the first method, two separate reference
genomes are created, one for the Watson strand and one for the Crick strand.
The Crick strand reference genome is the reverse complement of the
reference genome. Both reference genomes are then demethylated in silico.

The reads are then analyzed to determine whether they represent a BSC
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sequence or the PCR-reverse complementary product of a BSC sequence.
This determination is made based on the ratio of C/T and G/A bases. A BSC
sequence is expected to contain a lower ratio of cytosines to thymines than
guanines to adenines. A PCR product that uses a BSC sequence as a
template is expected to have a higher C/T ratio than G/A ratio since the PCR
product is reverse complementary to the BSC sequence. If a read is
determined to be a BSC sequence, it is demethylated in silico and mapped to
both reference genome strands. If a read is determined to be a PCR product, it
is reverse complemented, demethylated in silico, and then mapped to both
reference genomes (Figure 5.2.1).

My pipeline utilizes both techniques since each technique offers
different advantages. The first technique does not involve taking the reverse
complement of read sequences. Most next generation sequencing data tends
to have an error bias towards the 3’ prime end of a read sequence since data
can become more unreliable as the sequencing cycle count increases.
Mapping via the first method allows the mapping algorithm to set stricter
sequence alignment thresholds for the 5" end than the 3’ end. This also allows
post-mapping sequence trimming of the 3’ end if it contains too many
mismatches. However, this method does not optimally map PCR products
from a BSC template. The second method maps both BSC and PCR produced
sequences but many of the reads are reverse complemented before they are

mapped to the reference strands. If a next generation read data set is noisy,
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the first method is more appropriate while the second method is better for a

data set with a consistent quality score across most of the read.
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Figure 5.2.1 a) Double stranded DNA loses reverse complementarity at unmethylated
cytosine positions during bisulfite conversion. The lines between the strands represent base
pairing. In this figure, Crick strand sequences are shown 3’ to 5’ to show complementarity with
sequences on the Watson strand. b) Reads are demethylated in silico before mapping. This
process involves replacing all cytosines with thymines. R1 and R2 represent two independent
sequencing reads. ¢) The GA mapping method uses two reference genomes: one reference
genome is in silico demethylated while the other reference genome undergoes a gunaine to
adenine conversion. BSC reads from the Watson strand will map to the in silico demethylated
reference genome while reads from the Crick strand will map to the GA converted genome
after reverse complementation. d) As an alternative to the GA method, the strand detection
method detects whether a read represents the BSC read or the PCR product of a BSC
sequence. PCR occurs in the absence of bisulfite and the presence of cytosines on the PCR
products thusly do not necessarily represent methylated sites. Reads that have a higher A/G
ratio than T/C ratio are labeled as PCR products of BSC sequences. These sequences are
reverse complemented before in silico demethylation occurs (not shown). Then the in silico
demethylated reads are mapped to the reference genome. There are two reference genomes
used in this method. The first one is an in silico demethylated Watson strand and the other is
an in silico demethylated Crick strand. All reads map to either reference genome in the
forward direction (i.e. all reverse complementation occurs before mapping).
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This pipeline also takes into account clonal reads. Clonal reads are
considered in two ways: (1) reads whose sequences are identical and (2)
reads that map to the same chromosomal location. Given that sequencing
error can produce two slightly different sequences of reads based on an
identical template sequence, the latter category is used to commonly define
clonal reads. However, the presence of SNPs can lead to a false identification
of clonality when using the second definition. In experiments where
fragmentation of the BSC human genome is considered random, the likelihood
of a finding two sequences that share the same starting location is much less
than the likelihood of two PCR products produced from the same sequence.
Since PCR amplifies sequences non-uniformly, the distribution of sequences
after PCR amplification can be different than the original distribution. Clonal
filtering alleviates any introduced bias from PCR since over-amplified PCR
copies are filtered out of the data set. Since the pipeline can process BSC
shotgun sequencing data, which can contain several billion reads, these
sequencing reads may come from separate sequencing libraries. Each
sequencing library represents a separate library construction experiment.
Reads that share the same start coordinate within a sequencing library are
considered clonal while reads with the same start coordinate in different
libraries are not considered clonal. Association of the sequencing data with
sequencing libraries is established by the experimentalist who uploads a file
containing this information with his/her next generation sequencing data.

There are experiments, however, where fragmentation of DNA is not random,
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which decreases the likelihood that two original sequences sharing the same
start coordinates are clonal sequences. The user can thusly decide whether to
enable clonal filtering depending on his/her experiment.

The mapping part of the pipeline ensures the read maps uniquely. It
also checks if the distances between the paired sequences are within a
specific range. Since both mapping strategies involve two reference genomes,
the mapping algorithm has to be executed twice. All of the mentioned
algorithms include parameters that can filter mapped reads so that only
uniquely mapped reads are reported. A uniquely mapped read is a read that
has a best match (i.e. least amount of mismatches) at a single location on the
genome. However, since the mapping algorithms are executed twice, some
reads may map uniquely to both copies of the customized reference genomes.
The pipeline performs additional filtering after read mapping to ensure that all
reported reads mapped only once to either version of the customized
reference genomes.

