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. . . As the weeks passed
into spring and the plane trees in the courtyard
of the ancient hospital burst into new green,
I decided one morning to test sobriety,
to waken at dawn to sparrow chirp and dark clouds
blowing seaward from the Bultaco factory,
to inhale the particulates and write nothing,
to face the world as it was. Everything
was actual, my utterances drab, my lies
formulary and unimaginative.
For the first time in my life I believed
everything I said. Think of it: simple words
in English, Spanish or Yiddish, words
that speak the truth and no more, hour after
hour, day after day without end, a life
in the kingdom of candor, without fire or wine.

(Levine, 2011)
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ABSTRACT

Biological organisms have evolved complex epigenetic mechanisms to tailor their gene

expression programs to specific needs. These adaptations allow cells, that otherwise have

identical genomes, to carry out specialized functions. In this work I develop and use

data-integrative techniques to examine the mechanisms and consequences of epigenetic

processes.

To better understand the changes in DNA methylation landscape that accompany

breast cancer molecular subtypes, I integrated DNA methylation and gene expression data

from 208 breast cancer samples obtained from a Polish population-based case-control study.

Using a weighted correlation network approach, I identified gene co-methylation modules

and asked if the genes in these modules are preferentially methylated and silenced in a

breast cancer subtype-specific manner. This approach identified two non-overlapping gene

co-methylation modules. The first module is silenced in Basal breast cancers, while the

second is silenced in Luminal B breast cancers. Gene-set enrichment analysis suggests that

epigenetic silencing of these modules interferes with processes that maintain cellular dif-
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ferentiation, and that the methylation status of the Luminal B module is associated with

disease prognosis.

To uncover the determinants of the temporal order of metazoan genome replication, I

used a reductionist model of DNA replication to test the ability of hundreds of epigenetic

marks to predict replication timing. My work showed that DNA replication timing can

be completely predicted from locations of DNase I hypersensitive sites. I further demon-

strated the robust emergent character of DNA replication that could be understood without

invoking a complex regulatory mechanism.

To determine the underlying cause of cell de-differentiation in osteosarcoma, I examined

the relationship between microRNA expression and the bone-cell differentiation program.

Focusing on the inhibitory role of miR-23a in bone differentiation, I analyzed the effect of its

over-expression in osteosarcoma cells. Extensive computational analysis led me to propose

that a major mechanism by which miR-23a exerts its effect is by interfering with expression

of GJA1, which encodes a gap junction channel essential for intercellular communication

and external stimuli sensing in bone cells. Follow-up experiments indicate that GJA1 is

sharply up-regulated during bone cell differentiation and that GJA1 inhibition significantly

delays the onset of differentiation.

Together, this work uses data integrative techniques to provide new insights into the

decisive role of epigenetic processes in cellular differentiation.
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Chapter 1

Introduction

In multi-cellular organisms, cell function is determined not by genome sequence, which is

identical for every cell in an organism, but by a complex and multi-layered control mecha-

nism, generally referred to as epigenetic, literally meaning above the genome. The earliest

use of the term was used to describe the relationship between genotype and phenotype dur-

ing development (Waddington, 1957). As interest in epigenetics grew, Andrew Riggs and

colleagues expanded the definition beyond the realm of developmental biology to cover all

heritable changes that could not be explained by DNA sequence alone (Russo et al., 1996).

In the years since, the common usage of epigenetics has expanded to cover, in addition to

DNA methylation, chromatin and its marks, the spatial organization of the chromosomes

within the nucleus and effects of RNA interference. Many of these processes, however,

are short-lived and are likely not inheritable – making Riggs’ definition obsolete. In light

of this discrepancy, Adrian Bird re-defined epigenetics as “the structural adaptation of

chromosomal regions so as to register, signal or perpetuate altered activity states” (Bird,

2007).

This work is focused on analysis of dysfunction of epigenetic processes in disease. This

is commonly referred to as disease epigenetics, described as “disruption of phenotypic

plasticity – the ability of cells to change their in response to internal or external environ-

mental cues” (Feinberg, 2007). The thesis is structured into three parts, each addressing

a different aspect of epigenetic control of cell phenotypic plasticity. The first part tackles

DNA methylation patterns in a population-based breast cancer dataset, uncovering dys-

regulated cell differentiation pathways relevant to breast cancer biology. The second part
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reveals that the temporal order of DNA replication in metazoan cells, which is cell lineage

specific, can be completely predicted using an intuitive approach that relies on locations of

DNase hypersensitive sites. The third and final part identifies links between dysregulation

of microRNA-23a and abnormal differentiation of bone cells in osteosarcoma.

1.1 DNA Methylation in Breast Cancer

Genome scale expression profiling has led to the development of novel classifications of

breast cancer with growing importance for targeted treatment. However, the global DNA

methylation changes that accompany breast cancer expression-based subtypes are incom-

pletely understood. Integration of DNA methylation profiles with gene expression data

may improve classification, diagnosis, and management of breast cancer. Accordingly,

I analyzed DNA methylation and gene expression data from 208 breast cancer samples

obtained from a Polish population-based case-control study. I used a well-established

weighted correlation network analysis approach to identify clusters of correlated CpG is-

land methylation probes, which I termed DNA methylation modules. I found two gene

co-methylation modules strongly correlated with Basal (hypermethylated in Basal) and

Luminal B (hypermethylated in Luminal B) breast cancer subtypes. Functional analysis

of the Basal gene co-methylation module shows that it significantly overlaps with genes

silenced during epithelial to mesenchymal transition. On the other hand, the Luminal

B gene co-methylation module significantly overlaps with gene targets of the Polycomb

repression complex 2. Kaplan-Meier survival analysis revealed poor prognosis associated

with hypermethylation of the Luminal B gene co-methylation module. This study offers

new biological perspectives on the role of DNA methylation in breast carcinogenesis and

may have value in refining molecular classifications of breast cancer.

1.2 DNA Replication Timing

The metazoan genome is replicated in precise cell lineage specific temporal order. However,

the mechanism controlling this orchestrated process is poorly understood as no molecu-
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lar mechanisms have been identified that actively regulate the firing sequence of genome

replication. Here I develop a mechanistic model of genome replication capable of pre-

dicting, with accuracy rivaling experimental repeats, observed empirical replication timing

program in humans. In this model, replication is initiated in an uncoordinated (time-

stochastic) manner at well-defined sites. The model contains, in addition to the choice of

the genomic landmark that localizes initiation, only a single adjustable parameter of direct

biological relevance: the number of replication forks. I find that DNase hypersensitive sites

are optimal and independent determinants of DNA replication initiation. I demonstrate

that DNA replication timing program in human cells is a robust emergent phenomenon

that, by its very nature, does not require a regulatory mechanism determining a proper

replication initiation firing sequence.

1.3 MicroRNAs and Differentiation

Osteosarcoma is the most common type of bone cancer in children and adolescents. Im-

paired differentiation of osteoblast cells is a distinguishing feature of this aggressive disease.

As improvements in survival outcomes have largely plateaued, better understanding of the

bone differentiation program may provide new treatment approaches. To this end, I car-

ried out a large-scale integrative computational analysis of mRNA and miRNA expression

as well as genome copy number aberrations of sixteen osteosarcoma and two osteoblast

cell lines. This work identified copy number gain and over-expression of miRNA cluster

miR-23a∼27a∼24-2 in a substantial fraction of osteosarcoma samples. Previous studies

identified interactions between the microRNAs in this cluster, particularly miR-23a, and

select genes important for bone development. However, global changes in gene expression

associated with functional gain of this cluster have not been fully explored. Experimen-

tal results show that over-expression of miR-23a delays ossification and calcification in

osteosarcoma (HOS) cells. Downstream bioinformatic analysis identified miR-23a target

gene connexin-43 (Cx43 /GJA1 ), a mediator of intercellular signaling critical to osteoblast

development, as acutely affected by miR-23a levels. Connexin-43 is up-regulated in the
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course of HOS cell differentiation and is down-regulated in cells transfected with miR-23a.

Analysis of gene expression data, housed at Gene Expression Omnibus, reveals that Cx43

is consistently up-regulated during osteoblast differentiation. Suppression of Cx43 mRNA

by miR-23a was confirmed in vitro using a luciferase reporter assay. This work demon-

strates novel interactions between microRNA expression, intercellular signaling and bone

differentiation in osteosarcoma.
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Chapter 2

Methylation portraits of breast cancer: results

from a population-based case-control study

2.1 Introduction

Clinical, pathological and epidemiological heterogeneity among breast cancers has long

been recognized (Rakha et al., 2008). Breast cancer can be classified into one of the five

generally accepted subtypes by gene expression profiling. Luminal subtypes express the

estrogen receptor and are the most common type of breast cancer, accounting for two-thirds

of all cases (Carey, 2010). Luminal cancers are further divided into Luminal A and Luminal

B, with Luminal B being more proliferative. Basal subtypes are highly proliferative and

are characterized by low expression of estrogen receptor. The Normal-like subtype is the

least well characterized; it is distinguished by low expression of other intrinsic clusters.

Importantly, categorization of breast cancers according to distinct gene expression profiles

has been relevant to clinical management (Sø rlie et al., 2001; van de Vijver et al., 2002;

Paik et al., 2004; Gruvberger et al., 2001).

Luminal and Basal breast cancers may originate from distinct cell lineages (Li and

Durbin, 2009). Since lineage commitment is driven by epigenetic processes, a number of

recent studies explored a possible connection between DNA methylation patterns in breast

cancer and cell types of origin (Dedeurwaerder et al., 2011). DNA methylation is often

observed in the presence of H3K27me3, which is associated with the action of the Polycomb

repressive complex 2 (PRC2) (Ohm et al., 2007; Schlesinger et al., 2007; Widschwendter

et al., 2007). Holm and colleagues observed breast cancer subtype-specific patterns of DNA

methylation of PRC2 gene targets (Holm et al., 2010). Specifically, in Basal breast cancer,
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these genes are silenced via PRC2-induced trimethylation of H3K27; whereas in Luminal

B cancers, the same genes are silenced via DNA methylation of the promoter regions.

However, the relationships between Polycomb proteins, DNA methylation-mediated gene

silencing and their impact on survival remain to be fully explored.

The purpose of this study is to derive a unified understanding of the contribution of

DNA methylome to breast cancer biology. To this end, we broadly explored the CpG island

DNA methylation landscapes obtained by studying a subset of breast cancers collected in

a population-based case-control study conducted in Poland (Garćıa-Closas et al., 2006).

In studying DNA methylation patterns, we used a weighted correlation network approach,

identifying clusters of highly correlated CpG island methylation markers termed gene co-

methylation modules (Horvath et al., 2012). A distinguishing feature of our approach is

that gene co-methylation modules were constructed without the use of expression data,

gene annotation, or other data reduction techniques such as variance filters. We examined

a number of features of these modules including methylation and expression patterns, re-

producibility in an independent dataset, gene functional enrichment, and prognostic prop-

erties.

