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Abstract
Living organisms sense, process and produce molecular signals to regulate their
activity and, thus, process information and perform computations on biological
substrates. Understanding the fundamental principles of information representation and manipulation along these algorithmic bioprocesses will both advance our
understanding of biology and inspire novel forms of computation. From one side
of this connection, the research field of Bioinformatics uses computational tools to
gain insight into the processes of life. On the other side, Biomolecular Computing
attempts to utilize molecules and cellular processing machineries to operate engineered nano-scale biocomputers in live cells for in situ diagnostics, therapeutics
and many other applications in biotechnology, bioengineering and biomedicine.
Addressing this bifold character of information of life, this thesis contributes
to the part of Computing Life by elucidating aspects of chromatin, the nucleoprotein structure of DNA in the cell. As a computation and storage layer in the
cell, chromatin offers a high degree of plasticity to integrate (environmental) signals into DNA-based regulation and allows information propagation according to
epigenetic principles. In this work, I present results on the complexity of chromatin
modifications and reveal their impact on gene activity and related functions in the
cell. I further discuss a bioinformatics pipeline I developed and that was applied
for genome-wide chromatin profiling and transcriptome analysis.
From the perspective of Living Computers, I address the question of information encoding by biomolecules and draw on principles of epigenetics to devise a
model for an RNA interference-based equivalent of the electric flip-flop, which
ii

is one of the fundamental elements in digital circuits. In particular, I focus on
the digital switch abstraction of the flip-flop as it is the pivotal idea in both the
electric and biomolecular world that connects and at the same time decouples an
underlying physical process and the abstract representation of information. This
work contributes elucidating the computational principles of the RNA interference
machinery and suggests novel ideas for universal memory units in biomolecular
computing.
By juxtaposing both the natural and artificial perspective, this thesis attempts
to enhance our understanding of epigenetic information processing in the cell and
its capacity for biocomputing applications.
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Preface
Chapter 2 of this dissertation is based on a manuscript under review: Hentrich T
and Unrau PJ, Programming with RNA interference: the potential for a bistable
flip-flop. As first author, I was involved in formulating the research question and research design together with P. J. Unrau as principal investigator. In the course of the
project, I generated, analyzed and visualized all the data and wrote the manuscript.
Section 3.5.2 in Chapter 3 contains material of a manuscript to be submitted:
Hentrich T, Schulze JM, Kobor MS, Emberly E, CHROMATRA: a web-based tool
for compact visualization of chromatin modifications across transcripts. Together
with J. M. Schulze, I was involved in developing the visualization approach, implementing it in software and writing the manuscript. M. S. Kobor and E. Emberly
provided guidance in the course of the project.
Section 4.3 in Chapter 4 contains parts of a published manuscript: Schulze JM,
Jackson J, Nakanishi S, Gardner JM, Hentrich T, Haug J, Johnston M, Jaspersen
SL, Kobor MS, Shilatifard A. (2009), Linking cell cycle to histone modifications:
SBF and H2B monoubiquitination machinery and cell-cycle regulation of H3K79
dimethylation. Mol Cell. 35, 626-41. All experiments described in the chapter
were performed by J. M. Schulze, and I developed the software to analyze the generated data. Parts of the manuscript that are not shown originate from work of
J. Jackson, S. Nakanishi, J. Gardner and J. Haug. M. Johnston, S. L. Jaspersen,
M. S. Kobor and A. Shilatifard guided the project as principal investigators.
Section 4.4 of the same chapter is based on a submitted manuscript: Schulze JM,
Hentrich T, Nakanishi S, Gupta A, Emberly E, Shilatifard A, Kobor MS. Splitiv

ting the task: Ubp8 and Ubp10 deubiquinate different cellular pools of H2BK123.
As equal first author, I was involved in research design, data analysis and writing the manuscript. J. M. Schulze performed the experiments, S. Nakanishi provided chemical reagents, and A. Gupta, E. Emberly A. Shilatifard and M. S. Kobor
guided the project.
Results shown in Section 4.5 of Chapter 4 are based on experiments performed
by J. M. Schulze in the laboratory of M. S. Kobor. My role in this project was to
develop the software and analyze the presented data.
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Chapter 1

Introduction
1.1

Motivation

Biological systems process information. Across the scale, from unicellular to complex organisms, components of these systems sense, process and produce molecular signals to regulate their activity and interact with the environment they live
in (Cooper and Hausman, 2009; Alberts et al., 2007; Lodish et al., 2007). This
self-regulatory character of biological systems is primarily based on precisely controlled (de-)activation of genes in particular situations that are characterized by certain molecular inputs. However, many cellular pathways are not simple cascades
of gene activation that always generate the same output on the same input. Often a
proper response must take conditions into account that the cell encountered previously. Hence, such pathways require memory to store information (Alberts et al.,
2007).
At first glance, DNA seems to be the natural choice for storing information, but
in its organismal role DNA is a static storage entity for evolutionary-scale information conveyance (Figure 1.1). Manipulating this nucleic acid sequence usually
has severe negative effects. Yet, how do organisms record, store and pass on information that changes frequently when manipulations to the DNA sequence might
jeopardize the whole system?

1

Cells, especially in higher organisms with differentiated cell types, achieve the
flexibility to cope with dynamic information by employing storage means above
and beyond the genetic level of the DNA sequence (Bonn and Furlong, 2008; Istrail et al., 2007; Levine and Davidson, 2005). Such non-sequence based layers of
(heritable) information are capable of altering gene expression and termed epigenetic (Greek: epi-, above).

Figure 1.1: Cellular information storage and processing occurs across several
highly connected and interdependent layers that compute and perform
logical operations on different biomolecular substrates through various
cellular functions. Besides permanent sequence-based information on
the DNA level, RNA and chromatin provide greater plasticity and abstract encoding schemes that reflect dynamic aspects of information processing in the cell. In particular, they are capable of epigenetic information storage and propagation.
The pictures of two of these regulatory layers, chromatin and RNA, have started
to change profoundly over the past years. Chromatin, initially considered to be a
mere packaging structure for DNA, now emerges as a highly dynamic entity with
various means to control access to the DNA and to regulate transcriptional gene
activity (Figure 1.1). It is becoming increasingly clear that chromatin exists in
multiple states that are dynamically shaped by environmental conditions and intrinsic factors to modulate cellular functions (Allis, 2007). Similarly, the discoveries
2

of non-coding RNAs and associated pathways such as RNA interference (RNAi)
broadened our understanding of RNA family members from rather passive substrates in the protein synthesis pathway to active players in a spectrum of cellular
processes (Ketting, 2011). Even though research over the past years identified
many parts on the molecular level of chromatin and RNA many questions remain
to be answered as to how these parts work together and influence cellular functions.
Addressing these questions is not alone motivated from a biological perspective; many of them have also been raised in the research field of in vivo biomolecular computing. The long-term goal of in vivo biomolecular computing is to build
miniature computing machines that operate in live cells and interact directly with
the host environment (Benenson, 2009b). Such biocompatible computing devices
are envisioned to monitor, control and even reprogram cellular processes and to
open new ways of diagnosis and disease treatments among many other applications. Proof-of-concept devices have already been demonstrated successfully,
some even in human cells (Rinaudo et al., 2007).
However, their current design is challenged in two fundamental aspects: Firstly,
information that these devices need or generate is encoded in nucleic acid sequences. Secondly, the computation manipulates the information, i.e. the nucleic
acid molecules, which usually leads to their destruction and limits these devices
to a single operational cycle (Benenson, 2009b). These characteristics conflict on
one side with the biological constraints on sequence-based information in the cell
and on the other side with the computational requirement of continuous operation
to interact with cellular pathways. These limitations of biomolecular computing
could be overcome by employing alternative encoding schemes for information
and computational state. Sequence-based information in the organismal context is
static. Computation, however, demands the dynamic handling of information.
Against this background, this work explores the epigenetic layers of chromatin
and RNA and contributes to elucidate their gene regulatory impact from the biological perspective, and explores how to potentially utilize their characteristics for
handling dynamic information from the viewpoint of biocompatible computing.