The pipeline can also process paired end data but additional user-
defined parameters are required. Paired end sequences improve ASM- and r?-
based analyses since the reads cover 2x more of a single molecule than
single end sequencing. Mapping algorithms have built-in capabilities for paired
end analyses and these analyses do not apply well to BSC sequencing data.
In paired end sequence samples where one sequenced end is reverse
complementary to the other, the sequence ends will map to separate

customized reference sequences. In this case, the mapping algorithm maps
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each end independently from the other end. Only after read mapping has
completed are the two ends verified as an appropriate paired end sequence.
With non-BSC data, a major mapping advantage of paired end sequences is
the ability of a paired end to map uniquely even if one or both sequencing
end(s) do not map uniquely to the genome; the mapping algorithm checks if
the combination of both ends maps uniquely to a certain region. However,
since the ends are mapped separately with BSC data, each end must map
individually to the genome. This leads to the exclusion of some paired end
reads. However, as read lengths approach 100bp for lllumina sequencing,
which is the most common sequencing technology, the issue of reads
mapping to multiple locations is diminished. Additional issues within the
sequencing library generation steps may lead to incorrect paired end
sequences. Paired end artifact sequences can be filtered out by requiring a
certain bp distance between sequencing ends. This distance can be
determined based on the expected length of the investigated DNA fragments.
The user specifies these minimum and maximum bp distances. The user does
not need to specify whether his/her dataset is paired end; the pipeline

automatically detects paired sequences.
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5.2.2 Differences in Mapping Algorithms Used in the
Pipeline

The pipeline allows the user to use either Bowtie or SOAP for mapping
sequences. Bowtie is much more customizable while SOAP maps sequences
more reliably. As mentioned in the previous section, paired end sequence
ends are mapped independently of each other. Some ends may not map
uniquely but the combination of both ends may lead to a unique match. Bowtie
allows the reporting of multiple matches up to a certain threshold set by the
user. The pipeline allows bowtie to report up to 100 matched locations for
each end. After both ends have been matched, the pipeline then searches for
a unique region where both ends are within an appropriate distance from each
other. If such a region is found, the sequences are considered paired and their
mapped coordinates are recorded. Unfortunately, SOAP does not allow the
user to specify a matched location threshold; either SOAP reports only unique
hits, all hits, or it chooses a random hit. A hit is an acceptable chromosomal
coordinate for a read. Since some reads map thousands and thousands of
times to the genome, it is not feasible to allow SOAP to report all hits when
processing billions of reads.

In addition to precisely controlling the number of reported matches for a
read, Bowtie allows for the user to specify the number and type of mismatches

allowed in the sequence. SOAP allows the user to align sequences allowing
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up to a certain number of total mismatches. Bowtie allows the user to align
allowing: (1) a certain number of total mismatches or (2) a seed of the
sequence, usually 28bp from the 5’ end, up to a certain amount of
mismatches. Unlike SOAP, Bowtie supports the Maq read mapping policy. The
Magq policy entails mapping a seed with at most a certain number of
mismatches and then allowing mismatches in the tail sequence until the sum
of the mismatched bases’ quality scores reaches a certain threshold. The Maq
policy allows more mismatches with low quality scores than mismatches with
high quality scores.

Although SOAP’s read mapping policies are not as flexible as Bowtie’s,
SOAP maps slightly more sequences than Bowtie (Table 5.2.1 and Figure
5.2.2) using the same mapping policy. Bowtie 0.12.5 appears to discard many
reads based on its belief that the sequence does not uniquely map to a single
region (i.e. too many matches). SOAP, however, finds that many of these
same sequences do uniquely map back to the genome. BLAT, another
sequence aligning program, verified SOAP’s results as correct since it found
only one best match for the sequences that SOAP mapped but Bowtie did
not(230). Bowtie offers the best parameter control for mapping but SOAP
maps more BSC sequences. Given that both of these algorithms offer
something unique, they are included as options. The experimentalist decides

which mapping algorithm is most appropriate for his/her sequencing data.
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Table 5.2.1 This table shows the mapping output from Bowtie and Soap using the same input
data set. Both algorithms were set to report reads that mapped only once to the genome.
Bowtie was executed using the strata, tryhard, and best options. Both sequences were
mapped allowing at most 2 mismatches total (-v 2 option for both algorithms).