2.2 Results

2.2.1 Sample classification

We profiled gene expression and DNA methylation of 208 breast cancer samples (Table

1) using DNA microarray hybridization. We determined the distribution of these samples

across established breast cancer categories (Sø rlie et al., 2001) by applying a random

forests classifier (Breiman, 2001), a well-established class prediction method (Dı́az-Uriarte

and Alvarez de Andrés, 2006), on the gene expression data. As in previous studies, although

these categories were clearly apparent, individual samples varied in how well they could be

separated from neighboring clusters. Overall frequency of breast cancer subtypes observed

in these 208 samples was: Luminal A (42.3%), Luminal B (20.2%), Basal (11.1%), HER2

(11.5%), and Normal-like (14.9%) (Table 2.1).
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Table 2.1: Patient Cohort Characteristics (N=208)

Age
Median 55
Interquartile range 49-63

Diagnosis – no. (%)
In situ invasive 151 (73%)
Invasive only 57 (27%)

Tumor type – no. (%)

Ductal 115 (55%)
Lobular 34 (16%)
Medullary 2 (1%)
Mixed (ductal and lobular) 35 (17%)
Mucinous (colloid) 1 (0%)
Papillary 1 (0%)
Tubular cribriform 7 (3%)
Tubulolobular 10 (5%)
Other primary 3 (1%)

Tumor differentiation – no. (%)
Poor 54 (26%)
Moderate 119 (57%)
Well 35 (17%)

Estrogen Receptor Status – no. (%)
Positive 127 (61%)
Negative 64 (31%)
Undetermined 17 (8%)

Progesterone Receptor Status – no. (%)
Positive 106 (51%)
Negative 85 (41%)
Undetermined 17 (8%)

Tumor Diameter – no. (%)

0.6-1.0 cm 6 (3%)
1.1-2.0 cm 92 (44%)
2.1-5.0 cm 102 (49%)
>5.1 cm 8 (4%)

Predicted Molecular Subtype – no. (%)

Basal 23 (11%)
Her2 24 (12%)
Luminal A 88 (42%)
Luminal B 42 (20%)
Normal-like 31 (15%)
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2.2.2 Correlation network approach identifies gene co-methylation modules

correlated with Luminal B and Basal breast cancer subtypes

Using a network correlation approach (see section 2.4), we examined the possible contri-

bution of DNA methylation in the establishment of gene expression-derived breast cancer

categories. We defined gene co-methylation modules (Langfelder and Horvath, 2008; Hor-

vath et al., 2012) as sets of highly correlated methylation probes, uncovering 27 such

modules (Fig. 2·1). Out of the initial modules identified, we found two dominant gene

co-methylation modules that show significant correlations to breast cancer subtype anno-

tations (see 2.4.6) based on mRNA profiling (Fig. 2·1). The average methylation profile of

probes in these modules is significantly correlated with sample breast cancer subtype anno-

tations. The first (Basal) gene co-methylation module (1094 probes corresponding to 943

genes) is significantly correlated with Basal breast cancer subtype (P = 4×10−3), while the

second (Luminal B) gene co-methylation module (755 probes corresponding to 505 genes)

is significantly correlated with the Luminal B breast cancer subtype (P = 9× 10−5).

2.2.3 Basal and Luminal B gene co-methylation modules exhibit subtype-

specific expression and methylation patterns

We next sought to define the relationships between expression and methylation in the Basal

and Luminal B gene co-methylation modules. We found that the Basal and Luminal B gene

co-methylation modules exhibit inversely correlated expression and methylation patterns

that are breast cancer subtype specific (Fig. 2·2). The Basal gene co-methylation module

generally exhibits a greater degree of DNA methylation in Basal breast cancer samples

compared to samples characterized as Normal-like or Luminal (Fig. 2·2). Moreover, the

expression of the Basal gene co-methylation module is significantly down-regulated in Basal

breast cancer subtypes (Fig. 2·2). Similar to the Basal gene co-methylation module,

the Luminal B gene co-methylation module shows an inverse expression and methylation

pattern. The Luminal B gene co-methylation module is characterized by hypermethylation

(Fig. 2·2) and reduced expression (Fig. 2·2) in Luminal B samples.
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Figure 2·1: Gene co-methylation module discovery and selection. (A)
Schema representing our approach. Starting with CpG island methylation
data, we identify sets of highly correlated methylation probes evidenced by
red squares along the diagonal and branches of the accompanying hierar-
chical clustering tree. In this simulated example, five gene co-methylation
modules were uncovered. Next, for each module, we calculate an average
methylation profile. Separately, we extract gene expression-derived breast
cancer molecular subtype annotations from our dataset. As a final step,
we calculate Pearson’s correlation coefficients between methylation module
profiles and molecular subtype classifications with the goal of identifying
methylation modules that are significantly correlated with molecular sub-
types. (B) We identified two gene co-methylation modules highly correlated
with expression-derived breast cancer molecular subtypes. Numbers indi-
cate P values for Pearson’s correlation expressed in negative log; red signifies
positive correlations; blue signifies negative correlations; black signifies no
significant correlation.
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To ensure that grouping for of methylation probesets is not due to a probe sequence

artifact, we calculated Kullback-Leibler (KL) divergence (Kullback and Leibler, 1951) for

every probe pair on the DNA methylation microarray. While K-L divergence is often used

to differences between two probability distributions, it has proven useful when the goal

is to quantify the differences between a pair of short texts (see for instance (Pinto et al.,

2007)). We find that the mean K-L divergence for methylation probes within the Basal

gene co-methylation module equals to that of the Luminal gene co-methylation module at

0.19. Therefore, we conclude that DNA methylation probe sequence similarity is not a

contributing factor in our analysis.

2.2.4 The Basal and Luminal B gene co-methylation modules are preserved

in an independent dataset

To determine if the Basal and Luminal B gene co-methylation modules are robust and

reproducible, we complemented our analysis with an external dataset recently published

by Dedeurwaerder and colleagues (Dedeurwaerder et al., 2011). Dedeurwaerder et al.

analyzed DNA methylation profiles of 248 breast cancer tissues with a subtype composition

similar to this study using the same microarray platform. When reanalyzing their dataset

with our methods, we find that the Basal and Luminal B gene co-methylation modules are

highly preserved. The P value of the preservation statistic (Langfelder and Horvath, 2008;

Langfelder et al., 2011) for the Luminal B and Basal modules in the two datasets is less

than 1× 10−20, suggesting that these gene co-methylation modules are stable and are not

due to a data artifact.

2.2.5 The Basal gene co-methylation module is enriched for gene signatures

related to the process of epithelial to mesenchymal transition

To determine the likely function of the Basal gene co-methylation module, we performed

a functional gene enrichment analysis of the genes in this module. We find that the Basal

gene co-methylation module is highly enriched for gene signatures that relate to epithelial to

mesenchymal transition (EMT) in cancer (Table 2.2). The most enriched signature within
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Figure 2·2: Average expression and methylation levels of Basal and Lu-
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Basal gene co-methylation module. (C) Average CpG island methylation
of Luminal B gene co-methylation module. (D) Average gene expression of
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Table 2.2: Top Enriched Basal Gene Co-Methylation Module Gene Signa-
tures

Signature Enrichment P
value

Charafe breast cancer luminal vs mesenchymal up 6.26× 10−14

Doane breast cancer ESR1 up 3.19× 10−8

Gozgit ESR1 targets dn 5.80× 10−8

Smid breast cancer basal dn 1.29× 10−7

Aigner ZEB1 targets 5.21× 10−7

Onder CDH1 targets 2 dn 8.81× 10−7

Ohm methylated in adult cancers 1.34× 10−6

Lien breast carcinoma metaplastic vs ductal dn 2.41× 10−6

Wamunyokoli ovarian cancer lmp up 2.60× 10−6

Charafe breast cancer luminal vs basal up 2.92× 10−6

the Basal gene co-methylation module is that of genes down-regulated in mesenchymal-like

breast cancer cell lines compared to luminal-like breast cancer cell lines (Subramanian et al.,

2005; Charafe-Jauffret et al., 2006) with a P value of 6.26× 10−14. Furthermore, there is a

strong enrichment (P = 8.81×10−7) of genes within the Basal gene co-methylation module

that were observed to be down-regulated after knockdown of the E-cadherin (CDH1 ) gene

(Onder et al., 2008; Subramanian et al., 2005).

The expression and methylation profiles of EMT and E-cadherin signatures within

the Basal gene co-methylation module are inversely correlated and breast cancer subtype

specific (Fig. 2·2). These signatures are consistently hypermethylated in Basal breast

cancer samples relative to other subtypes. The expression patterns follow a reverse trend:

gene silencing in Basal breast cancer subtypes and up-regulation in remaining subtypes.

In light of these findings, we examined whether the Basal gene co-methylation module

is enriched for targets of transcription factors known to play a role in EMT. Transcription

factor target enrichment analysis using a manually curated database (Ingenuity Systems;

www.ingenuity.com) uncovered that the Basal gene co-methylation module is enriched (P =

1.9×10−4) with targets of SNAI1 a potent repressor of E-cadherin and an inducer of EMT

(Peinado et al., 2007). Among the genes identified, as under the influence of SNAI1 in the
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Basal gene co-methylation module, is the E-cadherin gene as well as CCND1, OCLN,

MUC1, and PTEN. Moreover, our results show that SNAI1 is overexpressed in Basal

breast cancer subtypes (Fig. 2·4).

Further examination of Basal gene co-methylation module reveals that it contains a

number of genes that have been described as hypermethylated in cancer (Heyn and Esteller,

2012; Esteller, 2007). These genes include cell-cell adhesion gene CDH1 ; estrogen receptor

ESR1 ; detoxification enzyme gene GSTP1 ; DNA repair gene MGMT ; retinoic acid receptor

gene RARB ; cell cycle control gene SEPT9 ; cell growth control gene SNCG ; extracellular

matrix protein gene THBS1 and TSH receptor gene TSHR.

2.2.6 The Luminal B gene co-methylation module is enriched for gene signa-

tures related to Polycomb targets

To determine the likely function of the Luminal B gene co-methylation module, we per-

formed an enrichment analysis of the genes in this module. The enrichment analysis shows

that a significant number of genes of the Luminal B gene co-methylation module have been

characterized previously as targets of histone mediated transcriptional silencing (Table 2.3).

The Luminal B gene co-methylation module is highly enriched (P = 3.40×10−71) for gene

targets of Polycomb repressive complex 2 (PRC2) (Ben-Porath et al., 2008; Subramanian

et al., 2005).

The enriched PRC2 signature shows signs of differential methylation and expression

across the breast cancer subtypes (Fig. 2·5). The genes in this signature are most methy-

lated in the Luminal B samples and are least methylated in Basal samples. Moreover,

the PRC2 expression signature is down-regulated in Luminal B subtypes relative to the

remainder of the dataset.

The above results lead us to examine whether EZH2, which codes for the histone

methyltransferase subunit of PRC2, is differentially expressed across the breast cancer

subtypes in our dataset. We found EZH2 to be overexpressed in Basal breast cancer

subtypes (Fig. 2·6), in line with previous reports (Holm et al., 2010). Expression of the
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Table 2.3: Top Enriched Luminal B Gene Co-Methylation Module Gene
Signatures

Signature Enrichment P
value

Benporath EED Targets 1.52× 10−93

Benporath SUZ12 targets 1.12× 10−85

Benporath PRC2 targets 3.40× 10−71

KEGG neuroactive ligand receptor interaction 5.65× 10−18

Schlesinger H3K27me3 in normal and methylated in cancer 1.77× 10−17

Reactome GPCR ligand binding 2.18× 10−17

Hatada methylated in lung cancer up 1.32× 10−14

Reactome downstream events in gpcr signaling 6.84× 10−13

rReactome class a1 rhodopsin like receptors 3.68× 10−11
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Figure 2·6: Expression of PRC2 complex member EZH2 across the PBCS
dataset.

remaining subunits of PRC2, namely EED and SUZ12, was found not to vary across breast

cancer subtypes (results not shown).

2.2.7 Methylation of the Luminal B gene co-methylation module is associated

with poor prognosis

In a previous work, we identified a methyl-deviator breast cancer epigenotype associated

with high-grade, poor-survival, estrogen receptor positive cancers (Killian et al., 2011).

The Luminal B gene co-methylation module significantly overlaps with the genes of the

methyl-deviator epigenotype (P = 1.75 × 10−29). Therefore, we examined whether the

Luminal B gene co-methylation module may be predictive of clinical outcome.

Using Kaplan-Meier analysis, we find that the methylation status of the Luminal B

gene co-methylation module is associated with significantly worse outcome within Luminal

samples (P = 0.002; Fig. 2·7). Multivariate analysis shows that the Luminal B gene co-

methylation module has prognostic value independent of commonly used clinical indicators
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including age and tumor size (Table 2.4). A Gene Set Enrichment Analysis-inspired test

(see 2.4), to verify the prognostic value of the Luminal B gene co-methylation module, shows

that it is overrepresented at the top of the list of methylation probes ranked by association

with clinical outcome (Fig. 2·7). These results demonstrate that DNA methylation of

Luminal B gene co-methylation module is associated with poor prognosis.

Table 2.4: Multivariate Odds Ratios and 95% Confidence Intervals for
Risk of Death among the Patient Cohort with Luminal Breast Cancer

Variable Odds Ratio (95% CI) P Value

Age 1.03 (0.98-1.11) 0.27
ER Status (Positive vs Negative) 0.82 (0.22-3.02) 0.77
Tumor Size 0.66 (0.39-1.11) 0.11
Methylation Status of the Luminal B Gene
Co-Methylation Module (Hypomethyla-
tion vs Hypermethylation)

0.25 (0.08-0.79) 0.02

2.3 Discussion

In this study, we used an unsupervised network analysis of DNA methylation data to reveal

a number of key biological insights into the relationship between DNA methylation, gene

expression, and epigenetic programming with relevance to survival outcomes. Thus far,

these relationships have largely been studied using data-reduction approaches that limit

the number of genes considered based on their prior defined role, such as those thought

to be important in cancer, or their ability to discriminate between prior defined sample

groups, or their variance across the dataset. The current study overcomes many of these

limitations by making few assumptions about the data.