3

1.2

Biomolecular computing

1.2.1

The computational paradigm

Biomolecular computing describes the interdisciplinary attempt of biology, chemistry and computer science to fundamentally understand information processing
in living systems on one side and, on the other side, to utilize biomolecules and
biochemistry to probe and manipulate natural or to engineer artificial systems for
computing and communication.
From the latter perspective, computing with biomolecules can be similarly understood as other ‘unconventional computing’ ideas, including quantum (DiVincenzo, 1995), optical (Jain and G W Pratt, 1976) or even billiard ball computing (Fredkin and Toffoli, 1982), which all strive to extend or explore alternatives to
the computational architecture of von Neumann (Newmann, 1945) and/or the computational principles of Turing (Turing, 1937), which have undoubtedly led to the
pervasive success of silicon-based computers, but which also revealed challenges
current computational systems are faced with in terms of computational complexity, energy consumption, recyclability and the like.
While some of the proposed ‘unconventional’ computing substrates led to alternatives to von Neumann’s principles, none of them has (yet) led to solve a computational problem that cannot be solved with classical computers (assuming enough
time and space resources from a computational complexity standpoint, even if they
might be practically infeasible). Even the computational superiority of quantum
computing is still debated and generally doubted (Bernstein and Vazirani, 1997).
Nevertheless, an undeniable novelty of many of the unconventional approaches is
that each of them broadened our view of computation and information.
In case of biomolecular computing in particular, many initial works used instances of well-known problems in complexity theory to demonstrate the feasibility of the new type of computation (Braich et al., 2002; Liu et al., 2000; Ouyang
et al., 1997). But trading time for space complexity and exploiting the inherent par-
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allel processing of biochemical reactions as many of these attempts suggested only
scales to a certain degree (besides many other challenges, such as error-proneness
of molecular operations). So far, biomolecular computing cannot compete in solving problem instances of sizes that are intractable for classical, silicon-based computing.
One of the unique strengths of biomolecular computing rather lies in its compatibility with our physiology and in its potential to carry out operations in living
organisms (Fu, 2007). In contrast to any other computational substrate, biological molecules can be used to build nanoscale computing devices that operate in
and interact with living cells. Computing in this environment does not try to solve
large-scale or hard problems in the sense of classical complexity. Instead, biocomputers interface with cellular processes to monitor, analyze and manipulate molecular signals, and thereby open new ways to diagnostics and therapeutics among
many other applications. Attempts in this direction are referred to as biocompatible computing (Shapiro and Benenson, 2006).

1.2.2

Towards DNA-based computation

The idea of biological-inspired computing is not as new as often stated. Although
Adleman in the mid-1990s undoubtedly pushed the door wide open by convincingly exploiting biological molecules to solve an instance of a well-known computational problem (Adleman, 1994), many others paved the way to the research field
where we see it today.
Some of the earliest conceptual ideas of engineering on the molecular scale
date back to Feynman in the late 1950s (Feynman, 1959). Even a decade earlier,
von Neumann described the theoretical model of a self-replicating automata in
molecular vocabulary (Neumann, 1966). A few years later, Rössler and others then
reasoned about nanoscale computing and universal automata based on chemical
reactions (Rössler, 1972; 1974), and Hjelmfelt and Ross later showed that (ideal)
chemical kinetics are indeed Turing-complete (Hjelmfelt et al., 1991; 1992; Hjelmfelt and Ross, 1992).

5

Parallel to the evolving chemical perspective on molecular computing, the discoveries of the DNA structure (Watson and Crick, 1953) and the genetic code (Crick
et al., 1961) and their fundamental roles in cellular information processing triggered similar ideas in biology. The unravelling of genetic modules, such as the
lambda repressor (Ptashne, 1986), the lac operon (Müller-Hill, 1996), the tetrecyclin repressor (Hillen and Berens, 1994; Hinrichs et al., 1994) and the lux operon
(Babloyantz and Nicolis, 1972; Dunny and Winans, 1999), led to the understanding that sets of biomolecules are often connected in networks, and that they convert
molecular inputs into molecular outputs according to certain regulatory rules—a
bioprocess that essentially is a computation (Regev and Shapiro, 2002). Together
with the growing portfolio of laboratory techniques, such as DNA recombination,
sequencing and synthesis, the field of biology continuously developed its own approaches and tools to probe and manipulate the organismal machineries of computation.
Adleman, a computer scientist, blended the theoretical potential and practical feasibility of molecular operations and applied them in light of computation
in the classical sense (Adleman, 1994). His proof-of-concept computation used
DNA molecules as a primary substrate, which coined the term DNA computing
that became virtually synonymic for the entire field of biomolecular computing.
Most of the approaches and information encoding schemes his work inspired in
the following years were based on DNA (nicely reviewed in (Benenson, 2009b;
Condon, 2006). Inspired by the informational role of DNA in the cell, its stability
and sequence properties were considered ideal for information storage and processing (Condon, 2006), and many creative works led to a colourful bouquet of
ideas, ranging from theoretical proposals of DNA Turing machines (Lipton and
Baum, 1996), to successful demonstrations of algorithmic self-assembly of DNA
molecules (Douglas et al., 2009), to innovative uses of DNA structure (Shapiro and
Benenson, 2006) and many others.
The field of DNA computing has continued to expand and diversify since then,
and connections have been established with other research areas, such as Syn6

thetic Biology and Nanotechnology. With respect to the latter, DNA molecules
were used to build rigid 2D or even 3D scaffolds (Rothemund, 2006; Seeman,
2003) that allow assembly of other biological molecules (Niemeyer et al., 2002)
or non-biological components (Xin and Woolley, 2003). Even locomotion and
transport based on DNA molecules have been demonstrated (comprehensively reviewed in (Simmel and Dittmer, 2005)). From the interface with Synthetic Biology, several works successfully demonstrated engineered computational elements
of biomolecules that are inspired by electronic circuits. Beginning with Gardner’s toggle switch (Gardner et al., 2000) and Elowitz’s repressilator (Elowitz and
Leibler, 2000), efforts towards standardizing parts began (Group et al., 2006; Canton et al., 2008; Weiss, 2001) that resulted in libraries with more than 3000 elements as of today (http://www.partsregistry.org).
From the perspective of biocompatible computing, recent works demonstrated
that automata of biomolecules are capable to sense molecular signals, to evaluate
cellular conditions and to generate molecular outputs, which directly affect cellular functions or that can be measured by an external observer (Benenson et al.,
2004). However, DNA-based automata are challenged in several ways in in vivo
environments (Ezziane, 2006). Information and computational state encoded in the
sequence or length of DNA molecules must be updated frequently in the course of
a computation, and since many changes are not reversible and/or the informationencoding molecules degrade during the computational process, DNA automata are
limited to a single operational cycle. Thus, one of the most critical obstacles towards continuous computation in vivo is the character of DNA as computational
substrate itself (Benenson, 2009b). DNA in its organismal role is a static molecule
for information transport on evolutionary time scales. Manipulating this nucleic
acid sequence usually has severe negative effects. Computation, in contrast, is
intrinsically dynamic and, hence, demands substrates that support this plasticity.

1.2.3

Beyond DNA-based computation

Given the challenges DNA-based in vivo computing is faced with—in particular the static organismal character of DNA in contrast to the dynamic nature of
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computation—alternative biomolecules were considered by the field. According
to the central dogma of molecular biology (Crick, 1970), two other major classes
of molecules are carriers of information in the cell: RNAs and proteins.
Protein-based computations were explored in the context of enzymatic activity
by integrating molecular inputs to logic functions (Baron et al., 2006a;b), combining logic gates to networks (Niazov et al., 2006; Privman et al., 2008) and even
Turing machine-like operations (Bar-Ziv et al., 2002). However, since our understanding of peptide/enzyme engineering is still limited (Benenson, 2009b), more
complex protein-based computations comparable to existing DNA-based systems
remain to be demonstrated.
Similarly, RNA—given its higher instability and rapid turnover—remained in
the shadow of DNA as computational substrate for quite a while. Although earlier
works exist (Faulhammer et al., 2000; Stojanovic and Stefanovic, 2003), it was not
until in vivo computing faced the limitations of DNA that RNA received broader
attention (Benenson, 2009a). Then, the dynamic characteristics of RNA, such as
the possibility of synthesizing new RNA in the cell, together with the discoveries
of novel RNA regulatory pathways, such as RNA interference, led to increasing
importance of RNA-based computations (Benenson, 2009a). Besides RNA interference (see Section 1.3.2 for details) and small regulatory RNAs, riboswitches
received attention.
Riboswitches exist in nature as meta-stable structures, such as stem-loops, in
mRNA transcripts (Mandal et al., 2003; Winkler and Breaker, 2005), and their
conformational state can be dynamically altered by an array of molecular signals
and inputs, such as temperature, small molecules and other RNAs (Isaacs et al.,
2004). Riboswitch(-like) structures can be optimized or designed de novo (Beisel
and Smolke, 2009; Babiskin and Smolke, 2011) for a given input such that state
changes approximate discrete behaviour, multiple riboswitches can be introduced
on a single transcript or linked in trans across multiple ones to implement logic
functions (Bayer and Smolke, 2005; Win and Smolke, 2007a; 2008).