Mapping Reads Total Mapped
Algorithms Mapped Reads Percentage

SOAP 2.0 2,849,975 | 14,795,567 19.26%

Bowtie 0.12.5 | 2,663,293 | 14,795,567 18.00%

X Bowtie and Soap Aligned
(2,663,277 reads)

& Soap Aligned Only
(186,698 reads)

Bowtie Aligned Only (16
reads)

Figure 5.2.2 Soap maps around 1% more reads than Bowtie, which amounts to 186,698
reads in the sample dataset, which are 36 bp BSC lllumina read sequences. Bowtie maps 16
reads uniquely while SOAP does not. Assuming these percentages scale linearly, SOAP will
map an additional 12.6 million reads for every billion input reads. The mapping algorithm
parameters are explained in Table 2.5.1.
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5.2.3 Mapping Alternatives

Given the presence of sequencing technologies other than Illlumina
(e.g. 454 and SOLID) and the diversity of experiment types, the pipeline allows
users to upload sequences that they have mapped. This is an important
feature for the methylome data produced by Joe Ecker’s group, for example.
Since that group was able to produce 87bp long reads when most other labs
were producing 36bp long reads, the sequencing quality towards the 3’ end
was quite low. To cope with this issue, the group performed trimming before
and after mapping to the genome to eliminate sequence segments that were
suspected of containing a significant amount of noise. Other labs may also
experience experiment-specific sequencing issues and have thusly developed
a customized mapping policy to account for them. The pipeline is still useful for
these labs since they can upload their mapped data and find organized
methylation regions including ASM, SNP calls, and methylation frequency
information. This is a welcome alternative for groups who do not want to be

confined to the methylation pipeline’s mapping options.
5.2.4 Calculating CpG Frequencies

With the original read sequences and their associated chromosomal
coordinates stored in a MySQL database, the frequencies are calculated by
looking at each CpG site and counting the occurrences of cytosine and

thymine at that position. There are over 28 million CpG sites in the human
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genome and interrogating the methylation status of each of them is a
computationally intensive process. To expedite this process, | have created an
algorithm that breaks each chromosome into 250 million bp chunks. For each
chunk, the reads that are located within each chunk are stored into memory.
Once loaded into memory, the sequences are scanned for CpG coverage. If a
read covers a CpG site, the base identity at that position is stored into another
database. Performing these operations for chunks of chromosomes allows for
the read information to be stored into memory and also reduces the number of
MySQL queries. If all reads that mapped to a certain chromosome were stored
into memory for a BSC shotgun sequencing experiment (e.g. 50 to 200 million
reads per chromosome), the required memory would be greater than 32GB. If
reads were not read into memory before CpG searching, then billions of
MySQL queries would be made as each read is examined and this would be a
slow process.

Once the base identities at chromosomal positions are known, the final
step is to compute the fraction of bases that are cytosines (methylated) and
thymines (unmethylated). The pipeline first indexes all CpG coordinates that
are covered by at least one read. Each CpG coordinate is scanned and the
base identities are stored into a hash. In order for a CpG site to be considered
reliably mapped, at least 90% of bases at this position must be cytosine and
thymine. Then the number of cytosines found is then divided by the sum of
cytosines and thymines found at each CpG site. This final value is considered

a methylation frequency and it is accompanied by a read count. Read counts
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bestow a confidence level onto the methylation frequency. For lower read
counts, an erroneous base call will more greatly affect the methylation
frequency value. To limit this possible source of noise, methylation frequencies

with a read count of less than 5 are not reported.

5.2.5 SNP Calling

The SNP calling algorithm generates genotype probabilities (diploid
genotypes are: AA, AT, AG, AC, TT, TC, TG, CC, CG, and GG) and assigns a
SNP candidate site the most likely genotype. This custom algorithm is detailed
in Section 4.5.4 but additional changes were made as it was incorporated into
this pipeline. The biggest change was the expansion of the SNP calling
algorithm so that it makes calls at all dbSNP 130 sites. SNP Sites that are
listed in the dbSNP 130 database are considered possible candidates. In the
published version of the SNP calling algorithm, quality scores were taken into
account when making SNP calls. Based on that Cpg30k dataset, | found that
quality scores did not act as a filter for false positive SNP calls; the quality
score component did not help the results and it slowed down the algorithm. |
thusly skipped quality score considerations in order to accelerate the SNP
calling algorithm. The minimum read depth threshold is 10x. To further
optimize the SNP calling script, | cached Fisher’s Test p-values so that
Fisher’s Test calculations would not have to be recalculated if the same
Fisher’s Test was recently performed. | used this SNP calling algorithm to call

SNPs on 26 different samples that were targeted via the Cpg97k probe set.
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Independent array-based SNP calls had also been made on these samples. |
had 98-99% SNP call concordance rates, which were similar to the previously
published SNP concordance rates for the Cpg30k data in Chapter 4.

To eliminate false T/C SNP calls due to the presence of methylation
and unmethylated cytosines at a single site, all reads are first demethylated in
silico before they are analyzed for SNPs. Due to this demethylation step, T/C
SNP calls cannot be made on the T/C strand data since they cannot be
distinguished from C/C or T/T genotypes. However, T/C SNP calls can be
made on double stranded data or if the reads map to the opposite strand of
the T/C SNP since the reverse complement of T/C is A/G. Double stranded
SNP calls are typically more accurate than single stranded SNP calls because
the SNP site is validated on two strands. However, double stranded A/G SNP
calls do not benefit from double stranded coverage since the other strand
consists of a single base, T. A/G or T/C double stranded SNP calls are thusly

considered as accurate as single stranded SNP calls.