Our results show (Fig. 2·5) that there is a significant hypermethylation and silencing

of PRC2 gene targets (Table 2.3) in Luminal B subtypes, which form the Luminal B gene

co-methylation module. We also observed an accompanying downregulation of EZH2 in

Luminal B tumors (Fig. 2·6). Conversely, in Basal tumors, PRC2 targets are hypomethy-

lated (Fig. 2·5) and EZH2 is expressed at significantly higher levels compared to other
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Figure 2·7: Survival analysis based on the methylation status of the Lu-
minal B gene co-methylation module applied to Luminal samples. (A)
Luminal breast cancer samples were split into two groups according to an
unsupervised hierarchical clustering analysis. (B) Samples where the Lu-
minal B gene co-methylation is hypermethylated (red) are associated with
worse prognosis compared to the remainder of the data set (magenta). (C)
Gene Set Enrichment Analysis, where methylation probes are ranked by
their association with clinical outcome, shows that the methylation probes
that belong to the Luminal B gene co-methylation module are overrepre-
sented at the top of the ranking.
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breast cancer subtypes (Fig. 2·6). The expression pattern of PRC2 in Basal tumors may

reflect the presence of bivalent chromatin marks. Such a chromatin state is thought to

maintain low transcription of genes responsible for lineage commitment (Bracken and He-

lin, 2009). While our study did not query chromatin states directly, the results presented

here support previous observations that the methylation and expression profiles of Basal

breast tumors share a number of similarities with embryonic stem cells; namely that PRC2

activity is required to maintain cell fate plasticity (Ben-Porath et al., 2008; Holm et al.,

2010; Bloushtain-Qimron et al., 2008; Dedeurwaerder et al., 2011).

Our results further show (Fig. 2·3 ) hypermethylation and silencing of genes involved

in maintenance of cell-cell junctions and cell polarity in Basal tumors, which form the

Basal gene co-methylation module. DNA methylation of the E-cadherin (CDH1 ) pro-

moter, which belongs to the Basal gene co-methylation module, has been shown previously

to be related to epithelial-to-mesenchymal transition in breast cancer (Lombaerts et al.,

2006). A clue as to the relationship between PRC2 activity, which is increased in Basal

tumors, and repression of CDH1 activity comes from a previous observation that PRC2

complex is required for CDH1 repression (Herranz et al., 2008). Specifically, Herranz et al.

demonstrated that SNAI1, a transcriptional repressor, is responsible for PRC2 recruitment

to the CDH1 promoter. Our own results show increased expression of SNAI1 in Basal

tumors (Fig. 2·4). Additionally, the Basal gene co-methylation module is enriched for

likely down-stream targets of SNAI1.

Our laboratory (Killian et al., 2011) and others (Roll et al., 2008; Fang et al., 2011; Van

der Auwera et al., 2010) demonstrated that DNA methylation patterns could be indicative

of disease outcome. Killian et al. devised a methyl deviation index (MDI), calculated

relative to terminal ductal-lobular unit baseline, and used it to show that ER+ high-grade

and short-survival cancers had a significantly higher MDI score compared to ER+ low-

grade and long-survival cancers. Work by Fang et al., Roll et al., and Van der Auwera et

al., attempted to characterize a CpG island methylator phenotype (CIMP), which was first

described in colorectal tumors (Toyota et al., 1999). While work by Roll et al., and Van der
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Auwera et al. concluded that the CIMP phenotype correlates with poor prognosis, work by

Fang et al. suggests the opposite. Intriguingly, a significant number of genes identified by

Fang et al. as part of their CIMP signature are part of the Luminal B gene co-methylation

module described here. These apparent discrepancies should be addressed in future studies

with higher density DNA methylation profiling platforms.

In the current study, we show that methylation of the Luminal B gene co-methylation

module is associated with poor prognosis (Fig. 2·7 ). While the biological mechanism that

leads to this phenomenon remains to be elucidated, here, as in previous studies (Ku et al.,

2008), we present evidence of a relationship between Polycomb-group protein targets and

CpG island methylation.

In summary, our study paints a comprehensive portrait of CpG island methylation

in breast cancer. Importantly, the results highlighted here were achieved using an unsu-

pervised systems approach applied exclusively to DNA methylation data. This approach,

based on analysis of weighted gene networks (Horvath et al., 2006), enabled us to reduce

the multiple hypothesis testing problem inherent to these types of datasets while making

as few assumptions as possible.

2.4 Materials and Methods

2.4.1 Study population

The study population has been described previously (Garćıa-Closas et al., 2006), and is

derived from a population-based breast cancer case-control study conducted in Poland.

Eligible subjects included women between ages 20 and 74 years who resided in Warsaw or

 Lódź, Poland, in 2000-2003, and a total of 2,386 cases (79% of eligible) and 2,502 controls

(69% of eligible) participated in the study. Information on breast cancer risk factors was

elicited through a personal interview. Histopathologic features, including histology, grade,

tumor size and axillary lymph node metastases, were assessed using surgical pathology

reports and independent evaluation by the study pathologist. At the Warsaw Cancer

Center only, an additional set of breast tumor tissues were collected and snap frozen in
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liquid nitrogen. In this study, 226 frozen tumors were selected from cases who had invasive

breast cancer, had no treatment prior to surgery, and had tumor tissues constructed on

TMAs. Compared to cases not included in the analyses, the 226 cases were more frequently

larger and node positive tumors; other tumor characteristics (histology and grade) and

breast cancer risk factors (age, age at menarche, age at menopause, parity, family history

of breast cancer, BMI, previous breast disease, mammogram screening, etc.) were not

significantly different. Of the original 226 samples, 208 were of sufficient quality for DNA

methylation and gene expression microarray analysis.

2.4.2 Sample handling

All tumor samples were stored in liquid nitrogen (-196 C). Derivative RNA and DNA

samples were bar coded, tracked, and inventoried using a barcoding system linked to a

queryable, Research Information Management System, (LabMatrix, BioFortis, Inc).

2.4.3 RNA isolation, labeling, and microarray hybridization

RNA was isolated from frozen tumors using TRIzol reagent (Invitrogen, Carlsbad, CA)

and Qiagen RNAeasy Mini columns. Approximately 30 mg of frozen tissue was shaved

into 350 microliters TRIzol solution and then homogenized 2 x 3 minutes at 25 Hz using

the Retsch Qiagen TissueLyser (Qiagen, Valencia, CA). Following TRIzol RNA isolation

using the manufacturer‘s instructions, the samples were purified using Qiagen RNAeasy

Mini columns. Briefly, following centrifugation of the supernatant through the Qiagen mini

column, 700 µl of RW1 buffer was added to the column and centrifuged 15 seconds at 10,000

x g followed by two washes with 500 µl of RPE buffer. The RNA was eluted with RNase-

free water. RNA quantity and integrity was assessed using Nanodrop Spectrophotometry

(Thermo Scientific, Waltham, MA) and 6000 Nano LabChip Kit on Agilent 2100 BioAna-

lyzer (Agilent, Santa Clara, CA), respectively. Two hundred fifty nanograms of input RNA

was amplified and labeled using the Illumina TotalPrep RNA Amplification kit (Applied

Biosystems/Ambion, Austin, TX), following the manufacturer‘s recommended protocol.
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The biotin-labeled cRNAs were quantitated using RiboGreen RNA Quantitation reagent

(Molecular Probes, Eugene, OR) and 750 ng was hybridized to Illumina HumanRef-8 v2

Expression BeadChip microarrays (Illumina, San Diego, CA). BeadChips were scanned in

an Illumina scanner. Data are deposited with NCBI under GSEXXXXX.

2.4.4 DNA isolation

DNA was isolated following standard phenol/chloroform procedures. Briefly, 30 mg of

frozen tissue was shaved into 400 µl digestion buffer (0.1 M NaCl, 0.01 M Tris, pH 8.0, 0.025

M EDTA, pH 8.0, and 0.5% SDS) containing 0.1 mg/ml proteinase K. Samples were incu-

bated overnight at 50 C with gentle rocking and purified using phenol:chloroform:isoamyl

alcohol (25:24:1) and PhaseLock Gel (heavy) tubes. DNA quality and quantity was as-

sessed using agarose gel electrophoresis and PicoGreen dsDNA Quantitation Kit (Molecular

Probes, Eugene, OR). Upon bisulfite conversion, DNA methylation status of 25,578 CpG

probes was assayed using the Illumina Methylation27 bead-array.

2.4.5 Gene expression microarray data analysis

Expression data were processed in the R statistical environment. Data were normalized

using the lumi package (Du et al., 2008). Classification of expression categories was done

using the random forests method. A subset of 40 samples, which closely fit the Sorlie

categories (Sø rlie et al., 2001), was identified by hand-curation using 20 members of the

“intrinsic” gene list which performed well on the Illumina arrays. These were used to train

the randomForest algorithm which was then used to classify the entire data set.

2.4.6 DNA gene co-methylation network modules

Methylation data were processed in the R statistical environment (v. 3.0.2). CpG probes

located outside CpG islands, as annotated by the manufacturer, were excluded from the

analysis. A Pearson’s correlation matrix was constructed from gene methylation profiles

of 25,006 CpG methylation probes across 208 tumor samples. Gene methylation network



24

construction and module detection were achieved automatically using the blockwiseMod-

ules function, available in R package WGCNA (v. 1.34) (Langfelder and Horvath, 2008).

Default values were used as inputs for blockwiseModules function, with the following excep-

tions: the TOMType was set to “none”, mergeCutHeight was set to 0.25, and maxBlockSize

was set to 27000. Gene co-methylation modules were related to sample annotations by cal-

culating a Pearson’s correlation between an average methylation profile of each module

(mean methylation level of module probes across the sample dataset) and sample annota-

tion. Categorical sample annotations were converted to binary variables. The significance

of the correlation was estimated using a Student asymptotic p-value (Langfelder and Hor-

vath, 2008). Module preservation statistics were calculated using R function ‘moduleP-

reservation’, part of the WGCNA package (v. 1.34), using default parameters (Langfelder

and Horvath, 2008).

2.4.7 Gene enrichment

Curated gene sets were downloaded from the Molecular Signature Database / C2 collection

(Subramanian et al., 2005). Hypergeometric distribution was used to model the null dis-

tribution of the number of genes of interest belonging to a gene category of interest, given

the total number of genes and the total number of genes in the gene category of interest.

The P-value associated with enrichment was calculated according to a one-sided test using

the mid-P-value minimum-likelihood approach (Rivals et al., 2007).

2.4.8 Kaplan-Meier survival analysis

Methylation data were median polished and samples were separated into two groups ac-

cording to the top-level branches produced by the application hierarchical clustering onto

the methylation data. Kaplan-Meier analysis was performed using the R ‘survival’ package

(v. 2.36-14).
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2.4.9 K-L divergence

K-L divergence DKL for every probe pair P and Q was calculated according to

DKL(P ‖ Q) = DKL(P ‖ Q) +DKL(Q ‖ P ), (2.1)

where, for every nucleotide i

DKL(P ‖ Q) =
∑
i

log

(
P (i)

Q(i)

)
P (i) (2.2)

and

DKL(Q ‖ P ) =
∑
i

log

(
Q(i)

P (i)

)
Q(i) (2.3)

2.4.10 Gene set enrichment survival analysis

We fitted a Cox proportional hazards regression model to every probe on the methylation

array, ranking the probes based on the Wald statistic P value (R ‘survival’ package v. 2.36-

14). We then performed an analysis inspired by GSEA (Subramanian et al., 2005; Mootha

et al., 2003) calculating enrichment score and a permutation-based P value of the Luminal

B gene co-methylation module. Permutation P value was calculated as fraction of 1000

permutations where the enrichment score was greater than observed. At each permutation,

follow-up time and status indicator were randomly shuffled among samples in the dataset.
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Chapter 3

A chromatin structure based model accurately

predicts DNA replication timing in human cells

(Note: Chapter adapted from:

Gindin, Y., Valenzuela, M.S., Aladjem, M.I., Meltzer, P.S. (2014) A chromatin structure

based model accurately predicts DNA replication timing in human cells. (In press at

Molecular Systems Biology.))