8

While riboswitches are mostly found in bacteria (Henkin, 2008), RNA interference plays a key regulatory role in higher organisms (Fire et al., 1998). For
detailed modalities of this pathway from a biological perspective, please refer to
Section 1.3.2. In biomolecular computing, RNA interference has been successfully used to implement the largest in vivo computation based on Boolean logic
so far (Rinaudo et al., 2007). Current research tries to broaden the range of input
molecules and flexibly integrate them with riboswitches (An et al., 2006; Tuleuova
et al., 2008; Beisel et al., 2008) or RNA interference platforms (Leisner et al., 2010;
Xie et al., 2010).
The increasing understanding of the regulatory roles of RNAs in the cell, combined with the importance of their associated pathways make them attractive substrates and/or building blocks for molecular computers, especially in the envisioned
diagnostic and therapeutic applications (Isaacs et al., 2006; Davidson and Ellington, 2007; Benenson, 2009a). The ability to rationally design or tailor RNA regulators (Ellington and Szostak, 1990) can enable computational devices to access
a large variety of (extra-)cellular signals. Taken together, these features seem to
position RNA-based approaches as key elements towards biocompatible systems.
Form a biological perspective, research over the past years revealed that cellular computation, i.e. gene regulation, cannot be fully explained by just cis-regulatory
networks (Bonn and Furlong, 2008; Istrail et al., 2007; Levine and Davidson, 2005)
composed of transcription factors, signalling proteins and (non-coding) RNAs.
Chromatin, the structure that packages DNA in the nucleus, emerged as another
layer of regulatory impact (see Section 1.3.1 for details). From a biomolecular
computing viewpoint, practical attempts to utilize chromatin have not been made
as of the writing of this thesis; first theoretical works, however, suggest great potential of chromatin as computational substrate, especially in terms of memory
capacity and functional impact (Prohaska et al., 2010).
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1.3
1.3.1

Epigenetic regulation in the cell
Chromatin

Chromatin architecture
In eukaryotic cells, the macro-molecule of DNA is tightly compacted into the nucleus of a few microns in diameter. This packaged structure is called chromatin
and appears as regularly spaced ‘beads on a string’ under the electron microscope (Olins and Olins, 1974). The ellipsoidal ‘beads’ are the fundamental architectural units of the eukaryotic genome and referred to as nucleosomes (Kornberg,
1977; Oudet et al., 1975). Each nucleosome contains ∼147 base pairs (bp) of DNA
wound around 13/4 turns an octamer of histone proteins: two heterodimers of core
histones H2A and H2B and a tetramer of histones H3 and H4 (Arents et al., 1991;
Luger et al., 1997).
As illustrated in Figure 1.2, the architectural level of nucleosomes is the first
one in the hierarchy of increasingly complex layers, which together determine the
chromatin structure (Misteli, 2007). Above the nucleosomes, on the second level,
chromatin folds into higher-order structures known as fibres (Woodcock, 2006).
Besides further compaction, these structural features may bring distant genome
regions into close proximity, facilitating the interactions of enzymatic complexes
and spatially joining nonadjacent genetic elements (Fraser, 2006; van Driel et al.,
2003). On the third level, chromatin fiber looping—together with the spatial and
temporal organization of enzymatic machineries—defines sub-nuclear compartments within the nucleus which facilitate cellular processes such as DNA replication, repair and transcription (Misteli, 2005).
Being at the first level of this architecture, nucleosomes play indeed a fundamental role in genome organization and regulation. They exhibit great plasticity—
both in their composition and localization—and are subject to an array of posttranslational histone modifications (Kouzarides, 2007) (see Section 1.3.1). The
stability of these modifications varies. Some are transient, characterized by fast
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enzymatic removal or rapid histone turn-over, whereas others are more permanent,
mitotically or even meiotically heritable and capable of affecting the next generation of cells (Youngson and Whitelaw, 2008).

Figure 1.2: Depiction of the architectural hierarchy of chromatin and some of
its known modifications. In the cell nucleus, DNA is compacted into the
dense chromosome structure, which in turn is composed of chromatin
loops and fibers. The basic units of chromatin are nucleosomes, consisting of histone proteins at the core that are subject to post-translational
modifications such as acetylation (Ac), methylation (Me) and ubiquitination (Ub). Together with histone modifications, histone variants such
as H2A.Z (Z) and DNA methylation (Me) characterize distinct chromatin neighbourhoods.
Since some modifications are stable and heritable, chromatin has become a focus in the field of epigenetics (Bird, 2007). In this context, epigenetic modifications refer to changes in genome function such as gene expression that are not
based on changes of the DNA sequence (Ptashne, 2007; Goldberg et al., 2007).
Although heritability of the modification is required by most definitions of the
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term epigenetic, there are examples of cells that do no longer divide and still possess non sequence-based modulation of cellular functions via chromatin modifications (Bonasio et al., 2010; Dulac, 2010). The term somatic epitype has been
proposed additionally for non-heritable epigenetic modifications (Lahiri and Maloney, 2006), but has not found wide usage so far.
The specific histone modification patterns and the structural composition of
chromatin at any point in time serve as epigenetic memory in the cell that allow
integrating and storing input signals and generating functional outputs on cellular
processes (Filion et al., 2010). It has been shown that past cell states and environmental influences, such as nutrition, exposure to toxic agents, infections and
diseases, affect the chromatin structure (Zhang and Meaney, 2010). The capability
of integrating such (environmental) signals in a rapid, flexible and often reversible
manner into the program of the genome provides the regulatory mechanisms to
adapt functions and pathways in higher organisms (Prohaska et al., 2010).
A classic example of the purpose of this memory platform, on which input signals are stored as epigenetic traces and influence cellular functions (at a future point
in time), is given by the establishment and maintenance of cell identity in higher
organisms (Satterlee et al., 2010). Even though every cell of an organism is based
on a single zygotic genome, subsets of progeny cells launch distinct programs of
gene expression along the developmental trajectory that eventually leads to their
specific organismal character and role. These cell identities are usually maintained
for a lifetime, even when differentiation signals were experienced only once during embryonic development (Bonasio et al., 2010). The induced epigenetic traces
capture and stabilize these signals and render the new expression states heritable
(in those cells that continue to divide) (Bryant et al., 2008; Ptashne, 2009).
Chromatin dynamics
Over the course of almost a century after its initial description in the early 1880s
(Flemming, 1882), chromatin slowly emerged as (passive) scaffolding structure
for the DNA. The fast pace of discoveries in the field of genetics, however, vir-
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tually eclipsed research on chromatin until the structure of the nucleosome was
revealed (Kornberg, 1974). Against common belief up to that point that histone
proteins would simply coat the DNA, the newly proposed structure put DNA on
the ‘outside’ of nucleosomes (Kornberg, 1974; Oudet et al., 1975), suggesting
they must be actively involved in making segments of DNA accessible to cellular machineries. However, the active role of chromatin in regulatory processes, in
particular transcription, was not apparent until the description of the transcriptionlinked histone modifiers from Tetrahymena (Brownell et al., 1996) and mammalian
cells (Taunton et al., 1996). Since then, the research fields of transcription and
chromatin have been connected and changed the understanding of chromatin from
a rigid scaffold to a dynamic structure. The fact that nucleosomes unite both stability and plasticity in order to maintain the DNA in a compacted form while still allowing controlled access to the underlying genetic information, demonstrates their
regulatory importance for rendering genomic loci accessible or inaccessible for
proteins in DNA-templated processes (Kornberg and Lorch, 1999).
Today, chromatin regulation is understood to be one of the fundamental modes
in gene regulation and cellular information processing in eukaryotic cells (Prohaska et al., 2010). To control the impact of nucleosomes on chromatin structure
and processes, cells employ two main strategies: One way is through chromatin
remodelling (Cairns, 2007), the second way works through post-translational modifications of histones (Bhaumik et al., 2007; Kouzarides, 2007).
In the first mode, chromatin remodelling enzymes use energy from ATP molecules to slide, eject or change the composition of nucleosomes (Clapier and Cairns,
2009). They play important roles in altering histone-DNA contacts and making
DNA accessible during transcription and repair processes, and to reassemble the
proper chromatin structure after DNA replication (Cairns, 2007). Chromatin remodellers are also capable of replacing canonical histone proteins with histone
variants that differ in amino acid composition (Clapier and Cairns, 2009). Dynamic
repositioning of nucleosomes and introduction of histone variants through chromatin remodellers or other modifiers yields distinct chromatin configurations or
neighbourhoods characterized by nucleosome occupancy and composition. These
neighbourhoods may impact cellular functions by being recognizable to and/or
13