5.2.6 SNP-Affected CpG Sites

Many SNP sites overlap with CpG sites and the pipeline thusly
searches the CpG sites that are created or destroyed by these called SNPs.
SNPs can affect a CpG in four ways: (1) a SNP can create a CpG at position 0
of a CpG site (the cytosine position on the Watson strand), (2) a SNP can
destroy a CpG at position 0, (3) a SNP can create a CpG at position 1, and (4)

a SNP can destroy at CpG at position 1 (Figure 5.2.3). In order to examine
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these four possible effects, the reference sequence around each SNP site is
stored into memory ([-1,+1] bp around SNP site). In order for a SNP site to
destroy a CpG site, the CpG site must exist in the reference sequence. Thus
the retrieved SNP sequence is checked for the presence of a CpG at position
0 or position 1. If a CpG exists at position 1, the SNP affects the guanine base
of the CpG. This means that the cytosine on the Watson strand will always be
unmethylated when the guanine base substituted for another base. When the
guanine is substituted for another base on the Watson strand, the cytosine
position of the CpG on the Crick strand is occupied by another base. A SNP at
CpG position 1 affects the Watson and Crick CpGs analogously.

The zygosity and position of a CpG-destroying SNP affects the
methylation frequency calculations differently. A homozygous SNP at CpG
position 0 SNP will destroy the CpG on both alleles with a base substitution at
the cytosine on the Watson strand and the guanine position on the Crick
strand. If this CpG is covered only by reads that map to the Crick strand, the
CpG will appear to be completely unmethylated. Since the CpG site is
destroyed by the SNP, this would not be an accurate methylation measure.
The presence of an unmethylated cytosine on the Crick strand reflects a
change in genomic sequence and is not a product of CpG methylation
regulation since the CpG has been destroyed by a SNP. Alternatively, if a
homozygous guanine SNP follows a cytosine base, the SNP creates a CpG

site.
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Reference SNP SNP
a) Sequence at CpG Position 0 at CpG Position 1
SNP SNP
Site Site
Watson  ACGT AAGT ACAT
Crick TGCA TTCA TGTA

b) Homozygous SNP at CpG Position 0

BSC  AAGT Bsc TTTA
Watson AAGT Crick TTTA . . .
Reads MAGT  Reads TTTA  Crick methylation frequency: O
(5"to 3') AAGT (3'to 5) TTTA
AAGT TTTA

C) Heterozygous SNP at CpG Position 0

Allele 1 Allele 2
(Non-Reference Base) (Reference Base)
Watson AAGT Crick TTTA Watson ACGT Crick TGCA
Reads AAGT Reads TTTA Reads ACGT Reads TGCA
(5’ to 3’) AAGT (31 to 5=) TTTA (51 to 31) ACGT (3! to 5=) TGCA
AAGT TTTA ACGT TGCA

Allele 1 Crick strand methylation frequency: O
Allele 2 Crick strand methylation frequency: 1
Combined methylation frequency: .5

Figure 5.2.3 a) The presence of a SNP at the cytosine position and guanine position of a CpG
site on the Waston strand. The base used for methylation frequency calculations is the base at
CpG position 0 on the Waston strand and the base at CpG position 1 on the Crick strand.
Sequences in a) are not bisulfite converted. b) Given a homozygous SNP at CpG position 0, a
methylation frequency is not computed on the Waston strand (too many A or G bases) and the
methylation frequency is 0 on the Crick strand. ¢) Given a heterozygous SNP, the methylation
frequency for the Crick strand is .5 and the methylation frequency for the Watson strand is not
calculated. In this example, the intact CpG site is completely methylated but the presence of
the non-reference base on one allele reduces the Crick strand methylation frequency.
Methylation frequency calculations are averages across both alleles.
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A heterozygous SNP that overlaps with a CpG site will affect only one
of the alleles and thusly creates a CpG site or destroys a CpG site allele
specifically. For example, a SNP that occurs as position 1 of a CpG site, which
is labeled as guanine in a reference, will destroy the CpG site on the allele
where the SNP base does not match the reference. Methylation frequency
calculations performed on reads from the Watson strand will show a
completely unmethylated CpG. Methylation frequency calculations on the
Crick strand may reveal a significant amount of bases that are neither thymine
nor cytosine and a methylation frequency calculation would be skipped. An
interesting case is the presence of a T/C SNP at position 0 of a CpG site
regardless of zygosity. If this were a heterozygous SNP and only the Watson
strand were targeted, the reads from the T allele would appear to be to
completely unmethylated and reads from the C allele could be methylated or
unmethylated. In this case, the methylation frequency would be artificially
lower than expected since about half of the reads would show the site to be
unmethylated. Given these effects, SNPs that affect CpG sites as the

sequence level are discovered and stored into a database.
5.2.7 Allele Specific Methylation Analysis

This analysis classifies SNP sites based on the methylation patterns of
nearby CpGs. There are four classes of ASM in this analysis that are intended
to separate SNP-CpG relationships into three categories: (1) SNPs that exhibit

non-sequenced based ASM, (2) SNPs that exhibit sequenced-based ASM,
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and (3) SNPs that exhibit no ASM behavior. The first category is subdivided
into two subcategories so that a set of high confidence ASM sites can be
produced. The purpose of this labeling scheme is to identify biologically
regulated ASM and sequenced based ASM SNP regions.