3.1 Introduction

In eukaryotes, DNA replication is a tightly regulated process that follows a strict temporal

program (Masai et al., 2010; Taylor, 1960). This timing program is intimately associated

with key aspects of cell biology, including cell differentiation (Hansen et al., 2010; Hiratani

et al., 2010; Hiratani et al., 2004), cancer progression (Donley and Thayer, 2013; Fritz et al.,

2013; Ryba et al., 2012), the 3D conformation of cellular DNA (Moindrot et al., 2012; Ryba

et al., 2010; Ryba et al., 2012) and the formation of cytogenetic aberrations (De, 2011).

Whereas the genome-wide replication program in eukaryotes appears nearly deterministic,

the individual replication initiation events display a large degree of stochasticity (Bech-

hoefer and Rhind, 2012). An important step in resolving this apparent discrepancy was

to recognize a formal analogy between DNA replication and nucleation in one dimension

(Jun and Bechhoefer, 2005; Kolmogorov, 1937), which serves as the foundation for most

of today’s mathematical models of DNA replication. But while the molecular components

of DNA replication modeled in this formalism are mostly conserved across the domains of

life, one finds that the mechanism of recognition and regulation of initiation sites varies
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greatly, even between lower and higher eukaryotes (Aladjem, 2007).

Particularly amendable to modeling are extreme examples of initiation site recognition:

random and well-characterized. Xenopus Laevis is a representative of random initiation site

selection. Modeling efforts for this organism, which need not take into account locations

of initiation sites, have helped to provide theoretical answers to the so-called random com-

pletion problem (Blow et al., 2001; Herrick et al., 2002; Yang and Bechhoefer, 2008), and

the global increase of the replication initiation rate throughout the S-phase suggested as

one possible solution has later been confirmed experimentally and described as a universal

feature across eukaryotic replication (Goldar et al., 2009). Saccharomyces cerevisiae occu-

pies the other end of the initiation site recognition spectrum. Its quite well-characterized

and efficient replication initiation sequence have helped to extract a number of parame-

ters relevant for modeling efforts, such as the average and the variance of the firing time

distribution for individual initiation sites. Based on such estimates, mathematical models

were able to reproduce the global timing program found in yeast (de Moura et al., 2010;

Lygeros et al., 2008; Yang et al., 2010) thus demonstrating how the deterministic timing

program emerges from individually stochastic initiation events. Initiation site selection in

metazoan genomes lies somewhere between these extreme cases. While metazoan repli-

cation initiation occurs at discrete sites in the genome, the metazoan replicator remains

relatively poorly characterized, as even the most efficient sites fire in only a fraction of cell

cycles (Martin et al., 2011; Valenzuela et al., 2011). This makes it more difficult to directly

observe location and amplitudes of initiation (Besnard et al., 2012; Martin et al., 2011) or

to extract this information from replication timing data (Baker et al., 2012), contributing

to the dearth of timing models for metazoan cells.

Beyond the technical difficulties of obtaining a comprehensive set of robust parameters

for metazoan replication timing models, a model built around tuning a large number of

parameters (at least one for each of the 100,000 estimated initiation sites (Pope et al.,

2013) in human cells) would remain somewhat unsatisfactory. It would sidestep the ques-

tion of what factors determine replication timing and could therefore not explain timing
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plasticity. Moreover, parameters for such a model would have to be re-determined for

every cell-state. To address these challenges, we built a minimal model of metazoan DNA

replication and identified a genomic marker that can be utilized to predict, rather than re-

produce, genome-scale DNA replication timing profiles at high resolution. Our replication

timing model for the human genome predicts timing with an accuracy (Pearson’s r=0.92)

rivaling that of experimental repeats (r=0.94) performed in different laboratories. We use

our model to demonstrate that (a) the replication timing program can be accounted for

by the approximate location of initiation sites alone, regardless of other factors such as

exact initiation probabilities and that (b) initiation sites are optimally localized by DNase

hypersensitive (HS) sites.

3.2 Results

3.2.1 Mechanistic model of DNA replication

The focus of this study was to understand and predict the dynamic DNA replication timing

program of human cells. Here we took a reductionist modeling approach, including only

essential components while omitting all features not required to model the timing program.

In the resulting model (Figures 3·1, 3·3 and 3·2), a number N of rate-limiting factors

independently select genomic locations and initiate replication (if the location has not yet

been replicated) with probabilities specified for that location by an initiation probability

landscape (IPLS). Thus, the probability of replication initiation at a given genomic location

x is the product of the probability of a rate-limiting factor selecting one of the unreplicated

competent initiation sites at time t, the initiation probability assigned to that location by

the IPLS and the number of available (unengaged) rate-limiting factors at time t.

Since the result of each simulation is determined by the choice of the input IPLS,

the biological question of what determines the DNA replication timing program can be

addressed by identifying the IPLS that most accurately predicts experimentally observed

data. Here, human replication timing data published in (Hansen et al., 2010) and (Ryba

et al., 2012) were used for this benchmark. Both datasets report the average behavior of cell
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Figure 3·1: Mechanistic model inputs are Initiation Probability Landscape
(IPLS) and the number N of replication forks. The DNA replication pro-
gram is executed on a simulated cell population (a single cell is depicted).
Simulated cells can be either in a non-replicating state (denoted as “G”) or
a replicating state (“S”). At the start of the simulation all cells are in the G
state. Transition from G to S occurs randomly. When in the S state, free
(red) rate limiting forks select a random location and bind with a probabil-
ity set by the IPLS or remain unengaged otherwise. Once engaged (green),
replication occurs bi-directionally until forks collide returning to their un-
engaged state, restarting the process until the genome is replicated. The
model periodically queries each cell’s replication progress. Once the genome
is replicated, the cell enters G state, repeating the process until simulation
is terminated.
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Figure 3·2: Model inputs are the number of replication forks and the
IPLS to specify the probability of initiation of replication at given positions
in the genome. The model transitions from G state (resting) to S state
(replicating) at random. Once in the S state, the state of the replication
forks are queried in an arbitrary sequential order. If the fork is not engaged,
the model selects a random un-replicated position on the chromosome and
initiates replication at that position with a probability that is assigned
by the IPLS for that position. If DNA replication is initiated, then two
replication forks are engaged and assigned to move in opposite directions.
All forks move one step at a time, disengaging when they collide or reach
the chromosome boundary. Model’s progress is recorded periodically. Model
exits the S state when all DNA is replicated.
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Figure 3·3: The simulation consists of millions of asynchronous cells. In
order determine the DNA replication timing profile, the cell population is
first separated according to DNA content into one of six bins. DNA repli-
cation time is calculated for each genomic position (500bp resolution) by
taking the average of the product of DNA content bin number and the num-
ber of occurrences of the genome coordinate in each bin. For visualization,
DNA replication timing is plotted as a function of genome position.
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populations. We compared our model’s prediction, averaged over millions of Monte Carlo

simulated cell cycles, to these benchmark datasets. The concordance between predictions

generated by the optimal model (see below) and the experimental data is striking at the

500bp resolution used in our simulations (Figures 3·4 and 3·5), recapitulating peaks and

valleys of replication timing on a chromosome-wide scale (Figure 3·6).

3.2.2 Predictive power of static genomic features

Earlier studies (Cayrou et al., 2011; Martin et al., 2011; Valenzuela et al., 2011) had

indicated that DNA replication initiation is more likely to occur in the vicinity transcrip-

tion start sites (TSSs). Thus, as a starting point, we tested the predictive capacity of

an IPLS where we assigned a constant, time-independent high initiation probability to all

TSSs annotated in RefSeq (Pruitt et al., 2005) and low probabilities everywhere else (see

Supplement for further discussion). Despite the simplicity of these assumptions, the re-

sulting timing prediction is quite similar (average r=0.69 across four cell lines Figure 2A)

to the experimental data. Testing other sequence features that were previously associated

with replication initiation generates similarly good predictions: CpG islands (Meyer et al.,

2013) (r=0.64), GC content (Meyer et al., 2013) (r=0.58), and predicted G4-quadruplexes

(Besnard et al., 2012) (r=0.55) (Figures 2A and S3). Remarkably, an IPLS based on a

structural feature of the DNA molecule, namely its solvent-accessible surface (Greenbaum

et al., 2007), produced profiles (r=0.51) only slightly less predictive than some of the other,

more commonly discussed factors (Figures 3·7 and 3·8). However, such invariant proper-

ties of the genome cannot account for timing plasticity observed across cell types (Hansen

et al., 2010). We therefore hypothesized that dynamic genomic landmarks would generate

models better suited to capture differentiation lineage-specific timing plasticity.
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Figure 3·4: Simulated and empirical DNA replication timing are highly
correlated. Each point in the contour plot represents a replication time
assignment for a 500nt bin on chromosome 12 of GM06990 cells. Simulated
replication timing assignment is given on the y-axis and the experimentally
derived assignment is given on the x-axis. Contour lines are meant to aid in
interpretation. R value represents Pearson’s correlation between simulated
and empirical data.
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Figure 3·5: Each point represents a replication time assignment for a
500 nt bin for 22 autosomal chromosomes of GM06990 cells. Simulated
replication timing assignment is given on the y-axis and the experimentally
derived assignment is given on the x-axis. Contour overlay is meant to aid
in interpreting plot density.
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Table 3.1: Top DNA Replication Timing Predicting IPLS Sources

IPLS Source Average Correlation

DnaseDgf 0.865
CCNT2 0.855
JunD 0.855
FaireSeq 0.854
ZNF384 0.849
COREST 0.849
CEBPB 0.847
MAZ 0.842
TBLR1 0.839
eGFP-JunD 0.835
ZNF-MIZD-CP1 0.834
H3K9acB 0.829
H3K4me2 0.829
HCFC1 0.828
UBTF 0.828
HMGN3 0.828
BHLHE40 0.827
TBP 0.827
DnaseSeq 0.825
H3K4me1 0.824
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Figure 3·6: Simulation based on DNase HS sites produces high-fidelity
replication timing predictions. The simulated timing program (red) gener-
ally lies on or between two experimental datasets plotted on the same axes,
the Hansen (Han) dataset (red) and the Ryba (Ryb) dataset (blue). The
stated correlation R values are specific to chromosome 14.

3.2.3 DNase hypersensitive sites are the main determinants of DNA replica-

tion timing

Utilizing the recently published (Bec, 2011; Rosenbloom et al., 2013) ENCODE data,

we generated IPLSs from all 167 cell-specific datasets available for the cell lines in the

Hansen data by assigning an initiation probability proportional to the ENCODE amplitude,

simulated the timing patterns and compared the results to the empirical DNA replication

timing data for corresponding cells. Nearly one-half (77 out of 167) of the probed ENCODE

marks produce better predictive models compared to the best (TSS based) static model

(Table 3.1). Notably, the gene expression based model (AffyExonArray, r=0.75) did not

show a measurably improved accuracy in comparison to the static TSS model (r=0.69).

The top-ranking model (r=0.87) is based on an IPLS derived from DNase HS sites. This

is followed by models derived from activating chromatin marks such as H3k9ac (r=0.83),

H3k4me2 (r=0.83) or transcription factor binding (e.g. JunD r=0.86).