actively recruit enzymatic machineries in DNA-templated processes (Talbert and
Henikoff, 2010).
In the second mode of chromatin remodelling, histone proteins are subject to
post-translational modifications (Figure 1.2), including acetylation, methylation,
phosphorylation, SUMOylation, ubiquitination, adenosine-diphosphate ribosylation and biotinylation (Kouzarides, 2007). So far, modifications on more than one
hundred histone amino acid residues have been identified. Histone modifications
can occur in certain combinations and may influence each other in a process referred to as regulatory crosstalk (Latham and Dent, 2007). Influence on other histone modifications can occur in cis on the same histone, or in trans across histones
and/or nucleosomes, leading to spacial and temporal dependencies of modifications (Suganuma and Workman, 2008).
Histone modifications influence the chromatin architecture twofold: In a direct way, they may change the chromatin structure through charge-dependent alterations affecting the contacts between adjacent nucleosomes or between histones
and the DNA (Simpson, 1978; Ausio and van Holde, 1986; Ura et al., 1997; Ahn
et al., 2005). Classically, regions with ‘loose’ wrapping and less condensed packaging were referred to as euchromatin, whereas those with tight nucleosome packaging as heterochromatin (Allis, 2007).
In a more indirect way, individual or combinations of histone modifications may
act as recognition signals for the recruitment of regulatory proteins that trigger
functional responses (Berger, 2007; Rando and Chang, 2009). This hypothesis is
known as the effector-mediated model, where signalling modules exist that operate
as ‘writer’, ‘eraser’ and/or ‘reader’ of chromatin marks (Ruthenburg et al., 2007).
Many of the identified chromatin-modifying complexes conform to this hypothesis
and have enzymatic domains to add (write) or remove (erase) or bind (read) certain
modifications (Ruthenburg et al., 2007).
The capability of writing, reading and erasing modification signals on histones
without effecting the underlying DNA sequence constitutes an additional computational layer for storing and retrieving information in the cell (Prohaska et al.,
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2010). Observed correlations between certain histone modifications and cellular
functions, such as the transcriptional activity of genes, led to the proposal that—
on top of the genetic code—there exists an epigenetic histone code (Jenuwein and
Allis, 2001; Strahl and Allis, 2000; Turner, 2007), which would, for example, allow deriving the transcriptional state of the gene by determining its histone marks.
However, recent research indicates that—from a biological perspective—histone
modifications do not represent a self-contained code which can be understood detached from the context. According to this view, histone modifications and their
functional impact must be seen in light of their temporal and inter-relational dependencies, which would render the idea of a code into a ‘nuanced language’ that
constitutes the basis for transcriptional regulation through the chromatin signalling
pathway (Lee et al., 2010). From a more computational perspective, however, the
ambiguity or sometimes even the lack of (immediate) functional effects of certain
chromatin modifications on cellular processes might hint at a decoupling event that
took place during evolution and separated the epigenetic modification layer from
direct biochemical functions, making it available for information storage and computation in a way classical regulatory effectors cannot work (Prohaska et al., 2010).
Current research is attempting to generate genome-wide maps for diverse chromatin modifications (Milosavljevic, 2010). These maps will broaden our understanding of epigenetic regulation and are likely to increase the translational potential of the field, in particular with respect to diagnostic and therapeutic applications
in medicine as improper regulation of chromatin marks has been linked with several diseases, including imprinting disorders, Rett syndrome, facioscapulohumeral
muscular dystrophy and even autism (Feinberg, 2010). Some of the most interesting advances in cancer biology, particularly leukaemias, are attributable to changes
in the epigenome, such as abnormalities in histone marks in the promoter region
of genes or aberrant methylation of DNA at CpG islands and microRNAs (Nature Biotechnology, 2010). However, given the plasticity of many chromatin modifications, mapping them can only be a first step towards a coherent picture of their
dynamics and impact. It will become necessary to map their localization at different points in time, in different tissues, in healthy and disease cells, etc. to further
understand the molecular mechanisms by which they mediate their role for the
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functioning of the cell. Furthermore, deciphering the histone code or language—if
there is any—is likely to require information from higher-order architectural dimensions of chromatin (see Section 1.3.2) and the interplay between DNA and/or
chromatin modifications and RNAs, transcription factors, nuclear organizing factors and signal transduction pathways (Nature Biotechnology, 2010).
The current stage of epigenetic research seems comparable to genetic research
before deciphering the DNA structure and the genetic code (Henikoff and Grosveld,
2008). If this comparison is true, the hopes of a revolutionary impact of epigenetics
in many fields might not be unreasonable.

1.3.2

RNA interference

Operational principle
Conserved across a wide spectrum of eukaryotic organisms, RNA interference
serves on one side as a natural defense mechanism in the cell against viruses and
transposons and, on the other side, as a regulatory system that is key in development and gene expression in general (Zamore, 2002). With respect to the latter
aspect, RNAi is part of the cellular machinery controlling which genes are active
and tuning to which degree they are active.
Intrinsically, RNAi is a negative feedback process to silence genes. As described in Section 1.3.2, RNA interference may embrace processes or features of
the chromatin layer in several organisms, but the ‘classic’ operational principle
is based on the post-transcriptional level. There, the protein machinery of RNAi
controls the abundance of messenger RNA (mRNA) transcripts through smallinterfering RNA (siRNA) molecules that base-pair with homologous regions on
mRNA targets and induce their degradation (Fire et al., 1998). Feedback loops
in that process are capable of sustaining, reinforcing and modulating the interfering impact (Lipardi et al., 2001; Plasterk, 2002; Sijen et al., 2001; Zamore, 2002).
Thereby, RNAi is capable of altering the information that is encoded and conveyed
in mRNA expression levels.
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Initially, the phenomenon of RNA interference—though termed differently—
was discovered in plants (Ecker and Davis, 1986; Napoli et al., 1990). While trying to increase the colour intensity of a flower, additional copies of a gene had
been introduced into the plant’s genome. However, instead of the expected overexpression of the gene and intensified colour, substantially reduced transcript levels and weaker colour were observed. The molecular mechanisms for this phenomenon first remained elusive, and research in many organisms began to uncover
them. The observations made in these organisms were labelled differently, such
as post-transcriptional gene silencing in plants, RNAi in animals, quelling in fungi
and virus-induced gene silencing (Agrawal et al., 2003). It took almost a decade
until research in the nematode worm Caenorhabditis elegans identified doublestranded RNA (dsRNA) molecules as the silencing trigger (Fire et al., 1998).
Generally, dsRNA trigger for RNAi exist in two major forms in the eukaryotic
cell (Figure 1.3): microRNAs (miRNAs), which arise from non-coding RNAs in
the host genome, and small-interfering RNAs (siRNAs) from selfish or exogenous
genetic material (Ding and Voinnet, 2007). Although both types have common
features and share the same protein machinery (Gregory et al., 2006), they differ in
their biogenesis, final structure and function. A newly transcribed miRNA, called
pri-miRNA, get first cleaved into a pre-miRNA by the Drosha complex such that
the remaining sequence of ∼70 nt in length folds into a hairpin structure, which
then is subject to further processing by the Dicer complex and finally leads to a
mature miRNA of ∼22 nt (Gregory et al., 2006). In contrast, the biogenesis of
siRNAs begins with a long selfish or invasive dsRNA trigger, such as the genetic
material of a virus (Ding and Voinnet, 2007), which gets first cleaved by Dicer into
several short duplexes of ∼20 nt in length. Subsequently, each duplex gets separated such that one part becomes a mature siRNA.
Once produced, the pathways for miRNA and siRNA converge at the RNAinduced Silencing Complex (RISC)—the core component of the RNAi protein
machinery (Rana, 2007). Both miRNAs or siRNAs can be loaded into a RISC
complex and guide it to mRNA transcripts that share sequence similarity with the
trigger molecule (Figure 1.3). MiRNAs induce gene silencing by base-pairing with
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Figure 1.3: Schematic diagram of core components and process steps of RNA
interference (RNAi). The RNAi pathways are guided by small ncRNAs,
primarily siRNAs and miRNAs. In the siRNA pathway, (exogenous)
dsRNA are cleaved by Dicer into siRNA duplexes of which one strand
is incorporated into the RISC complex that targets and typically cleaves
mRNAs based on perfect sequence homology. (For other siRNA-based
processing modes, refer to Section 2.3.) In the miRNA pathway, endogenously produced transcripts (pri-miRNAs) are first processed by
the Drosha complex into pre-miRNAs which are subsequently exported
into the cytoplasm where Dicer cleaves the stem-loop structure into the
final miRNA. Once one strand of a mature miRNA is loaded into RISC,
mRNAs are targeted and translationally inhibited. In contrast to siRNAs, sequence homology between miRNA and target is typically imperfect.
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regions of an mRNA target and blocking the translational machinery. The pairing
with the target happens at the post-transcriptional level in the cytoplasm but often
is incomplete with several base-pairs mismatching. SiRNAs, on the other hand,
generally base-pair perfectly with a site on the target and post-transcriptionally silence the gene by inducing cleavage of the transcript.
Even though differences in the modalities and features of the RNAi pathway
exist between organisms, the phenomenon continues to converge towards a single universal theme of gene regulation: The common components of this regulatory pathway are that (i) the interference is triggered by a dsRNA molecule and
that (ii) transcripts are targeted in a sequence-dependent manner by (iii) a ncRNAcontrolled protein machinery (Agrawal et al., 2003).
The RNA interference pathway is not only a cellular machinery of intriguing
universality but also represents a powerful technique that led to many applications
in a spectrum of research fields, ranging from biology, to medicine and even to
biomolecular computing (see Section 1.2.3). As a tool in biology, RNAi allows
for rapid determination of gene function in many organisms (Boutros et al., 2004;
Kamath and Ahringer, 2003). Also in the context of therapeutics, RNAi has found
applications. Given the high sequence specificity regarding genes, siRNAs can on
one side be used to validate drug targets and on the other side to effectively modulate gene expression in disease cells (Bitko and Barik, 2001; McManus and Sharp,
2002; Moss, 2003). Future medical applications attribute great potential for RNAi
to combat carcinomas, myelomas and cancers caused by overexpression of oncoproteins (Tuschl and Borkhardt, 2002). For the field of biomolecular computing,
RNA interference represents a promising platform to realize computations with
biomolecules in live cells. Circuits of Boolean logic elements based on RNAi have
already been demonstrated successfully (Rinaudo et al., 2007) and efforts are under
way to make a variety of (extra-)cellular signals available for RNAi-computers (An
et al., 2006; Beisel et al., 2008; Culler et al., 2010; Tuleuova et al., 2008).
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Connections between chromatin and RNAi-like processes
Chromatin and RNA interference play key roles in epigenetic phenomena and
work in tandem to realize an array of cellular functions, including gene regulation, heterochromatin formation, DNA methylation and programmed DNA elimination (Mochizuki et al., 2002; Pal-Bhadra et al., 2002; Tabara et al., 1999; Taverna
et al., 2002; Zilberman et al., 2003).
While the ‘classic’ RNA interference pathway represents a form of post-transcriptional gene silencing (PTGS) and impacts messages in the cytoplasm, its regulatory intersection with the chromatin layer enables RNAi(-like) mechanisms of
transcriptional gene silencing (TGS) in the nucleus. Analogous to the sequencedriven recognition of mRNA targets in PTGS, small non-coding RNAs (ncRNAs)
are also key in TGS for identifying genomic sites to trigger chromatin modifications through ncRNA-DNA interactions (Jones et al., 2001; Mette et al., 2000).
Both PTGS and TGS modes of RNAi share core enzymatic machineries and operational principles that impact gene activity.
The function of RNAi as TGS by regulating the epigenetic structuring of the
genome is conserved across many species (Grewal and Rice, 2004). In Schizosaccharomyces pombe, core proteins of RNAi complexes are required for heterochromatin formation (Grewal and Elgin, 2007). For instance, the equivalent of the RISC
complex, called RNA-Induced Transcriptional Silencing complex (RITS) (Verdel
et al., 2004), contains both a chromatin-associated protein and an RNAi-associated
protein and, together with the RNA-Directed RNA polymerase Complex (RDRC),
represent critical components in heterochromatin assembly. Deletion of any of the
genes encoding these proteins results in defects in histone methylation and centromere formation, which disturbs proper iteration through cell cycle stages (Hall
et al., 2002; Volpe et al., 2002; 2003). Furthermore, components of the RNAi
machinery together with the histone variant H2A.Z suppress antisense transcripts
in the S. pombe genome (Zofall et al., 2009), which represents another intriguing
example of the deep connection between chromatin and RNAi for proper mRNA
processing and genome stability.
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In Drosophila melanogaster and Tetrahymena, RNAi-like mechanisms are involved
in TGS by affecting histone methylation and gene silencing proteins in heterochromatic regions (Pal-Bhadra et al., 2002; 2004; Mochizuki et al., 2002; Taverna et al.,
2002; Liu et al., 2004).
Plants too share a similar set of RNAi proteins and enzymatic activities that are required for structuring the epigenome. In Arabidopsis, histone methylation, RNAdirected DNA meythlation (RdDM) and targeting of repetitive DNA sequences require an RNA-driven RNAi-like machinery (Matzke et al., 2002; Zilberman et al.,
2003; Onodera et al., 2005; Gao et al., 2010; Lister et al., 2008; Cokus et al., 2008).
In mammals, RNAi has been associated with epigenetic chromatin mechanisms
for inactivation of one of the X-chromosomes in female offspring. In that process,
a long ncRNA, called Xist, is transcribed from the inactive X-chromosome and
induces/maintains chromosome-wide gene silencing by recruiting silencing complexes in cis (Brockdorff et al., 1992; Brown et al., 1992; Clemson et al., 1996;
Penny et al., 1996; Marahrens et al., 1997). Paradoxically, silencing does not affect the Xist gene itself. Instead, the recruited chromatin-modifying complexes
maintain its expression in a positive feedback loop. On the active X-chromosome,
in contrast, the antisense transcript of Xist, Tsix, is expressed and binds to Xist
forming a dsRNA duplex (Lee et al., 1999; Lee and Lu, 1999; Lee, 2000; Luikenhuis et al., 2001; Sado et al., 2001). This duplex is proposed to be processed in an
RNAi-like Dicer-dependent manner, which causes downregulation of Xist on the
active X-chromosome (Ogawa et al., 2008). It is further proposed that the RNAi
pathway is involved in the regulation of chromatin modifications and in the spreading of silencing on the inactive X-chromosome (Ogawa et al., 2008).
Besides their role in chromatin structuring in cis, long ncRNAs also emerged
as important regulators of the epigenome from a second perspective. HOTAIR, for
example, is a long ncRNAs that is proposed to act in trans by providing a scaffold
for chromatin-modifying complexes (Tsai et al., 2010). In binding to two distinct complexes at the same time, HOTAIR mediates coordinated methylation and
demethylation of two amino acid residues on histone H3, and thereby inherently
specifies a pattern of chromatin modifications to silence the genes it is recruited to.
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While some of the detailed molecular mechanism remain to be elucidated,
these examples clearly demonstrate a strong connection between RNA- and chromatin-mediated processes for cellular functions. Given that large potions of the
genome are transcribed and only a fraction translated into proteins, it is likely that
other examples and mechanisms enlarge the regulatory overlap of both layers (Lee,
2010).