Significant SNP-ASM relationships are determined in two ways: (1)
individual SNP-CpG methylation state relationships, (2) the relationship of a
SNP to the methylation states of multiple CpG sites. The first method directly
looks at the CpG’s methylation state on a read sequence that also covers the
SNP site of interest. If a CpG is significantly more methylated for one SNP
type than the other, the ASM relationship is considered significant. With large
read depths, the first method would be the only method necessary to find ASM
relationships. However, some experiments have lower coverage, which makes
it more difficult to statistically assess ASM. To cope with the issue of read
depth, the methylation states of all CpGs on a read that also covers the SNP
site of interest are summed. For example, if both alleles for a certain SNP site
had only 3x coverage, each CpG SNP calculation will have only three samples
for each allele. If three CpG sites appear on the same read as the SNP site of
interest with 3x coverage, summing across all three CpGs increases the
sample size to 9. If these CpG sites were oppositely methylated in an allele
dependent manner, then the ASM p-value (based on a Fisher’s Test as
described in Chapter 4.5.5) would be < .1 for a sample size of 3 and < .001 for
a sample size of 9. In order for method 2 to find ASM, the sum of methylation

states across all CpGs within the SNP region must show significant ASM
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behavior. If the read depth is low and only one CpG site exhibits ASM, my
algorithm will not find this instance of ASM behavior to be statistically
significant.

The ASM category that includes SNPs exhibiting non-sequence based
ASM has the highest potential to contain regions of allele-specific regulatory
activity. For each SNP site in this group, the methylation state of at least one
CpG or the summation of methylation states across multiple CpGs shows
significant ASM. To eliminate the possibility of sequence based ASM (i.e. SNP
overlapping CpGs), these CpGs may not overlap with any called SNPs. To
create a subgroup of high confidence ASM candidates, SNPs exhibiting non-
sequence ASM across CpGs that do not overlap with any dbSNP 130 sites are
labeled as class |. Other CpGs that show SNP-based ASM but whose CpGs
overlap with dbSNP130 sites are classified as class Il. Class 1| ASM may still
be caused by sequence based ASM since there could be an uncalled SNP
present in a CpG. A common reason for a missed SNP call is insufficient read
depth; my SNP calling script requires a read depth of 10x. Since the ASM
behavior seen in this category is unlikely due to sequence variation, it is more
likely due to a biological mechanism (e.g. imprinting). The regions in this
category are the most appropriate for identifying allele specific markers and
studying the mechanisms of ASM.

Class Il contains SNP regions that exhibit sequenced based ASM
behavior. All regions in this category contain a called SNP that overlaps with a

CpG site. However, the SNP site of interest is not necessarily the SNP site
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that overlaps with a CpG. Another SNP that is on the same haploblock as the
SNP of interest may overlap with a CpG. For example, there are two SNP
sites where SNP site 1 is G/C and SNP site is 2 A/T. Whenever one allele
contains G at SNP site 1, SNP site 2 on the same allele always contains A. If
SNP site 2 overlaps with a CpG, SNP site 1 could be categorized as class lll
due to the second SNP site. SNPs that create or destroy CpG sites affect the
ability of a cytosine to become methylated. In this case, the methylation state
is not dependent on biological regulation but solely on the adjacent genomic
sequence. In order for a CpG overlapping SNP site to show ASM, the cytosine
must be methylated at some frequency when the CpG site is intact. Consider a
case where the second position of a CpG is affected by a heterozygous SNP.
If the cytosine at this affected CpG were entirely unmethylated on the intact
CpG allele, its methylation frequency would be the same as the CpG located
on the second allele (Figure 5.2.4). Given that most of the human genome is

methylated, destruction of CpG sites due to SNPs will be observed as ASM.
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Allele 1 Allele 2

SNP  SNP SNP  SNP

Site  Site Site Site
Watson Watson
ason ACGAATACG  Mwatson ATGATTACG

Crick ric
s TGCTTATGC o5y TATTGATGC

Figure 5.2.4 BSC sequences from a region that contains two nearby heterozygous SNPs.
SNP site 2 serves as the reference SNP site for ASM analysis. Both SNPs are in phase (i.e. if
SNP Site 1 is cytosine, then SNP site 2 is always thymine). Allele 1 contains the reference
bases for both SNP sites. There are two CpG sites located in the region and SNP site 1
overlaps with the first CpG site. Looking at the Watson strand only, SNP Site 1 and CpG 1
exhibit ASM behavior. Since SNP 1 is a C/T SNP, it is impossible to discriminate between a
SNP and biolgocial methylation variability given Watson strand sequences. Double stranded
sequencing information distinguishes between the two possibilities.