We hypothesized that the ability of more than one epigenetic mark to predict DNA



37

0.0

0.2

0.4

0.6

0.8

BG02
ES BJ

GM06
99

0
H02

87
K56

2

Cell

A
ve

ra
ge

 C
or

re
la

tio
n

IPLS

ORChID

G-Quadruplex

GC Content

CpG Island

TSSs
Gene
Expression

Figure 3·7: Simulations based on genome sequence features (GC content,
CpG islands), or local genome conformation (ORChID, G-quadruplex), Ref-
Seq annotated transcription start sites (TSS) and gene expression levels
(where available) in five cell lines. Shown is the correlation with the Hansen
(Han) dataset averaged over 22 autosomal chromosomes, error bars repre-
sent the standard error of the mean.
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Figure 3·8: Experimental and simulated timing on chromosome 14 in
GM06990 for sequence features and gene expression. Simulations based on
genome sequence features (GC content, CpG islands), on local genome con-
formation (ORChID, G-quadruplex), and on organism-wide transcription
start sites generate timing patterns that correlate well with replication tim-
ing in five cell lines. Simulated profiles (red) are plotted on the same axes
as two empirical datasets: the Hansen (Han) dataset (red) and the Ryba
(Ryb) dataset (blue).
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Figure 3·9: Mutual independence of representative top-ranking ENCODE
marks (DNase, JunD, H3K4me2, H3K9ac) is probed by eliminating co-
localized genomic marks in pairwise comparisons. The results of these 4
(datasets) × 3 (overlaps) = 12 sets of simulations are presented in a 4x4
matrix format: rows indicate the dataset that was used to generate the
IPLS, columns indicate the subtracted dataset. Each panel plots the corre-
lation to the experimental timing data in K652 cells (the only set for which
all annotations were available) for the full dataset (red), the non-co-localized
marks (green) and a random dataset (blue) from which the same number
of (not necessarily overlapping) marks was removed. Error bars represent
standard error of the mean.
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replication timing with high fidelity is a consequence of the fact that many chromatin marks

tend to co-localize (Thurman et al., 2012) and that, in isolation, some marks would lose

much of their predictive value. To test this possibility, we performed simulations based on

reduced sets, where mutually co-localized marks were removed (Figures 3·9 and 3·10). Re-

markably, among the tested top-ranking genomic marks selected for this analysis (histone

H3K4me2, H3K9ac, transcription factor JunD and DNase HS sites) only DNase HS sites

fully retained their ability to predict replication timing in all pairwise comparisons. For all

other marks, accuracy of the timing prediction was substantially reduced when removing

overlaps with DNase HS sites, even when accounting for the reduced set size. We further

explored whether these same marks co-localize with empirically determined DNA replica-

tion initiation sites (Besnard et al., 2012). Our results show that JunD, H3K4me2, and

H3K9ac sites overlap DNA replication origins only so long as they also overlap DNase HS

sites (Figure S6). We therefore conclude, based on the available data, that DNase HS is the

main independent determinant of replication timing. This conclusion is further supported

by observing that almost half of the DNase HS sites in HeLa (47%, p < 10−6, OR = 5.0)

and IMR90 (47%, p < 10−6, OR = 3.8) cells are located within 500 bases of empirically

determined initiation sites (Besnard et al., 2012). Also, the non-trivial distribution of ini-

tiation sites across chromosomes described in (Besnard et al., 2012) is closely recapitulated

by the distribution of DNase HS sites (Figures 3·11 and 3·13).

We show that most DNA replication timing-predictive ENCODE marks did not main-

tain a high level of precision when marks overlapping with DNase HS sites were removed.

From this result, it is reasonable to expect to see differences in how strongly the complete

and the DNase subtracted sets overlap with empirically determined replication initiation

events. Besnard and co-workers (Besnard et al., 2012) determined the global probability

of replication initiation events by large-scale sequencing of nascent DNA. The read-tag

density for these data show (Figure 3·12)) clearly discernible maxima at the location of

H3K9ac, H3K4me2 and JunD genomic marks. However, after removing marks overlapping

with DNase HS sites, the signal is significantly diminished. Moreover, there is evidence
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Figure 3·11: The number of initiation sites had been shown earlier to be
non-trivially distributed across chromosomes (Besnard et al., 2012). Com-
parison of the number of DNase HS sites in IMR90 and HeLa with the
number of initiation sites on each chromosome reveals a tight correlation
between the two. Each data-point in the plot represents the fraction (sum
= 1) of initiation and DNase HS sites, respectively, on a autosomal chro-
mosome (see also Figure3·12).
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Figure 3·12: The tag density of initiation sequencing reads around JunD,
H3k4me2 and H3k9ac sites are much lower for sites not overlapping DNase
sites (red) than those that do (black curve). Plots are normalized to 1 at
large distances. A value below 1, observed in the vicinity of all non-DNase
overlapping marks, indicates suppression of replication initiation compared
to the average genomic location.
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Figure 3·13: Shown is the fraction of the total number of DNase hyper-
sensitive sites and replication initiation peaks (derived from (Besnard et al.,
2012) ) across all autosomal chromosomes.

of a weak suppression of initiation events at the remaining genome marks. These results

reinforce our findings that DNase HS sites are the main independent determinants of DNA

replication timing.

3.2.4 DNA replication timing plasticity across cell lineages and species and

its alteration as a result of chromosomal fusions

Replication timing shows remarkable plasticity across differential lineages (Donley and

Thayer, 2013) and in cancer cells (Ryba et al., 2012). Utilizing DNase HS data for three

cell lines (BJ, GM06990, K562), for which matching experimental timing and DNase HS

data were available, we performed DNA replication simulations and hierarchical cluster-

ing of the simulated and experimental data (Figure 3·14). The model predictions tightly

cluster with the experimental data for the matching cell and also recapitulate the closer

relatedness of GM06990 and K562 cells (both of hematopoietic origin) in comparison to BJ

(fibroblast). Using stringent parameters (see Methods), we identified 60 genes in regions

with replication timing variable regions between GM06990 and K562 cells and found a

significant enrichment for interferon and haemoglobin complexes (DAVID (Huang et al.,

2009) P-value 3.3 × 10−12 and 2.3 × 10−10, respectively), including the human β-globin
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locus (Figure 3·15) in line with phenotypic properties of these cells.

The accuracy of our model predictions in human cells suggested that the same mech-

anism will likely work in other mammalian cells. Currently, the lack of simultaneous

availability of both, replication timing and DNase HS data for the same cells, limits the

ability for a broader analysis. To test the applicability of our model to mouse embryonic

fibroblast cells, we compared replication timing predictions generated from DNase HS sites

in NIH/3T3 cells (ENCODE Project Consortium and others, 2011) to observed timing

data in MEF cells (Hiratani et al., 2010). The average Pearson correlation between model

prediction and experimental replication data is 0.85 (Figure 3·16), confirming that our

model can be extended to other metazoan cells.

Recurrent chromosomal fusions are found in many cancers (Delattre et al., 1992; Row-

ley, 1973; Tomlins et al., 2005). In acute lymphoblastic leukemia, the well-characterized

t(12;21)(p13;q22); ETV6-RUNX1 fusion is accompanied by an abrupt change in DNA

replication timing near the fusion site (Ryba et al., 2012). Our model reproduces this

behavior when inducing (see Supplement) an in silico t(12;21)(p13;q22) translocation in

GM06990 lymphoblastoid cells (Figure 3·17). This behavior is also reproduced when com-

paring replication timing at the in-silico induced breakpoint in GM06990 cells with observed

replication timing in REH cells, which harbor the translocation (Figure 3·18). The results

show that replication timing is not determined at the site of the breakpoint. Instead, the

timing pattern arises from the combined influence of the DNase HS sites situated on ei-

ther side of the break. The discontinuity, observed experimentally and reproduced in the

simulation, is the result of mapping physical coordinates of the rearranged chromosome 12

onto the normal genome.

3.2.5 Modeling parameters

The proposed model has remarkably few parameters. In addition to an IPLS and an

optional technical variable (see below) there is only one adjustable parameter, namely the

maximum number (N) of replication forks that can be active simultaneously. As N is
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Figure 3·16: Plotted are simulated (red) and observed (blue) DNA replica-
tion timing (y-axis) profiles for chromosome 19 (x-axis) of mouse embryonic
fibroblast cells. Simulated profile is based on DNase HS data for NIH/3T3
cells. Observed data is derived from MEF cells.
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not set a priori (Figure 3·19) we performed a series of simulations identifying, for each

chromosome, the optimal N that generates the closest match to the experimental data.

We find that the optimal N grows linearly with chromosome length at a rate of 1 fork per

1.3 mega bases (Figure 3·20), compatible with the assumption that the stochastic process

governing replication does not substantially differ between chromosomes. Subsequently,

we used the estimate from the linear regression curve in this experiment for N. With this

setting, the predicted median length of the S-phase is 5965 (mean=6134) simulation steps

(Figure 3·21) in GM06990 cells. In real human cells, replication forks move at a speed

of about 50 bases per second. With a 500bp model-resolution (and two forks moving

in opposite directions in each simulation step) the predicted median wall-clock time for

the S-phase is t = 5965 steps * 500 bases / (50 bases / second) / (2 step) = 8.3 hours,

in line with the experimentally observed duration of 6-10 hours. The optional technical

variable mentioned previously governs the simulation of a flow-sorter, which in laboratory

experiments divides asynchronously replicating cells into S-phase fractions (Ryba et al.,

2011). As the actual gate settings used were not available(Hansen et al., 2010), numerical

optimizations (see below) were used, further improving the similarity of the best (DNase

HS based) simulated models from r=0.89 (with 5 equidistant gates in GM06990 cells) to

r=0.92, a level approaching the limit of experimental noise (r=0.94 between experiments

performed in different laboratories).

In the laboratory, replication timing is observed by BrdU labeling of un-synchronized

cells followed by flow-sorting with respect to DNA content in order to assign a cell-cycle time

(Ryba et al., 2011) to each cell. In one such work, Hansen and co-workers (Hansen et al.,

2010) used 6 pre-defined time-slices termed G1, S1, S2, S3, S4, G2 (in increasing temporal

order) separated by five adjustable gates (in addition to 0 and 1) during flow sorting.

Naturally, these parameters, as well as the response curve of the flow-sorter, impact the

estimate of the average replication times. In order to reduce the non-biological influence

of the choice for gating parameters, we performed a simulated annealing optimization

of flow-sorter gate settings for the top predictive model based on DNase HS sites. It
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Figure 3·19: DNA replication timing was simulated for GM06990 cells
based on DNase data using a range of the maximal number N of replication
’factors’ for chromosome 14. Simulations with few (10 factors; red profile)
produce smooth DNA replication timing profiles, owing to the long distance
that each factor travels. Simulations with many (1100 factors; blue profile)
produce rough landscapes owing to the short distance that each factor trav-
els. The number of replication factors that produce best correlations (75
factors; green profile) grows linearly with chromosome size.
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Figure 3·20: DNA replication timing profiles were simulated using IPLSs
derived from GM06990 DNase HS data, noting the number of replication
factors that produced highest correlation for each chromosome. Solid line
represents a linear fit (shading area denotes the 95 confidence interval). The
linear regression curve estimates that the number of forks per megabase
is given by N = 10.24+7.9x10E-7x, where x is chromosome length. The
Pearson correlation between the optimal number of replication forks and
chromosome length is 0.92.
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Figure 3·21: Histogram illustrating the distribution of the lengths of the
S-phase in a simulated asynchronous cycling population of GM06990 cells.
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improved the average correlation between experiment and simulation by 3% (from r=0.89

to r=0.92). At this level, our prediction approaches the reproducibility levels between

experiments: we found that timing measurements for same cells line (GM06990) performed

in different laboratories (Hansen (Hansen et al., 2010) and Gilbert (Ryba et al., 2012)

datasets, respectively) were correlated at a level r=0.94, only marginally better than our

best model prediction.

3.2.6 DNA replication timing is highly robust

With only a single adjustable biological parameter, and thus no real risk of over-fitting

the data, the accuracy of our model predictions is exceptionally high, suggesting a high

degree of robustness of the proposed model. One potential limitation is the completeness

of genomic annotations. To test its importance, we built a series of models by randomly

sub-sampling DNase HS annotations. The predictions were essentially unchanged despite

removing up to 75% of DNase HS sites with the accuracy degrading gradually beyond this

point (Figure 3·22). We conclude that the local replication timing program emerges from

the collective contribution of adjacent initiation sites, and, as a systems phenomenon, it is

largely independent from individual sites.

The model also shows a large degree of insensitivity with respect to specific modeling

choices. We wondered how strongly the specifics of assigning probabilities in the IPLS based

on ENCODE amplitudes affects the simulation results. For the simulations presented so

far, the local initiation probability was set to be proportional to the ENCODE amplitude.