1.4

Thesis contribution

With the work presented in this thesis, I elucidate fundamental aspects of information representation and manipulation in bioprocesses from both the Bioinformatics
as well as the Biomolecular Computing perspective.
From the Bioinformatics side, I focus on chromatin, the nucleo-protein structure that packages the DNA in the cell. As a computation and storage layer in
the cell, chromatin provides high plasticity to integrate (environmental) signals
into DNA-based regulation and allows information propagation according to epigenetic principles. In this work, I present results on the complexity of chromatin
modifications and reveal their impact on gene activity and related functions in the
cell. I further discuss the software pipeline I developed and that was employed for
genome-wide chromatin profiling and transcriptome analysis.
From the Biomolecular Computing perspective, I draw on epigenetic principles to devise a model for an RNA interference-based equivalent of the electric
flip-flop, which is one of the fundamental elements in digital circuits. In particular,
I focus on the digital switch abstraction of the flip-flop as it is a central idea in both
the electric and biomolecular world to connect and at the same time decouple the
underlying physical process from the abstract representation of information. This
work explores the computational principles of the RNA interference machinery and
suggests novel ideas for universal memory units in biomolecular computing.
By complementing both the natural and theoretical perspective, I attempt to
enhance our understanding of epigenetic information processing in the cell and its
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capacity for biocomputing. In particular, the projects presented in this dissertation
led to the following findings and contributions:
• Potential for an RNA interference-based flip-flop: I devise a mathematical model for the biomolecular equivalent of the electronic flip-flop using
RNA interference and speculate how this system could potentially be used
in biocompatible computing devices as a memory unit. The novelty of this
work is centered on the non-sequence-based abstract encoding scheme for
digital information and how the RNAi machinery might unite analog and
digital features for computing in the organismal context.
• Non-redundancy of residue methylation states in chromatin architectural proteins: My analysis aided revealing that di- and trimethylation of
histone H3 lysine 79 are mutually exclusive across the genome and that
dimethylation associates with specific sets of cell cycle-regulated genes. This
work is important as it answers the long-debated question in the field of
chromatin biology of whether H3 lysine 79 methylation states are functionally redundant and further reveals a novel connection between the epigenetic
state of chromatin and transcriptional gene activity.
From the biocomputing perspective, the fluctuation and distinct localization
of H3K79 methylation during the cell cycle could indicate a toggle mechanism that signals a particular system state to cellular machineries and discriminates marked genes from others, thereby triggering the correct iteration
through the cell cycle program similar to a finite state machine, with cycle
stages being machine states, chromatin modifications being (part of) transition events and activation of certain genes being generated outputs.
• Cross-talk of residue modifications in chromatin architectural proteins:
In this project, my analysis aided in establishing the first genome-wide profile of histone H2B lysine 123 monoubiquitination in S. cerevisiae and in
characterizing H2B lysine 123 monoubiqutination as a signalling tag that is
required for proper establishment of particular H3 residue modifications.
With respect to the underlying computational principles, the H2B lysine 123
monoubiqutination pathway demonstrates how certain histone modifications
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trigger others in the context of transcriptional gene activation. Drawing again
on the finite state machine abstraction, the transcriptional program can be divided into certain states that need to be executed in a certain order. The presented sequence and combination of histone modifications can be regarded
as (part of the) input to trigger correct state transitions, and the recruitment
of enzymatic complexes as well as the establishing of downstream histone
marks as generated outputs of such a machine.
• Functional non-redundancy of protein function in the context of chromatin: My work contributed to the discovery that the histone deubiquitinases, Ubp8 and Ubp10, act on distinct genomic loci. While Ubp8 removes
the ubiquitin tag from H2B lysine 123 at sites enriched for trimethylated H3
lysine 4, Ubp10 functions at those marked by trimethylated H3 lysine 79.
Through this work it was made possible to answer the question of functional
redundancy of Ubp8 and Ubp10 and reveal genome-wide dependencies of
histone marks.
Regarding potential biomolecular implications, the discussed results point
towards principles how identical enzymatic activity can be recruited to distinct genomic loci in a histone modification-dependent manner supporting
the hypothesized histone code.
• Aberrant transcripts and causalities regarding chromatin structure: The
analysis I performed aided elucidating the chromatin structure at sites of
cryptic transcription and determine causalities with respect to certain histone modifications.
From the biomolecular computing viewpoint, the data suggest that certain
chromatin modifications have no (direct) impact on gene activity, hence, offering essential degrees of freedom to exploit these resources for information
encoding in biocomputers with fewer interferences regarding cellular function.
• Software tools for chromatin modification profiling and transcriptome
analysis: As a product of studying chromatin modifications, I developed
several software tools that allow analyzing ChIP-on-chip, gene expression
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and related data. I also implemented tools for visualizing genome-wide data
and made them publicly available as plug-in for the Galaxy bioinformatics
environment.
Chapter 1 has motivated the idea of biomolecular computing, specifically biocompatible approaches. It has further introduced key concepts and terminologies of
RNA interference, chromatin biology and their role in cellular information processing. In the remainder of this thesis, Chapter 2 describes the RNA interferencebased flip-flop model and presents its mathematical analysis. In Chapter 3, the
bioinformatics pipeline that I developed is explained and used to analyze wholegenome chromatin modification maps and gene expression data. Chapter 4 puts
the results derived through the pipeline in their biological context and studies aspects of chromatin structure and regulation and their impact on cellular functions.
Chapter 5 finally presents the conclusions of this work and embeds them into the
bigger picture of information processing in living systems.
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Chapter 2