SNPs for which there are no CpGs on the same read are considered
class IV. SNPs that exhibit ASM behavior but the read depth is insufficient for
statistical significance are also considered class IV. Class IV SNPs should not
be considered true negatives since this class can contain sites that would
clearly show ASM if additional sequencing data were available. Even if there
are no CpGs on the same read as the SNP, CpGs sites might be located
nearby (e.g.100-500 bp away) that show ASM. The purpose of this labeling
scheme is to identify true positive ASM SNP regions. Additional work is
required to identify true negative ASM SNP regions from the remaining SNP

regions.
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5.2.8 Methylation r* Analysis

The purpose of methylation r? analysis is to identify organized
methylated regions, which include ASM regions, in cases where SNPs are not
present to separate the alleles. The method is described in more detail in
Section 4.5.6. The general outline of this analysis is to find the pair wise
correlation of methylated states for CpGs that are located on the same read.
Though reads are only 70-100 bp in length, overlapping reads can be used to
daisy chain CpG sites to from larger LD block regions (Figure 5.2.5). LD
blocks contain significantly correlated methylation states of CpGs and these
LD blocks can be linked to biological regions. For example, the pipeline ranks
RefSeq genes based on the presence of LD blocks contained by the gene;
genes with the most LD block coverage are likely candidates for ASM activity.
The r* value reflects how correlated these methylation states are, with r* = 1
representing strong methylation state correlation and =0 meaning no
methylation state correlation. Graph 5.2.1 shows how the r* metric

corresponds to changes in methylation state correlation between two CpGs.



CpG CpG
Site Site

CpG CpG
Site Site
1 2
Read 1
Read 2
Read 3 —
Read 17

Figure 5.2.5 CpGs across different reads can form a single LD block. Each horizontal line
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represents a read and each vertical column represents a unique CpG site. CpG sites 1 and 2
are found on the same reads. CpG sites 2 and 3 are found on the same reads and CpG sites

3 and 4 are found on the same reads. If CpG sites 1 and 2 have a significant pairwise
methylation correlation and CpG sites 2 and 3 have a significant pairwise methylation

correlation, then CpG sites 1, 2, and 3 can be considered apart of a single candidate LD block.
CpG site 4 can be included in the LD block if it significantly correlates with the methylation

state of CpG site 3.
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Graph 5.2.1 This graph shows how the introduction of random methylated states affects the r
value. The blue line is the linear regression trend line. This analysis involves a single CpG pair
covered by 20 reads. Without the introduction of random methylation states, the methylation
states of the paired CpGs correlate perfectly, which is represented at x=0. When randomly
chosen methylated states for both CpGs on a certain number of reads are introduced into the
dataset (x-axis), the r* value decreases. The x-axis represents how many of the 20 reads have
been substituted for random methylation states of both CpGs. When x=20, all reads consist of
random methylation information. Substitution of perfectly correlated methylation states for
random ones was repeated 10 times and the data points for all 10 instances are plotted below;
each x value has 10 y values. In this case, a CpG pair needs to have at least 8 reads that
contain perfect correlation between the CpG’s methylation states to have an r* value greater
than .3. .3 is a threshold used for determining whether a CpG forms an LD block.
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The pipeline produces r? values across all CpGs that appear on the
same sequencing read with sufficient read depth. These values are then used
to produce LD blocks and LD block gene coverage information. The LD blocks
analysis is described in Section 4 with a single modification: CpGs had to have
a methylation frequency between .25 and .75 (i.e. fuzzily methylated). This
restricts LD blocks to regions where CpGs are found in both methylated and
unmethylated states; the LD block analysis then describes the level of
methylation organization at these fuzzily methylated regions.

The LD block gene coverage information is new to the pipeline. Once
the LD block analysis has completed, all regions with sufficient read depth for
LD analysis are mapped to RefSeq gene regions. A LD gene coverage value
is calculated by firstly multiplying the number of significant r? values within LD
blocks by the number of CpGs within the LD blocks. This product is then
divided by the number of r? values not within LD blocks times the number of
CpGs not located within the LD blocks (Figure 5.2.7). This value represents
how many of the paired CpGs exhibit significant methylation organization. The
values are weighted by CpG counts since one CpG can be involved in many
pairwise r* calculations. If an LD block contains more CpGs, it is weighted
more heavily. These LD block gene coverage values are then ranked. Genes
that appear with the highest rank are considered promising candidates for

biological activity that is associated with DNA methylation.
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Significant r* values in LD blocks * CpGs within LD blocks
r* values outside of LDblocks* CpGs outside LD blocks

Figure 5.2.7 The equation used to compute LD block gene coverage values. The specified
CpGs are within a RefSeq gene’s annotated region ([+2kb TSS, -2kb 3’ end]).The
denominator involves CpGs outside of LD blocks but with sufficient coverage for the LD
analysis.

| adjusted the methylation r* algorithm that | originally used in the
Chapter 4 so that it would efficiently run on BSC shotgun sequencing
experiments. For the targeted probe sets, all pair wise CpGs were scanned
and their methylation states on reads the covered both sites were stored into
memory. Similar to the CpG frequency calculations, storing all this information
into memory is not feasible when analyzing billions of reads. The LD algorithm
now scans CpG regions covered by mapped reads starting at the first covered
CpG site per chromosome. The pair wise CpG methylation information is
stored into memory until the algorithm encounters a read coverage gap or a
CpG gap of 500 bp or more. When these gaps occur, the extension of an LD
block is not possible. These gaps act as stop points where the algorithm
processes the data it has stored into memory, outputs its results into a
database, and erases the stored data. The algorithm then continues to the
next CpG site. Unlike in the CpG frequency calculation program, the
chromosome cannot be easily broken into equally sized chunks; a CpG pair
could exist such that one CpG exists within the chunk and the other is located
just outside the chunk’s region. LD analysis must split the chromosomes into

regions that are separated by large gaps so that same read CpGs are not
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broken up into different chunks. This algorithm breaks up the chromosome
chunks that preserve all pair wise single molecule CpG methylation

information and thusly consumes a much smaller amount of memory.