We tried alternate assignment functions (Figure 3·23) which resulted in only insignificant

changes in the accuracy of the model prediction (linear r=0.86, square r=0.86, square-root

r=0.84) and even when assigning the same constant value to all sites (r=0.86). On the

molecular level in real cells, this implies that, once a site is competent to initiate, the

probability that it is going to do so does not substantially affect the global replication

timing program. We conclude that the relevant information provided by the ENCODE

data, with regard to DNA replication timing, is location while amplitude is irrelevant. In
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Figure 3·22: Randomly eliminating an ever larger fraction (x-axis) of
DNase HS marks from the simulation of replication timing in GM06900 cells
reduces the correlation (y-axis) of the model prediction with the empirical
data only marginally when removing up to 50% of DNase sites. Beyond that,
point, the correlation degrades gradually. Error bars represent standard
error of the mean resulting from averaging the correlation value across 22
autosomal chromosomes
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Figure 3·23: DNA replication timing was predicted for K562 and
GM06990 cells based on cell-specific DNase data. Different functions were
used to mapping the amplitudes a(x) of the DNase signal at a location x
in the ENCODE database to the probability p(x) of replication initiation
at this DNase mark. No significant differences were seen between assigning
a constant value p = 1 or amplitude dependent values p(x) a(x), p(x)
a(x)2, p a(x)1/2

our early simulations, we had included a small background initiation rate outside of the

high efficiency initiation sites demarcated by DNase HS sites. This choice, too, was found

to not affect the accuracy of the model prediction (see below), even when assigning a zero

background initiation rate, i.e. when initiation exclusively occurred at high efficiency sites

(Figure 3·24).

In addition to the high efficiency initiation sites, all IPLSs used in the current work

contain a low probability (P = 10×10−4) replication initiation background. This step was

thought to be necessary to avoid the random completion problem (i.e. to ensure complete

replication in a finite time). Towards the end of our study we found that this step is, in

fact, not required: setting this background probability to zero did not, overall, affect the

shape of the timing prediction and lead to a slight increase of the predicted length of the

S-phase from 8.3h to 8.7h. Other variants with a non-zero background probabilities did
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not affect the accuracy of the model predictions: assigning P=0.001, 0.01 and 0.1 to the

background did not significantly change the results (3·23).

3.2.7 Simplified DNase HS density based model produces less accurate pre-

dictions

One may wonder if it is possible to built a simpler model based on the local density

of DNase HS sites alone, rather than using the more complex diffusion/collision model

presented in this work (Figures 1A and S1). DNase HS have been associated (Aladjem,

2007) with early replication in several earlier studies (for a review see (Aladjem, 2007)).

Re-analysis of DNase HS ENCODE data and experimental replication timing data confirms

that more than 90% of DNase HS sites are located in early or medium replication timing

domains (Figure 3·26). However, when trying to utilize this information to built a predictive

quantitative replication timing model, one also has to answer the question of the timing

for regions without DNase sites, in particular how far does the early timing information

propagate around DNase sites? In our diffusion model (Figures 3·1 and 3·2) this question is

answered dynamically by collision with other replication forks. A simplified model might

use a fixed-size window instead, assigning a timing to each location depending on the

number and intensity of DNase HS sites around the location. We simulated this model

and systematically tried several fixed window-sizes (Figure 3·25). While this simple model

correlates well with the experimental timing data, the correlation never exceeds 0.71, which

is significantly lower compared to when the same data are input into the mechanistic model.

3.3 Discussion

Designed in a reductionist spirit, we attempted to omit all details from the model that are

not required to understand the timing program (Figures 3·2 and 3·3). We wondered, if

the replication fork collision mechanism in the model, which dynamically determines the

distance a fork travels, could be removed by instead using the density of DNase HS sites

in the vicinity (see Supplement) to assign a replication time. All such models produced
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Figure 3·24: Background initiation probability does not affect the accu-
racy of model’s predictions. DNA replication timing was predicted using
DNase HS IPLS model as input for a range of background initiation prob-
abilities (x-axis). In each case the average correlation with empirical data
(y-axis) is only marginally affected. Error bars are standard error of the
mean arising from averaging correlations across 22 autosomal chromosomes.
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Figure 3·25: The number of DNase HS were summed for various slid-
ing genome widows (x-axis) and correlated with empirical DNA replication
timing data for same cells (GM06990). The best correlation (r=0.71) was
obtained using the 0.5MB window. Error bars represent the standard er-
ror of the mean resulting from averaging correlation across 22 autosomal
chromosomes.
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Figure 3·26: DNase HS were assigned into one of three DNA replication
timing domain bins (x-axis) by consulting empirical data for matching cells
(GM06990). The number of DNase sites in each bin were then counted
(y-axis).
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substantially worse predictions (Figure 3·25 and Supplemental material) indicating that

the collision mechanism is a required aspect of the model.

An explicit separation of replication into licensing and initiation steps proved also to

be unnecessary. This separation is known to be an essential molecular mechanism to

avoid over-replication: licensing occurs exclusively in late M / early G1 by assembly of

the so-called pre-replication complex (PreRC) at potential initiation sites, with initiation

occurring later in the S-phase by conversion of the PreRC into bi-directional replication

forks through phosphorylation and recruitment of other factors (Machida et al., 2005).

In our model, the IPLS subsumes these two steps (over-replication itself is prevented by

explicitly keeping track of replicated regions), the initiation probability at a given site

represents the product of the biological probabilities to first assemble and later activate

the PreRC. The above described intrinsic robustness of the model with respect to the

assignment of probabilities in the IPLS is remarkable in this context. It implies that the

factor dominating the timing program is the selection of the location of PreRC assemblies.

Our model predicts (Figure 3·23) that the empirical timing pattern will emerge even if

all PreRCs, once assembled, have the same, constant probability of being subsequently

activated unless the site is passively replicated. While, to our knowledge, this possibility

has not been tested in metazoan cells, it has broadly been shown to be the case in yeast

(Yang et al., 2010), where a majority of initiation sites were demonstrated to have a

“potential initiation efficiency”, with the initiation probability remaining larger than 0.9

after correcting for passive replication.

Remarkably, we were not required to introduce a time-dependent IPLS in order to pre-

cisely predict the global replication timing pattern. Earlier models (Hyrien and Goldar,

2010; Yang et al., 2010) used location and explicit time-dependent initiation rates I(x, t) to

force individual initiation sites to fire, on average, at the right time to reproduce the global

timing pattern. While these approaches elegantly reconcile the orchestrated global replica-

tion timing program with the stochastic nature of individual initiation events, they do not

ultimately address what determines the local initiation timing. Instead, they reproduce,
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Figure 3·27: The initiation rate (number of initiation events per kilobase)
and fork density (fraction of engaged replication forks) were averaged for
simulated cell population and plotted as a function of S-phase fraction (time
along the S-phase).

but not predict, replication timing. This is because these models rely on existing timing

data, for each cell type, in order to fit a large number of variables, one or more for each

initiation site. In contrast, in the model presented here, the global timing program results

from the spatial distribution of initiation sites, a determination of individual firing rates

was therefore not necessary. Once the genomic landmark that optimally locates initiation

sites, DNase HS, was determined, timing could be predicted for all cell types. We expect

that the basic mechanism described here will also work in other metazoan cells. Indeed,

we found an excellent agreement between our model prediction and experimental timing

data in mouse embryonic fibroblast cells (Figure 3·16).

Another important reason to use a time dependent, globally increasing initiation rate

throughout S-phase in earlier models is to stabilize the S-phase length, thus avoiding the

random completion problem (Blow et al., 2001; Herrick et al., 2002; Yang and Bechhoefer,

2008). These predictions were confirmed by a recent analysis (Goldar et al., 2009), uncover-

ing a universal behavior of the global initiation firing rate across a number of species. How

does this reconcile with the time-independent IPLS presented here? The firing rate in our
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model depends not only on the explicitly time-independent IPLS, but also on the number

of unengaged rate-limiting factors, which dynamically changes over time, as well as on the

search time to find unreplicated origins, which differs between early and late replicating

regions as a result of the difference in the density of initiation sites. A numerical analysis

of the global initiation rate (Figure 3·27), shows a remarkable qualitative similarity to the

universal patterns described in (Goldar et al., 2009). It will be interesting to see if it is

necessary to extend our model by including a more detailed replication factor diffusion

process, such as the sub-diffusive model discussed in (Gauthier and Bechhoefer, 2009), in

order to obtain a quantitative match with experimentally determined global initiation rates

in human cells.

We identified DNase hypersensitivity as the optimal IPLS predicting the DNA replica-

tion timing in metazoan cells. This suggests that DNA replication timing is largely deter-

mined mechanistically: locally by DNA accessibility as the dominant factor modulating the

likelihood of forming competent initiation complexes and globally by the process of colliding

replication forks a reduced representation of the known molecular processes. This inter-

pretation implies a causal relationship, where the distribution of accessible genome regions

determines DNA replication timing. Recently, a tight correlation, although significantly

weaker (Pearson’s r=0.8) compared to the best models tested here, between replication

timing and the first eigenvector of the HiC contact probability matrix has been reported

(Ryba et al., 2010), suggesting that the 3D genome organization may play a prominent

role in DNA replication timing for example via replication factories or by determining the

boundaries of replication domains (Baker et al., 2012). It may, therefore, seem surprising

that our accurately predictive model does not require any reference to the spatial genomic

organization. It could be that both phenomena, the distribution of DNase HS and 3D

conformation, have a common cause. Yet, it is generally believed that DNase HS sites are

established by transcription factors dislocating and/or limiting the movement of histones

(Felsenfeld et al., 1996). It therefore seems reasonable to speculate that the distribution of

DNase HS sites contributes to the control of the genomic conformation.



65

In summary, provided with a proper “initiation probability landscape” a mathematical

construct that encodes the location information, the model predicts the replication timing

program and recapitulates cell-specific timing patterns, including abnormal timing behav-

ior in cancer cells. These results strongly support the concept that replication timing is a

stochastic process ultimately determined by chromatin structure, which itself is a conse-

quence of the topological organization of genes and functional regulatory elements on the

chromosome as encoded in the DNA sequence.

3.4 Materials and Methods

3.4.1 Software implementation

The custom-written software (Replicon) is capable to simulating genome replication and

recording various associated measurements, such as DNA replication timing. Replicon is

written in C++ and can be executed in a multi-threaded mode. In our experiments, a

typical simulation of a human genome-wide DNA replication profile took about 15 minutes

when executed in parallel: 22 simulations each running on a 4-core, 2.93 GHz Linux node.

3.4.2 Simulated replication time assignment to genome coordinates

The simulation consists of millions of simulated asynchronous cells. The assignment of

replication time to genome coordinates starts by first separating the cell population, ac-

cording to each cell’s DNA content, into one of six bins (akin to a flow-sorter sort). The

replication time is calculated for each genome coordinate (500nt resolution) by taking the

average of the product of the bin number (1 through 6) and the number of times the genome

coordinate in question was observed in each bin.

3.4.3 Flow sorter gating optimization

We used a simulated annealing algorithm to approximate DNA flow-sorter bin boundaries

with the objective to minimize the Euclidean distance between simulated and experimen-

tally derived DNA replication timing profile. Starting from a state where flow-sorter bin
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boundaries were randomized, replication timing was simulated based on DNase DGF data

for GM06990 cells. The neighboring state was calculated by perturbing a randomly chosen

bin boundary. The new boundary value was chosen from Normal distribution, where was

set to the old boundary and to a value of 1.

3.4.4 IPLS generation

Utilizing a 500nt resolution, the probability of initiating replication at any given genomic

location was set to either a scaled value of an attribute of interest or to a background

frequency of 1E-4, whichever was greater. Scaling was achieved using the formula x /

max(x), where x is the attribute of interest. All DNA replication initiation landscapes,

unless stated otherwise, were generated from a local copy of the UCSC ENCODE database

24, where the data attribute ’score’ was used as the attribute of interest. For GC-content

IPLS, the probability of DNA replication initiation was scaled to the ‘sumData’ attribute

of the ‘gc5Base’ annotation table. For CpG island IPLS, the probability of DNA replication

initiation was scaled to the ‘obsExp’ attribute of the ‘cpgIslandExt’ annotation table. For

DNA G-quadruplex (G4) IPLS, the probability of DNA replication initiation was scaled to

the length of the G4 motif. The G4 motifs were identified using a regular expression as de-

scribed in (Todd et al., 2005). ORChID IPLS was based on ‘wgEncodeBuOrchidV1.bigWig’

annotation file available at the UCSC Genome Browser (http://genome.ucsc.edu/), where

the intensities of hydroxyl radical accessibility were averaged over non-overlapping 500nt

windows. The transcription start site (TSS) IPLS, was set to a constant probability of 1.0

for every genomic region annotated as ‘txStart’ in the ‘refGene’ table.

3.4.5 Generation of Reduced-Model IPLSs

For each set of genome annotations in a pair-wise comparison, we identified and removed co-

localized genome regions, generating the ‘Subtract Overlap’ reduced model for each model

in the comparison. The ‘Subtract Random’ model was generated by removing randomly

chosen genome regions from each model in the comparison, such that the number of regions
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in ‘Subtract Overlap’ and ‘Subtract Random’ models were equal.