RNA interference and the
potential for a bistable flip-flop
2.1

Synopsis

RNA interference continues to emerge as one of the central regulatory mechanisms in the cell and it is found across a wide spectrum of eukaryotic organisms.
Uniquely, the protein machinery of RNAi is capable of generating arbitrary affector molecules and using them to identify and influence target molecules in a
completely general yet highly specific manner. Feedback loops in that process relate affector and target molecules as inputs and outputs, suggesting that RNAi can
sustain a general form of cellular computation.
In this chapter, we speculate on how eukaryotic cells might use RNAi to generate a form of epigenetic memory at the RNA level and realize computations based
on sequential logic. We present a model for an RNAi-based equivalent of the wellknown electric flip-flop, the fundamental memory unit in digital circuits, and reason how natural and engineered systems might use it. The presented work aims to
elucidate abstract principles of RNAi from a biological perspective and suggests
ideas for universal memory units from a biomolecular computing standpoint.
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2.2

Background

Biological systems process information. From simple to complex organisms, cellular components must sense, process and produce molecular signals so as to respond and interact appropriately with their environment (Cooper and Hausman,
2009; Alberts et al., 2007; Lodish et al., 2007). This regulation is primarily based
on precisely controlled and highly contextual (de-)activation of genes in particular
cellular situations. Since gene products often provide additional regulatory control
that activate or repress further downstream genes, regulatory cascades have evolved
that allow an appropriate cellular response to particular environmental queues.
A key feature of such regulatory cascades is whether or not they can feedback
on themselves. In the absence of feedback, the differential equations describing
such systems will always give a cellular response that is specified by a given environmental condition. Often, however, it is biologically useful and necessary to
remember past cellular conditions and respond appropriately from this context.
Processes like the iteration through the cell cycle and the unfolding of the developmental program in higher organisms exemplify various cellular programs that
are stateful, and demonstrate that the underlying computational principles are sequential rather than combinatorial in nature (Paul Hill, 1989). Consequently, these
regulatory programs require a memory to store information (Alberts et al., 2007).
Memory can be generated on the genetic level by linking regulatory elements
through feedback mechanisms as exemplified by the lambda repressor (Ptashne,
1986), the lac operon (Müller-Hill, 1996), tetrecyclin repressor (Hillen and Berens,
1994; Hinrichs et al., 1994), and the lux operon (Babloyantz and Nicolis, 1972;
Dunny and Winans, 1999). These regulatory systems capture transient stimuli,
modulate associated cellular processes and maintain the process states beyond the
duration of the trigger signal.
Upon the discoveries of these regulatory systems, research towards the understanding of gene activity focused for almost two decades on identifying genetic
regulatory elements (Dynan, 1989; Ptashne, 1988). Common ground was that by
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knowing the regulatory elements of a gene, the timing and modality of its expression could be derived. It however became clear that regulation is often more complex and that additional mechanisms modulate gene activity.
Several of these mechanisms are referred to as epigenetic since they encode
(heritable) information and mediate regulatory impact without changing the DNA
sequence (Bird, 2007). Epigenetic mechanisms encode information and modulate
gene expression based on the prior history of a eukaryotic cell (Bird, 2007). DNA
methylation and histone modification both encode epigenetic information by defining distinct chromatin neighbourhoods that are able to modulate cellular transcription and that are fundamentally a cellular memory of past events (Bonasio et al.,
2010). Epigenetic information may span multiple regulatory layers in order to converge and reinforce signals: Besides DNA methylation and histone modifications,
transcription factors and non-coding RNAs play critical roles in orchestrating complex epigenetic states (Bonasio et al., 2010).
A process that continues to emerge as a ‘glue’ between (epigenetic) regulatory
layers is RNA interference. The RNAi machinery and epigenetic phenomena have
been linked to a wide range of functions in the eukaryotic cell, including chromosomal dynamics (Hall et al., 2002), stem cell maintenance (Cox et al., 1998) and
cell fate determination (Bohmert et al., 1998). This central role of RNAi makes it
an ideal interface to understand and manipulate cellular computations. Uniquely,
the protein machinery of RNAi can generate arbitrary RNA affector molecules
(siRNAs), that in turn are used to target highly specific RNAi-mediated responses.
These responses make use of a completely general and highly specific strategy
that relates affector sequences to target sequences via their ability to hybridize.
Provided that the outputs from such a process can modulate the input, a general
feedback mechanism exists that is defined by the RNAi machinery.
In this chapter, we speculate on how eukaryotic cells might use RNAi to generate epigenetic memory at the RNA level. We present a model for the biomolecular
equivalent of the electric flip-flop, the fundamental memory unit in digital circuits,
and reason how natural and engineered systems might employ it.
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2.3

RNAi as an intrinsically programmable machine

Our current understanding of the facets in RNAi can be largely attributed to research in the nematode worm Caenorhabditis elegans. As shown in Figure 2.1,
RNAi in C. elegans is initiated by the DICER protein complex, which cleaves long
double-stranded RNA (dsRNA) molecules into short duplexes that are 21–25 bp
in length (Gregory et al., 2005; Vermeulen et al., 2005; Zamore et al., 2000). Unwinding of a duplex yields a single-stranded guide and passenger strand. While
the passenger strand is degraded, the guide strand gets loaded into the Argonaute
RDE-1 as primary (1◦ ) small-interfering RNA (siRNA) (Zamore et al., 2000). The
‘loaded’ enzyme, also known as RNA-induced Silencing Complex (RISC), then
targets and potentially cleaves mRNA transcripts that are complementary to the
guiding siRNA (Siomi and Siomi, 2009). Successful cleavage of an mRNA triggers
the recruitment of an RNA-dependent RNA polymerase (RdRP) complex, which
initiates the production of secondary (2◦ ) siRNAs towards the 30 -end of the transcript (Baulcombe, 2007). Thereby, the location of the initial transcript cleavage
site defines a periodicity and phasing of 2◦ siRNA production initiations (Pak and
Fire, 2007). Consequently, different primary cleavage sites lead to distinct sets
of 2◦ siRNAs. Newly produced siRNAs become available to different RISCs and
determine their mode of operation (Okamura and Lai, 2008) as depicted in Figure 2.1. The capacity of the RNAi pathway to amplify and modulate a primary
silencing signal such that secondary affectors may target additional mRNAs is refered to as transitive RNAi (Alder et al., 2003).
Its regulatory universality and central connectivity with cellular processes led
to the development of many applications for RNA interference. Besides the immediate utilization of RNAi in Biology to rapidly determine functions of genes
(Boutros et al., 2004; Kamath and Ahringer, 2003), and its medical applications
to validate drug targets and to effectively downregulate mutant genes in disease
cells (Bitko and Barik, 2001; McManus and Sharp, 2002; Moss, 2003), RNA interference also has had a profound impact on Biomolecular Computing. A central goal of research in Biomolecular Computing is to build miniature computing
machines that monitor, control and even reprogram processes in live cells (Benenson, 2009b; Culler et al., 2010). Efforts in the field are driven by the fact that
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Figure 2.1: RNAi pathways in Caenorhabditis elegans. The DICER protein
complex cleaves long dsRNA molecules into short duplexes of which
one strand gets separated and loaded into the RISC complex as a primary (1◦ ) siRNAs. This complex then targets and potentially cleaves
mRNAs that share complementarity with the loaded siRNA. The cleavage event triggers recruitment of an RdRP complex that produces secondary (2◦ ) siRNAs primarily towards the 30 -end of the transcript. The
location of the cleavage site defines the future periodicity of siRNA
cleavage sites. Newly produced siRNAs are available to different RISCs
and determine their mode of operation: They may again (1) cleave a
target and amplify a response, or initiate production of other siRNAs,
(2) degrade an mRNA without generating new siRNAs, or (3) block a
transcript from being translated without cleaving it.
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biomolecules—in contrast to any other computational substrate—allow direct computational interaction with living systems, a paradigm that is referred to as biocompatible computing (Shapiro and Benenson, 2006).
Most recent works from the field consider RNA-based approaches to be an
ideal platform to interface with cellular networks and to compute inside cells (Benenson, 2009a; Culler et al., 2010). The versatility in RNA functionality in the
cell to both sense and actuate, and the rational design techniques with which RNA
structures can be designed (Link and Breaker, 2009; Davidson and Ellington, 2007)
were already successfully employed to engineer information processing devices
that identify and respond to disease conditions in live cells (Leisner et al., 2010;
Rinaudo et al., 2007; Xie et al., 2010; Beisel and Smolke, 2009; Win et al., 2009;
Win and Smolke, 2007a).
Yet, these devices encode information directly as a function of sequence, length
or structure of nucleic acids. The required molecule manipulations in order to
reflect changed bits of information are not necessarily reversible and cause the
information-encoding molecules to degrade over the course of the computational
process. Thus, these devices are limited to a single operational cycle, in which they
essentially evaluate a formula encoded in combinatorial logic. Sequential logic and
iterated operation requires a type of memory that matches the dynamics and plasticity of the underlying information and that is not intrinsically encoded by the
problem to be solved (Paul Hill, 1989).
We herein propose an information encoding scheme that could potentially augment the computational versatility of current bicompatible devices by drawing on
the characteristic of the RNA interference pathway to separate information from
machinery. We present a model of the biomolecular equivalent of the well-known
electric flip-flop, the fundamental memory unit in digital circuits. The information
encoding of the flip-flop is not based on individual molecule properties but on relative concentrations differences between mRNA populations. As for natural mRNA
regulation, RNA interference is used to modulate the mRNA concentrations and
thereby alters the encoded information.
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2.4