5.3 User Interface For the Methylation Pipeline

The user interface consists of a web page that allows the user to upload
data, input parameters for the pipeline, and include an e-mail address for
notification purposes (Figure 5.3.1). Required data input for the pipeline are
the FASTQ formatted sequencing files and a library annotation file that links
the FASTQ files to sequencing libraries. Since sequencing experiments can be
quite large (e.g. the uncompressed human methylome analysis conducted by
Ecker’s group consumes a few hundred gigabytes per cell line(7)), FASTQ
files must be compressed before uploaded. Assuming 2 MB/s upload speed,
which is easily reached during intercampus transfers, 10 GB can be
transferred in 85 minutes. Once the uploaded files have been selected, the
user must then input parameters. These parameters include the mapping
algorithm preferences, whether to filter for monoclonal reads, and expected

gaps between paired ends (if applicable).
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— Submit your methylation job

Upload methylation file(s):

Please select the file(s) you would like to upload for methylation processing in the field below. There files must be in fastq and

gzipped (i.e. files have a .fastq.gz suffix).

Upload a library file:

Please select the library information file. Each line of the library file must contain the full name of one of the fastq files selected
above followed by a number, separated by a tab. All uploaded sequence files must be listed in this file. Files that share the
same number are considered from the same sequencing library.

0 Files Uploaded
Sequence Mapping Program:
O Soap (2 total mismatches allowed)
(® Bowtie
Select Mapping Scheme:

O Map Sequences With Strand Detection

Total Number of Allowed Mismatches: |1

(® Map Sequences Without Strand Detection

Seed Length |1

Maximum Seed Mismatches |1

Maximum Mismatch Error |1

Only For Paired-End Reads:

Minimum Distance Between Pairs: |1

Maximum Distance Between Pairs: 2000

Optional:

O Filter For Monoclonal Reads

Email address:

@

Submit

Figure 5.3.1 A screenshot of the methylation pipeline webpage
(http://wanglab.ucsd.edu/star/job.php?s=methlyation). This interface allows users to upload
FASTAQ files for read mapping and methylation-based analyses. Users can select mapping
algorithms, enter sequencing end spacing constraints for paired end reads, check monoclonal
filtering, and enter his/her e-mail address for job status notification purposes. Users can also
upload mapped data and access help files (not shown).
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The user also inputs an e-mail address so that he/she receives status
updates on his/her job and also a link to download the output from the
analysis. The status updates are important so that that user knows whether
his/her job is running, queued, or has encountered an error. When a job
finishes, there are several files for the user to download: (1) called SNPs, (2)
ASM regions, (3) methylation frequencies, (4) LD blocks and, (3) LD Blocks
associated with RefSeq genes. Files 2, 3, and 4 are in BED format and are

intended for visualization via the UCSC genome browser.

5.4 Integration into the STAR Website

This pipeline is integrated into a next generation sequencing analysis
website called STAR (http://wanglab.ucsd.edu/star/). STAR currently
processes CHIP-Seq data and RNA-Seq data. The addition of the methylation
pipeline adds BS-Seq processing capability. STAR is thusly an All-Seq
website that is capable of analyzing various types of sequencing data.
Additional work on STAR will involve integrating these various data sources in
hopes of improving our understanding of transcriptional regulation. ChlP-Seq
data can indicate where transcription factors bind and the presence of histone
modifications while BS-Seq data will reveal that methylation states of CpGs.
Relationships between methylation, histone modifications, and transcription
factors have already been observed (e.g. Cfp1, H3K4me3, and CpG island
methylation states as described in Chapter 1). There already exists extensive

sequencing data for histone marks for a few human cell lines. IMR90 currently
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has ChlP-Seq data for 26 histone marks and this cell line has BS-Seq data
available as well, for example. Second generation sequencing technology,
such as lllumina sequencing technology, has increased its sequencing
capacity greatly in the past couple of years and third generation technology is
in development. As the Wei Wang group continually improves STAR, this
website will be capable of quickly processing new sequencing data. The group
will thusly have the opportunity to get a first chance to find new insights into a

cell's regulatory biology.