3.4.6 In-silico ETV6-RUNX1 Translocation

We generated t(12;21)(p13;q22) chromosomal translocation in-silico by joining GM06990

DNase DGF data for chromosomes 12 and 21 producing an ETV6-RUNX fusion gene using

molecularly mapped breakpoint coordinates (Wiemels et al., 2000). We then simulated

replication timing for two fused chromosome products and compared simulated replication

timing data for translocated and un-translocated chromosome 12.

3.4.7 Robustness

The effect of deleting DNase HS sites was investigated using DNase DGF data available for

GM06990 cells. At each iteration of the algorithm, we erased an ever-increasing fraction

of DNase sites and generated a corresponding DNA replication initiation landscape.

3.4.8 DNA Replication Plasticity Regions

DNA replication plasticity regions were identified using custom-developed software. First,

a DNA replication difference profile was derived for a given pair of DNA replication timing

profiles by subtracting one DNA replication profile from another for matching genome

coordinates. The distribution of differences was observed to follow Normal distribution.

Using the Normal distribution, a P-value was assigned to every 500nt non-overlapping

genome bin (the resolution of our model) in the difference profile. A DNA replication

plasticity region was identified as such if at least 3 consecutive bins were assigned a P-

value of 0.001 or less.
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Chapter 4

MicroRNA-mediated differentiation impairment

in osteosarcoma

4.1 Introduction

Osteosarcoma is the most common primary bone malignancy and occurs most frequently

in adolescents (Mirabello et al., 2009). Osteosarcoma tumors most often arise in the long

bones of the skeleton, with more than half presenting around the knee (Broadhead et al.,

2011), and is less common in axial skeleton (Martin et al., 2012). At diagnosis, 20% of

osteosarcoma patients present with lung metastases with an additional 40% developing

metastases at later stage (Martin et al., 2012). Survival rates for localized osteosarcoma

are at 60-70% (Mirabello et al., 2009; Longhi et al., 2006), while the five-year survival for

osteosarcoma patients with metastases is 20% (PosthumaDeBoer et al., 2011). Despite

intense research efforts, the survival rates for osteosarcoma have remained essentially un-

changed for over two decades (Mirabello et al., 2009; Longhi et al., 2006). Contributing to

the challenge of understanding and ultimately developing effective treatments for osteosar-

coma is its complex karyotype and high level of chromosomal instability (Helman and

Meltzer, 2003). With the increasing understanding of tumor biology, osteosarcoma is often

regarded as a disease of cell differentiation (Tang et al., 2008; Thomas and Kansara, 2006).

Therefore the path to developing new treatment approaches for osteosarcoma lies through

an improved understanding of the dysregulation of the bone differentiation program in this

devastating disease.

Discovery of small (about 22nt in length) non-coding RNA species, termed microR-

NAs (miRNAs), has, in many ways, revolutionized the understanding of gene expression
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regulation. It is now recognized, for instance, that miRNAs contribute to many biolog-

ical processes (Ambros, 2004) and that their expression patterns can be used to classify

cancers (Lu et al., 2005; Bloomston et al., 2007), suggesting that miRNAs play the roles

similar to tumor suppressors and oncogenes (Esquela-Kerscher and Slack, 2006; Dalmay

and Edwards, 2006). MicroRNAs play an integral role in controlling cell differentiation

by suppressing genes that maintain plasticity (Yi et al., 2008), or by suppressing genes

that inhibit cell-lineage commitment (Li et al., 2008) or through a combination of the two

(Forrest et al., 2010).

MiRNAs play a paramount role in bone differentiation. (Hassan et al., 2012; Inose

et al., 2009; Kobayashi et al., 2008; Wang et al., 2008; Sugatani and Hruska, 2007). Recent

studies identified miRNA biomarkers relevant to therapy response and identification of

therapeutic targets (Jones et al., 2012; Lulla et al., 2011; Cai et al., 2013; Maire et al.,

2011). Much attention has been devoted to the role of miR-23a in bone differentiation,

primarily via its targeting (both direct and indirect) of transcription factors essential to

osteoblastogenesis such as TRPS1, RUNX2 and SATB2 (Hassan et al., 2010; Zhang et al.,

2012; Zhang et al., 2011). In the current work, we study the effects of miR-23a expression

in HOS cells, which are distinguished from other human osteosarcoma cells by their ability

to undergo a bone cell lineage differentiation program (Siggelkow et al., 1998).

4.2 Results

4.2.1 Mir-23a inhibits differentiation in osteosarcoma cells

To confirm that HOS cells are amendable to bone differentiation induction (Siggelkow

et al., 1998), we treated these cells with L-ascorbic acid, which induces the formation

of collagenous extracellular matrix and brings about osteoblast-specific gene expression

program in osteogenic lineage cells (Franceschi et al., 1994). We then monitored HOS cell

culture for the presence of calcium deposits, which serve as a marker of bone mineralization,

via Alizarin Red staining. Our results indicate that HOS cells undergo osteoblast-like

differentiation upon stimulation with L-ascorbic acid. HOS cells exhibit intense Alizarin
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Red staining on day 7 post differentiation induction (Figure 4·1). We confirmed this

result by monitoring the expression of collagen Ia1 (COL1A1 ) – a gene marker of bone

differentiation (Figure 4·2). We have observed a 2-fold increase in COL1A1 mRNA levels

between initial and terminal differentiation time-points.

Day 0 Day 1 Day 7

Figure 4·1: Alizarin red staining of HOS cells during the differentiation
time course (7 days). Red staining is indicative of calcium deposits.
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Figure 4·2: Relative expression levels (assayed with qPCR) of COL1A1
during HOS differentiation time course. Expression levels are normalized
to the initial time point. Error bars represent standard deviation.

4.2.2 MicroRNA-23a targets genes involved in bone differentiation

To study the effect of miR-23a on the gene expression program in osteosarcoma, we set out

to identify genes that are transcriptionally repressed by miR-23a in HOS cells. To that end,

we first transfected HOS cells with a miR-23a mimic and compared their gene expression

profile with mock-transfected cells using Illumina microarray platform. Our analysis shows
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that 1,530 genes are down-regulated in miR-23a transfected cells versus mock-transfected

cells. These genes are significantly enriched for predicted (Lewis et al., 2005) miR-23a

targets (262 overlapping genes; Poverlap = 4.96× 10−46).

Having established the on-target effects of miR-23a over-expression in HOS cells, we

next asked if the genes affected by miR-23a overlap significantly with genes that change

in expression during HOS differentiation. Given miR-23a’s role as a dampener of bone

differentiation gene expression program (Hassan et al., 2010), we focused on genes that are

up-regulated during HOS differentiation time course. To that end, we employed a gene

expression Illumina microarray to compare mRNA expression levels in HOS cells prior

to differentiation induction with that of HOS cells that display phenotypic properties of

bone cells post differentiation induction. Our analysis shows that 3,065 genes increase in

expression during HOS cell differentiation. Of those, 466 genes are down-regulated upon

miR-23a transfection (Poverlap = 1.21×10−10). To identify genes of interest that are under

miR-23a control and are relevant to HOS cell differentiation, we identified 77 genes that

meet the following criteria: (i) are computationally predicted miR-23a targets; (ii) are

down- regulated on miR-23a over-expression and; (iii) are up-regulated during HOS cell

differentiation time course.

Transcription factor binding site enrichment analysis (Loots et al., 2002) reveals that

more than one-half of the 77 genes contain an SP1 transcription factor motif within 2kb

of their transcription start site (42 genes; Penrichment = 1 × 10−23). Members of the SP1

transcription factor family, which includes Osterix (SP7), are bone lineage specific and are

required for osteoblast differentiation and bone formation (Nakashima et al., 2002). These

results suggest that over-expression of miR-23a interferes with the bone differentiation

program by counteracting the action of osteoblast lineage inducing transcription factor

SP1. In order to narrow down the list of likely miR-23a targets that are involved in

bone differentiation we looked for gene signature enrichments, as curated in Molecular

Signatures Database (Subramanian et al., 2005), among the 42 high-quality miR23a with

an upstream SP1 binding site. The top-enriched signature is that of genes up-regulated
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upon EZH2 knock-down in prostate cancer cells (Nuytten et al., 2008) (Table 4.1; Poverlap =

3.61 × 10−9). EZH2, the catalytic subunit of the PRC2 repressive complex, is commonly

associated with silencing of pro-differentiation genes (Simon and Lange, 2008), which makes

its function analogous with that of miR-23a in bone differentiation. This observation is

particularly interesting as prostate metastatic tumors are often osteoblastic (Logothetis and

Lin, 2005) and phosphorylation of EZH2 by CDK1 is critical for osteogenic differentiation

of human bone-marrow-derived mesenchymal cells (Wei et al., 2011).

Table 4.1: Mir-23a Target Genes Relevant to HOS Differentiation

Gene Symbol Gene Name

CAB39 calcium binding protein 39
CLDN12 claudin 12
DCBLD2 discoidin, CUB and LCCL domain containing 2
FAM46A family with sequence similarity 46, member A
GJA1 gap junction protein, alpha 1, 43kDa (connexin 43)
IRF1 interferon regulatory factor 1
MARCKS myristoylated alanine-rich protein kinase C substrate
RAB8B RAB8B, member RAS oncogene family
TNFAIP3 tumor necrosis factor, alpha-induced protein 3
UBL3 ubiquitin-like 3

4.2.3 GJA1 is a major target of miR-23a

In order to identify a specific miR-23a target related to bone differentiation, we exam-

ined the gene list in Table 4.1 for genes involved in sensing extracellular environment and

intercellular communication, which are essential in bone formation that are also present

in aforementioned gene signatures. Expert-based examination of the gene list led a gene

whose product is connexin(Cx)-43 (also known as GJA1 ). GJA1 is a member of the gap

junction family and is the most abundant gap junction expressed in bone (Loiselle et al.,

2013), where it facilitates response to extracellular mechanical (Jiang et al., 2007), phar-

macologic and hormonal stimuli (Plotkin and Bellido, 2013) and is required for signal

transduction among bone lineage cells (Civitelli, 2008). Crucially, GJA1 is essential for

osteoblast differentiation in humans and animals in vivo (Stains and Civitelli, 2005a).
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Figure 4·3: Conservation (sequence alignment) of miR-23a binding site
on 3’ UTR of the GJA1 gene (highlighted in white). Each sequence row
identifies a different species with a conserved (Con) sequence included in
the last row.

We verified that the miR-23a binding site is well-conserved in 3’UTR of the GJA1 gene

(Figure 4·3). We next sought to verify miR23a:GJA1 interaction in vitro. To that end

we carried out a reporter assay where the 3’UTR of GJA1 was cloned into the 3’UTR

of a luciferase gene. We find that miR-23a significantly reduces luciferase GJA1 reporter

activity (Figure 4·4). These results confirm that GJA1 is a bona fide miR-23a target.

We then set out to elucidate the expression pattern of GJA1 during osteoblast cell

differentiation. To that end, we identified, in Gene Expression Omnibus (GEO) (Barrett

et al., 2013), a dataset used in two recently published studies (Nabavi et al., 2012; Pustylnik
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Figure 4·4: Luciferase activity in HOS cells transfected with either control
(renilla) or reporter (firefly) plasmid. Data were normalized to the luciferase
activity of the control plasmid. Error bars represent standard deviation of
technical repeat experiments (n=3). P value calculated by Student’s t-test.

et al., 2013) that assayed gene expression in mouse MC3T3-E1 osteoblast cells following

differentiation induction by L-ascorbic acid. Neither study explicitly addressed gap junction

expression in osteoblast differentiation. Our analysis of the data deposited in GEO shows

that GJA1 expression increases over 500-fold (6-probe average; P < 1.0× 10−6) in mouse

osteoblast cells following differentiation.