Digital memory with RNAi

Digital memory at its core has bistable circuitry that records a ON or OFF state
so long as the circuit is active. Applying a trigger pulse to such a flip-flop circuit
results in flipping from ON to OFF, or OFF to ON depending on the initial state of
the circuit. Electronically, such memory is achieved by building a flip-flop from a
combination of dissipative elements (resistors) and active elements (transistors) in
a symmetrical fashion so that the state of the circuit can be read out as a high (ON)
or low voltage (OFF) on one half of the circuit (say at S in Figure 2.2A). Such
dynamic devices are at the core of modern computer memory (Random Access
Memory, RAM) and store information so long as powered.
RNAi provides a nearly exact analog for the fundamental components of the electronic flip-flop. RNAi makes possible the selective degradation of particular RNAs
(dissipative in nature) while in certain organisms secondary small RNAs can be
produced in a sequence-dependent fashion (active in nature). Since this form
of regulation is kept digitally separated by virtue of the sequence-specific and
hybridization-based machinery, in principle at least RNAi offers a biological route
to generalized computation.
As shown in Figure 2.2B, the RNAi flip-flop core is represented by two distinct mRNAs A and B. The flip-flop state is encoded by the relative concentration difference between these mRNA species. Similar to the electric flip-flop (see
Figure 2.2A), A and B represent the equivalent of two cross-coupled inverting elements. Their influence on each other is mediated by primary siRNAs s and p, and
2◦ siRNAs a, b, x and y. We assume that A and B are transcribed uniformly and
with equal rates. Primary siRNAs s and p are produced outside of the circuit, and
s is assumed to be at a uniform concentration. They serve to set the phasing of the
secondary RNAs, which in turn serve to reinforce a particular state of the flip-flop.
A source of siRNA s serves to establish the entire flip-flop circuit and induces a
pattern of secondary RNAs in both mRNA populations that will inevitably force
the circuit in the steady state to have a defined state (i.e. A high and B low, or B
high and A low). Switching between the two flip-flop states is under the control of
an externally supplied siRNA p, which we assume to be a transient cellular signal
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Figure 2.2: Flip-flop mode of operation. A: A bistable multivibrator circuit
or electric flip-flop. The circuit is composed of two cross-coupled transistors and resistors (Paul Hill, 1989). Both parts are mutually exclusive
for sustained conductance and influence each other in terms of the current and voltage. In analogy to the RNA flip-flop, the components are
colour-coded. The flip-flop state is defined by the part that is set conductive by applying a voltage to the base of one of the transistors (e.g.
through S). The state can be switched by setting the conductive part unconductive by applying a voltage to the base of the opposite transistor
(through R). Both system states are stable and maintained even after
S or R are no longer applied. B: Interactions of the mRNA molecules
through siRNAs in the RNA flip-flop. Blunt-ended arrows represent
negative, regular arrows protective impact on the mRNAs through siRNAs in the sense of the flip-flop. The state of the flip-flop is defined by
the relative concentrations of A and B, maintained through the impact of
s, and altered by transient pulses of p. In analogy to its electric counterpart, both RNA flip-flop parts influence each other symmetrically such
that one mRNA is in high concentration while the other is low.
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Figure 2.3: Sequence setup of the RNA flip-flop. The mRNAs A, B represent
the equivalent of two cross-coupled inverting elements in bistable electric circuits (see Figure 2.2A). They interact through 1◦ siRNAs s and p,
and 2◦ siRNAs a, b, x, y. Stretches with primed labels along the mRNAs
represent siRNA target sites, unprimed labels siRNA production sites.
Vertical lines along the mRNA indicate idealized phasing defined by s
and p.
of interest. Pulsing p results in the symmetric swap of concentrations between A
and B and flips the state of the circuit that can be read out by monitoring levels of
A and B or the siRNAs a and b.
Without loss of generality, we assume the flip-flop to be in the ON state when
mRNA A is more abundant than B, and OFF conversely. Constant expression of
the RNAs A, B and s causes constant cleavage in both mRNA populations since
both transcripts have a target site for s. Successful cleavage events trigger the
templated production of 2◦ siRNA b on A, and a on B, respectively. Once produced and loaded into a RISC, b induces degradation (RISC mode 2, Figure 2.1)
of mRNA B, while a—originating from B—targets members of the A population.
Since A is assumed to be in higher concentration, production of b is higher, too.
This allows A to continue to dominate over the concentration of B and, hence, to
maintain the current flip-flop state. The actual concentrations of A and B represent
dynamic equilibria: Even though both mRNA populations are negatively impacted
by siRNA-mediated cleavage and unspecific degradation, there is a constant transcriptional supply that accounts positively for their concentrations. Both opposing
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processes cancel each other out at the equilibrium points for each mRNA.
Switching the flip-flop from ON to OFF is triggered by a transient pulse of
siRNA p. The target sites for p on A and B are out of phase with those for s. Hence,
p causes templated production of a, x on A, and of b, y on B. Newly generated a and
b then target the same mRNA population they originated from, while x and y have
a rescue effect on the opposite population by partially obscuring the target sites for
both s and p without triggering any mRNA degradation (RISC mode 3, Figure 2.1).
Since A is assumed to be more abundant than B, more a than b is produced, which
in turn establishes a reinforcement loop that brings down the A population quicker
than B. Even further, since more x than y is produced, the protective effect of the
former on B is stronger than the latter’s on A. Hence, the negative impact on A
continuously increases while B can gradually recover. Under the right conditions,
the concentration of B climbs above A. Eventually, the influence of s drives both
populations to the equilibrium concentrations—now in mirrored concentrations.
The new flip-flop state is stabilized and maintained until the next trigger pulse p
occurs and flips the system back to its initial state.

2.5

The mathematical model of an RNAi-based flip-flop

The molecular interactions between the different RNA species of the flip-flop were
described in a set of first-order ordinary differential equations (ODEs) (see Equations (2.1)–(2.8)) to analyze to analyze under what conditions the desired bistable
behaviour can be achieved. Each equation describes one RNA species of the flipflop as labeled in Figure 2.3. For the mRNAs A and B at the core of the flip-flop, a
constant transcription rate τ and an unspecific (i.e. not siRNA-mediated) degradation rate γ were assumed. The RISC-mediated mRNA cleavage rate was expressed
through φ , and RISC-mediated translational blocking and unblocking of mRNAs
through µ and δ , respectively.
∂A
∂t
∂B
∂t
∂a
∂t

= τ − γA − φ aA − µyA + δ Ab

(2.1)

= τ − γB − φ bB − µxB + δ Bb

(2.2)

= ωB − εa − ρaA + ξ pt A

(2.3)
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∂b
∂t
∂x
∂t
∂y
∂t
∂ Ab
∂t
∂ Bb
∂t

= ωA − εb − ρbB + ξ pt B

(2.4)

= ξ pt A − εx − µxB + δ Bb

(2.5)

= ξ pt B − εy − µyA + δ Ab

(2.6)

= µyA − δ Ab

(2.7)

= µxB − δ Bb

(2.8)

The s-mediated production of the 2◦ siRNAs a and b was described through ω,
which dominates the system behaviour during the steady state of the flip-flop, and a
pulse-dependent production rate ξ that dominates the state transitions. The loading
rate of siRNAs into RISCs was modeled by parameter ρ, and the unspecific siRNA
degradation rate by ε. Using two parameters, ρ and φ , to model RISC-mediated
mRNA cleavage allowed representing potential multiple turnovers of siRNAs as
well as ineffective cleavage attempts despite successful RISC loading.
Similar to the mRNA-templated production of a and b, the 2◦ siRNAs x and
y are produced in a p-dependent manner. The latter two transiently block A and
B, and unspecifically degrade at rate ε like the other small RNAs. Temporarily
blocked mRNAs are represented by Ab and Bb . Their assembly and disassembly
rates correspond to the blocking and unblocking rates modeled by µ and δ as
described above.
r
pt = A p

w p −w p (t−D)2
e
π

(2.9)

For the pulse, we assume a Gaussian behaviour as given by Equation (2.9), where
where A p and w p control the area and width and D its time offset from t = 0.