Chapter 6 Concluding Remarks

The study of DNA methylation via padlock probes has proved useful for
studying chromosomal regions of interest. This technique scales easily so that
the methylation patterns of particular regions across many different cell types
can be investigated. The most recent advancement in targeted bisulfite
sequencing is the introduction of the Cpg220k probe set in 2010. An earlier
probe set, Cpg30k, demonstrated the capability of this targeted methylation
approach to study a subset of CpG islands across 16 cell lines. The
generation of these probe sets is dependent on knowing which chromosomal
regions are worthy of investigation. Not limited by prior knowledge, shotgun
bisulfite sequencing, which is performed in Joe Ecker’s group, investigates all
CpGs within mappable regions. Both of these analyses produce a lot of data,
shotgun bisulfite sequencing for a single cell line and targeted bisulfite
sequencing for many cell lines, and an automated pipeline is thusly useful to
process this data.

My main contribution to the field of DNA methylation is the creation of
tools that process this data. | have established a server based methylation
pipeline so that users can simply upload files outputted from lllumina’s
sequencing software and the pipeline will e-mail them methylation frequencies,
called SNPs, SNP-based ASM, and regions of organized methylation patterns.
Mapping BSC reads back to the genome is not a trivial process and there are

multiple methods that can do this. | implemented two methods, one used in
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targeted bisulfite studies and the other used in human methylome studies, to
greatly simplify the task of data analysis for the end-user. To facilitate this
pipeline, | created a novel SNP calling algorithm for BSC sequences that
considers both single and double stranded BSC sequences when calculating
genotype probabilities. There are no other programs that do this yet. | then
created an algorithm that looks at regions containing SNPs and statistically
assessed whether the region is significantly allele specifically methylated. For
regions without SNPs, | also applied the LD r? algorithm to DNA methylation to
identify additional ASM candidates.

In addition to post-experimental data processing, | have also created
the new Cpg220k probe set. Using lessons learned from previous probe sets, |
created a significantly larger probe set that covered regions predicted to be
differentially methylated across various cell types. This involved integrating
data from various studies and optimizing the probe set so that the most
interesting CpG sites were covered with the least amount of probes (i.e. least
cost). Beyond greatly expanded CpG coverage, changes were made to
improve the capturing ability of the padlock probes and to capture candidate
SNP sites where possible. Through its funding of the Cpg220k probe set,
Agilent is exploring the commercial viability of the padlock probe method.
When experimental data is produced based on the Cpg220k probe set and
processed with my methylation pipeline, | will be involved in both experimental

development, via my creation of the Cpg220k probe set, and the analysis of
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experimental results. This allows me to take my knowledge based on
analyzing previous probe sets and use it to further improve future probe sets.

| believe both general and targeted techniques will be used in the future
for studying DNA methylation. BS shotgun sequencing reveals the methylation
state of the vast majority of the genome. However, a recent human methylome
study shows that most CpGs are methylated and a small percentage of the
total CpG population exhibits differential methylation when comparing a
differentiated cell to a pluripotent cell(7). Targeted sequencing focuses on
regions of interest and thusly avoids the costs and effort involved when
sequencing an entire genome. However, if no regions of interest are known,
the targeted method is useless. | envision large-scale BS shotgun sequencing
experiments revealing new CpG sites that undergo biologically relevant
methylation changes across conditions. These regions will then be included in
targeted probe sets and examined across many different cell lines, which will
yield additional biological information about these CpGs.

The integration of these techniques would be useful in identifying CpGs
that serve as markers for diseases and diagnosing patients based on the
methylation states of these CpGs. For example, a small number of patients
exhibiting a diseased phenotype would donate cells that are BS shotgun
sequenced. The sequencing data would be analyzed and compared to BS
shotgun sequenced data from healthy patients. CpGs whose methylation
status discriminated the diseased patients from the healthy patients would

then be targeted in a customized padlock probe set. This padlock probe set
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would be used on a much larger sample of diseased and healthy patients to
test the discriminatory power of the selected CpGs. If these CpGs were shown
to be informative in the larger population, the padlock probe set would be used
as a clinical diagnostic tool for the general public.

Improvements in sequencing technology will decrease the costs of
sequencing and BS shotgun sequencing across many cell lines will thusly
become more feasible. Given these advancements, targeted BS sequencing
may be seen as technique with a fading purpose. However, these
technological advancements will also allow padlock probes to cover more
samples. When DNA methylation is used as a diagnostic tool, the methylation
states of certain CpGs in thousands to millions of samples will have to be
analyzed. Padlock probes are better suited for this task and will thusly remain
relevant as technology improves.

Future DNA methylation analyses will focus on allelic biases in DNA
methylation as well as overall DNA methylation levels. The ability to discern
whether a gene is regulated or expressed monoallelically or biallelically has
become increasingly important. Chapter 1 discussed the importance of
imprinted genes and the expression of other dosage-specific genes (e.g.
MeCP2), which are monoallelically expressed via an ASM regulatory
mechanism. As sequencing reads increase in length, the ability to study allele
specificity will also improve ASM analyses. Since DNA methylation has been
shown to affect chromatin structure (e.g. CTCF-mediated chromatin loops),

ASM information can provide further insight in structural differences between
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sister chromosomes. By making SNP calls and locating regions of organized
methylation, my methylation pipeline will remain relevant as diagnostic tools
will likely rely on averaged allelic methylation information while experiments
investigating the regulatory effects of DNA methylation will closely examine

allele specificity.
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