Next, we asked whether GJA1 expression levels increase during HOS cell differentia-

tion and how this expression pattern may be related to miR-23a expression. To that end,

we induced differentiation in HOS cells and analyzed mRNA expression with quantitative

(q)PCR. Our results show (Figure 4·5) that GJA1 levels increase as HOS cells begin to dis-

play phenotypical hallmarks of osteblast cells. GJA143 levels reach their maximum on day

7 post differentiation induction, at which point HOS cells display the phenotypic properties
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Figure 4·5: Relative expression of GJA1 and miR-23a during HOS cell
differentiation time course. HOS cells were induced to differentiate and
mRNA aliquots were isolated at selected time points (x-axis). Relative
expression of GJA1 and miR-23a were normalized, separately, to their basal
levels (Day 0). Error bars represent standard deviation due to technical
repeats (n=3).
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of bone differentiation (Figure 4·1) and COL1A1 levels have reached their peak (Figure

4·2). Importantly, miR-23a levels are inversely related to GJA1 expression: reaching min-

imum, when GJA1 levels are at their peak and Alizarin red staining is at its maximum;

then increasing gradually past day 4 when GJA1 levels off and begins to decrease.

4.3 Discussion

A number of recent studies have identified miRNAs that are differentially expressed between

normal bone and osteosarcoma (see recent summaries in (Miao et al., 2013) and (Zhou et al.,

2013)). Importantly, miR-23a has been shown to control bone differentiation (Hassan et al.,

2010; Zhang et al., 2012; Zhang et al., 2011). However, it is not clear what role, if any, miR-

23a has within the realm of osteosarcoma. Studies that focused on the function of miR-23a

in bone differentiation have been restricted to the examination of miR-23a and expression

of transcription factors that are paramount to bone biology such as RUNX2 (Zhang et al.,

2012; Zhang et al., 2011) and/or SATB2 (Hassan et al., 2010), which were chosen a priori.

Here, we profiled miR-23a expression in a comprehensive panel of osteosarcoma cell lines,

identifying a subset of cells that overexpress miR-23a relative to osteoblast cells. We find

that an osteosarcoma cell line with lowest miR-23a levels, HOS, is capable of undergoing

bone-like differentiation, as reported earlier (Siggelkow et al., 1998). Overexpression of

miR-23a in HOS cells inhibits their ability to differentiate. We find that miR-23a acts to

inhibit differentiation, at least in part, by blocking the expression of connexin 43 (GJA1)

a key protein required of cell-cell communication and osteoblast differentiation.

In this study we examined the relationships between miR-23a and bone differentiation

within the context of osteosarcoma. Previous studies demonstrated the relationship be-

tween miR-23a and transcription factors that are central to bone differentiation program

(Zhang et al., 2012; Hassan et al., 2010). Separately, Inose and colleagues (Inose et al.,

2009) have shown that bone differentiation is negatively impacted in mice by miR-206-

mediated silencing of GJA1. We could not detect miR-206 expression in HOS nor human

osteoblast cells (data not shown). This points to redundant pathways that fine-tune GJA1
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expression during bone differentiation.

Loss of gap junctional communication delays osteoblast differentiation and reduces the

ability of these cells to form mineralized extracellular matrix (Lecanda et al., 1998; Schiller

et al., 2001). A clue as to how this effect arises came from an observation that loss of GJA1

function is accompanied by diminished extracellular-signal-regulated kinase (ERK) activity

(Stains and Civitelli, 2005b). In the proposed mechanism, a GJA1 gap junction allows for

passage of a 2nd messenger activating ERK/PI3K signaling cascades that would in turn

recruit transactivator SP1 to promoter regions of genes associated with the osteoblastic

gene expression program, such as osteocalcin and COLIA1 (Stains and Civitelli, 2005b;

Stains et al., 2003). The loss of GJA1 gap junctions diminishes ERK activity resulting

in preferential recruitment of SP3 repressor to osteocalcin and COLIA1 gene promoters

(Stains and Civitelli, 2005b; Stains et al., 2003). Here, we show that miR-23a gene targets

in HOS cells are enriched for SP1 binding site within 2kb of their transcription start

site, which suggests that miR-23a may function by counteracting the effects of the SP1

transcription factor.

4.4 Materials and Methods

4.4.1 Cell culture

All cell lines were obtained from ATCC. The cells were grown in DMEM media with 10%

fetal bovine serum and supplemented with 1% penicillin and streptomycin. HOS cells were

grown to got 100% confluence, followed by differentiation at 7-9 days induced by bone

inducing agents, that include L-ascorbic acid 50ug/ml and beta-glycerophosphate 5mM

(Hassan et al., 2006). Cells were harvested at indicated times for mRNA and protein

extraction or fixed with 10% neutral-buffered formalin (NBF) for detection of calcium

deposits by Alizarin Red staining.
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4.4.2 Protein and mRNA analyses

Total RNA was isolated using Trizol reagent (Invitrogen), treated with DNase I (Ambion)

and reverse transcribed using “iScript Reverse Transcription Supermix for RT-qPCR”

(BIO-RAD). GJA1 and COL1A1 gene expression qRT-PCR were performed using the

TaqMan Gene Expression Assays (ABI/ Life Technologies). mRNA levels were normalized

to housekeeping gene ACTB. miRNA-23a was quantified in triplicate using the TaqMan

MicroRNA Assay (ABI/ life technologies) and normalized to U6. mRNA levels were as-

sayed for relative expression using procedure described in (Livak and Schmittgen, 2001).

4.4.3 Immunoblot

Whole cell lysates from transfected HOS cells were prepared using RIPA buffer. Proteins

were analyzed by SDS PAGE, transferred to nitrocellulose membranes and probed with

GJA1 antibody (ab11370 Abcam). Western Blots were quantified by densitometry.

4.4.4 Luciferase reporter assay

HOS cells were co-transfected in 24 well-plates using Lipofectamine 2000 (Invitrogen)

with 20nM miR-23a mimic or control miRNA mimic and 100ng of psiCHECK2- 3UTR

(Promega) vector containing the GJA1-3UTR cloned into the multiple cloning site of Re-

nilla luciferase. After 48hr of transfection luciferase activity was measured using the Dual

Luciferase Assay System (Promega). The experiment was performed in triplicate. Re-

sults were normalized to those obtained in cells transfected with an empty vector. Data

were normalized to Firefly luciferase and results from 3 independent experiments were

compared. GJA1 sequences were cloned into psiCHECK-2 by annealing complementary

oligomers matching each GJA1 sequence with overhanging ends complementary to the

XhoI and NotI sites of psiCHECK-2.
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4.4.5 Transfection assay

HOS cells were differentiated as described above. Two days after differentiation, cells were

transfected using Lipofectamine RNAiMAX Reagent (Invitrogen) with ON-TARGETplus-

siGJA1-pool, siGJA1-05, siGJA1-06 (Thermo Scientific L-011042-00-0005) at a final con-

centration of 100pmol. After 72hrs transfection, the cells were harvested for mRNA and

protein assays or fixed with 10% NBF for detection of calcium deposits by Alizarin Red

Staining.

4.4.6 Data analysis

All statistical analyses were carried out using R statistical environment version 3.0 Mi-

croarray data were analyzed using limma package (Smyth, 2005). Data from GEO were

obtained using the GEOquery package (Davis and Meltzer, 2007). MicroRNA-seq data

were normalized using using the DESeq package (Anders and Huber, 2010).
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Chapter 5

Conclusion and Further Work

Availability of extensive high-quality biological datasets have made it possible to draw

exciting connections between multi-layered observations. While it is important to guard

against data artifacts (Bilke and Gindin, 2012), data integration techniques have proven

to be an invaluable resource for understanding of systems-level phenomena.

In Chapter 2, I explored links between genome-wide methylation patterns in breast

cancer, their ability to stratify breast cancer subclasses, and their effect on gene expression

and disease outcome, yielding a number of discoveries. My analysis demonstrated that

DNA methylation levels, alone, are sufficient to recapitulate expression-based breast cancer

molecular subtypes (section 2.2.2) and serve as a prognostic marker for survival (section

2.2.7). DNA methylation is inherently more chemically stable than mRNA, requiring fewer

handling safeguards, making it more amendable to a clinical setting (Heyn and Esteller,

2012). Therefore, there is a ‘translational’ advantage to develop DNA methylation based

clinical assays (Martens et al., 2009). The work presented here that is relevant to cancer

classification (section 2.2.2) and prognosis (section 2.2.7) could serve as very early steps

toward real-world applications. Furthermore, findings outlined in sections 2.2.5 and 2.2.6

point to specific biological pathways that are hypermethylated and silenced in Basal and

Luminal breast cancer subtypes pointing to potential therapeutic targets. This research

opens up a number of possibilities that could be explored in future work.

Breast cancer is a heterogeneous disease with distinct chromosomal aberrations (van

Beers and Nederlof, 2006). A number of recent studies have explored relationships between

DNA methylation, copy-number gains and losses in breast cancer. Tang and colleagues
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(Tang et al., 2012) found that differentially methylated DNA regions tended to co-localize

with sites of copy-number aberrations and Alu repeats, while Aure and colleagues (Aure

et al., 2013) identified a set of miRNAs whose expression is altered by DNA methylation

and copy-number aberrations. It would be telling to see if the hypermethylated regions of

the Basal or the Luminal gene co-methylation modules are proximal to copy number loss

regions and whether those regions encompass tumor suppressors.

In Chapter 3, I have shown that an intuitive model of DNA replication is able to predict

DNA replication timing in human cells with extraordinary accuracy (Pearson’s r=0.92

between prediction and experimentally determined data). This model of DNA replication

timing, based on the location of DNase HS sites, contains a single tunable parameter: the

number of simulated replication forks. The model predictions were able to identify regions

of replication timing plasticity between cell lineages and provide an explanation for the

often-observed rapid changes in replication timing around the sites of chromosomal fusions

(section 3.2.4). The model has proven to be highly robust – generating accurate predictions

even in cases were most of the DNase HS sites were deleted (section 3.2.6). A major finding

of the work is that location of replication initiation sites is the main component driving

the DNA replication timing program rather then the strength of individual sites. Figure

3·23 illustrates that the replication timing program is unchanged even if all of the initiation

sites have the same probability of firing. There are a number of ways that this study could

be expanded.

The development of the DNA replication model has been guided by the reductionist

approach. Yet, certain modifications may be made to the model to study various biological

scenarios. In the current work, the replication fork velocity has been set to a constant

3kb per minute, which is in good agreement with widely-reported results (Alberts et al.,

2008). However, the actual replication fork velocity may vary by as much as 10-fold (from

0.5 to 5.0 kb/min) (Conti et al., 2007; Hyrien and Goldar, 2010; Guilbaud et al., 2011).

The current model may be adapted to study, for instance, replication fork stalling, or

slowing (Labib and Hodgson, 2007). This could be done by adopting, analogous to IPLS,
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an additional genome landscape parameter that maps replication fork velocity to genome

coordinates.

In the current study, I have been limited to cell line data for which both replication

timing and DNase HS site datasets were available. While this is adequate to establish the

accuracy of the model, it is overly restrictive as replication timing is available for only a

handful of cell lines. Having established the validity of using DNase HS data to predict

DNA replication timing with the DNA replication model described in Chapter 3, it is

now reasonable to work with predicted timing data directly. Using the vast amount of

DNase HS data produced by the ENCODE project for a wide variety of cell lines it would

be rather straight-forward to simulate DNA replication timing for each cell line. One

potential application would be to characterize cancer cells by matching their replication

timing profile with that of cells isolated from normal tissues.

In Chapter 4, I have shown that at least part of the differentiation delay effect of miR-

23a is through its suppression of GJA1 expression. By comparing gene expression of HOS

cells transfected with miR-23a with untransfected cells, I found a significant enrichment

on an SP1 TFBS among miR-2a targets. Using literature analysis, I identified GJA1 as

a major miR-23a target involved in bone differentiation (section 4.2.3) as its expression,

which is induced by SP1 enhancer and repressed by SP3 repressor, has been shown to be

crucial for bone differentiation (Stains et al., 2003). Experiments were carried to show

a knockdown of GJA1 expression delays HOS cell differentiation, confirming its role in

bone-like differentiation. Confirmatory analysis of gene expression data (Nabavi et al.,

2012; Pustylnik et al., 2013) deposited in GEO, revealed that GJA1 expression significantly

increases in differentiating osteoblast cells, which was confirmed in HOS cells.

The work presented in Chapter 4 lays the groundwork for a number of new research

directions. A potentially interesting aspect to explore would be the presence of copy-

number aberrations encompassing miR-23a or GJA1. Gains on chromosome 19 may explain

why miR-23a is highly expressed in some osteosarcoma cells.
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analysis of metazoan replication origins reveals their organization in specific but flexible
sites defined by conserved features. Genome research, 21(9):1438–49.

Charafe-Jauffret, E., Ginestier, C., Monville, F., Finetti, P., Adéläıde, J., Cervera, N.,
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