2.6

Steady state characteristics of the flip-flop model

Assuming the flip-flop to be in either one of the steady states and the pulse to not
be present, i.e. pt = 0, the RNA species x, y, Ab and Bb do not exist, and the ODEs
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can be reduced to:
0 = τ − γA − φ aA

(2.10)

0 = τ − γB − φ bB

(2.11)

0 = ωB − εa − ρaA

(2.12)

0 = ωA − εb − ρbB

(2.13)

Iterative substitutions of A, a and b by the parameters in the equations reduced the
system further to a single equation in terms of parameters only:
0 = τ+

γ(γB − τ)(ε + ρB)
φ ωB(γB − τ)(ε + ρB)
+
φ ωB
εφ ωB − ρ(γB − τ)(ε + ρB)

(2.14)

Solving Equation 2.14 leads to four solutions for B:
B1 =
B2 =

B3 =

p
τ 2 ρ 2 + 2 γρτε + γ 2 ε 2 + 4 τεφ ω
2(φ ω + γρ)
p
τρ − γε − τ 2 ρ 2 + 2 γρτε + γ 2 ε 2 + 4 τεφ ω
2(φ ω + γρ)
r


(τρ − γε) (φ ω − ργ) + (φ ω − ργ) φ ω (τρ − ge)2 − ργ (γε + τω)2

τρ − γε +

2ργ (φ ω − ργ)
r


(τρ − γε) (φ ω − ργ) − (φ ω − ργ) φ ω (τρ − ge)2 − ργ (γε + τω)2

B4 =

2ργ (φ ω − ργ)

Substituting back in, these solutions represented the fixpoints of the equation system, i.e. the concentration values for A and B in the stable states of flip-flop. The
goal was to render at least two of these solutions positive definite in order to get
two positive-definite fixpoints. For positive-definite parameters, the equation for
B1 always renders positive-definite, while solution B2 becomes imaginary and can
be disregarded. From B3 we can derive the following constraint:
2

γε
τρ 1 + τρ
γε


φω
≤
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τρ
γε

2
−1

γρ

(2.15)

and additionally from B4 :
φω
>1
γρ

(2.16)

Substituting
α =
β

=

φω
γρ
τρ
γε

we can rewrite the constraints (2.15) and (2.16) as follows:
(β + 1)2 ≤ α(β − 1)2
α > 1

(2.17)
(2.18)

Plotting the two-dimensional constraint system described through (2.17) and (2.18),
dissects the positive-definite quadrant in three regimes as shown in Figure 2.4A.
The area labelled bistability (+) represented combinations of α and β that fulfilled
all parameter constraints. Values from the monostability area represented degraded
flip-flops with a single monostable state, and combinations from the bistability (−)
region represented negative-definite fixpoint values.
Selecting a suitable set of parameters according to an (α, β ) pair from the
bistability (+) area and plotting the nullclines for A and B as shown in Figure 2.4B,
the resulting curves intersect three times, representing the fixpoints of the system.
The outer points are stable and correspond to the stable ON and OFF states of the
flip-flop, whereas the middle fixpoint is unstable. Although two stable states would
be sufficient and favourable, the sigmodial shape of the nullclines does not allow
an even number of intersections. The basins of attraction around the outer fixpoints
drive the system to the ON state for value pairs of A, B above the separatrix, and to
the OFF state otherwise. The separatrix itself represents solutions where A, B are
equal, which lead to degraded monostable flip-flops with no defined state.
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Figure 2.4: Mathematical analysis of the RNA flip-flop. A: Phase space of
the Equations 2.10–2.13. For positive-definite parameters the phase
space divides into three areas: The upper area represents parameter
combinations for (α, β ) that lead to systems with two stable and one
unstable positive-definite fixpoints as shown in (B). The middle area
represents degraded, monostable systems with a single positive-definite
fixpoint, and the lower area defines systems with three fixpoints that are
negative-definite. B: The nullclines of the first-order ordinary differential system (see Equations 2.10–2.13) intersect three times for suitable
parameter sets, yielding to a symmetric bistable system with three fixpoints, the outer ones being stable and the middle one being unstable.

2.7

Dynamic characteristics of the flip-flop model

In order to mimic the behaviour of an electric flip-flop and at the same time stay
within plausible biological boundaries, the parameters of the biomolecular flipflop model had to be balanced and constrained. On one hand, the system should
be reasonably stable in its ON and OFF state such that minor perturbations do
neither result in unintended flipping nor in oscillations of the system. On the other
hand, the flip-flop has to be sensitive enough to capture a transient trigger pulse and
switch properly. Finally, and to minimize interference with other cellular processes
in a real-life environment, transitions between the states should be fast.
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To find the optimal parameter combination for a representative flip-flop, we
first arbitrarily fixed meaningful steady state concentrations for A and B as defined
by the (α, β )-space. We further fixed an arbitrary Gaussian trigger pulse p within
the same order of magnitude as the mRNA concentrations using A p = 12, w p = 0.5
(see Equation (2.9). The remaining degrees of freedom of the flip-flop were then
adjusted such that the system flipped.
This flip-flop then served as a template to randomly generate a population
of flip-flops with the same fixpoints but otherwise different parameters. These
flip-flops were then handed to a genetic algorithm (Optimization Tool 5.1, MATLAB R2010b) and iteratively optimized for the free parameters (under the fixed
pulse p). In the course of this process, the fitness of a flip-flop was defined by
its flipping time, i.e. the time span from the onset of the pulse p to the symmetric
swap of concentrations between A and B. Observed production and degradation
rates greater than the slope of the pulse were penalized and so were any oscillations in RNA concentrations.
Over several rounds of selection and reproduction in the genetic algorithm, the
flip-flop population evolved to a fitness threshold where flipping times differed less
than t = 10−3 of a simulation time unit among all systems. For the units of the RNA
species begin [A], [B], . . . , [Bb ] = µmol/l and time [t] = min, their value ranges are
given in Table 2.1. The units and values of the optimized parameters adhering to
all constraints are listed in Table 2.2. Figures 2.5 and 2.6 shows the time course
plot of the simulation of the optimized system over two trigger pulses.

2.8

Robustness of the flip-flop model

After having shown that a flip-flop with fixed stable states can be optimized for a
given trigger pulse, the robustness of the model was analysed by releasing these
constraints and restoring the degrees of freedom. First, the importance of the trigger pulse on the flipping time of the system was determined by varying the pulse
width and height. Over the range of a 20-fold difference in pulse area and a 5-fold
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Figure 2.5: Simulated behaviour (core RNAs) over two trigger pulses (as represented by the star in Figure 2.7A) of the optimized RNA flip-flop (represented by star in Figure 2.8 and Table 2.2). Dashed lines indicate the
fixpoints of the system.

Figure 2.6: Simulated behaviour (all RNAs) over two trigger pulses (as represented by the star in Figure 2.7A) of the optimized RNA flip-flop (represented by star in Figure 2.8 and Table 2.2). Dashed lines indicate the
fixpoints of the system.
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Variable
A, B

Molecule Type
mRNA

Value (min,max)
(2, 6)

Unit
µmol/l

a, b

siRNA

(3, 18)

µmol/l

x, y

siRNA

(0, 1.4)

µmol/l

Ab , Bb

mRNA-siRNA hybrid

(0, 14.7)

µmol/l

Table 2.1: Value ranges of the variables after optimizing the flip-flop. Values
rounded to the first decimal place. The corresponding parameter values
are given in Table 2.2.
Parameter
τ

Description
mRNA transcription rate

Value
60

Unit
µmol/l min

γ

unspecific mRNA degradation rate

6

min−1

φ

RNAi-based mRNA consumption rate

4
3

l/µmol min

µ

hybridization-based mRNA blocking rate

58

l/µmol min

δ

mRNA-siRNA deblocking rate

14

min−1

ω

steady siRNA production rate

108

min−1

ε

unspecific siRNA degradation rate

18

min−1

ρ

RNAi-based siRNA consumption rate

ξ

trigger-mediated siRNA production rate

9

l/µmol min

1.4

l/µmol min

Table 2.2: Parameter values and units of the optimized flip-flop. Values
rounded to the first decimal place.
difference in pulse width, the flipping time of the system changed only about a
factor of three, except the extremes towards the inner boundary (see Figure 2.8).
To further exclude the possibility that the manually set fixpoints of the optimized
flip-flop had an impact on the overall system behaviour, the full degree of freedom for the flip-flop was restored and a large set of random flip-flops from the
bistability (+) area of the (α, β )-space generated. For for each system, it was determined whether it flipped (for the same pulse as used before) and what time
it took to flip. Of the 10.000 systems, 3173 flipped within the simulation time
boundary. The other candidates did not flip within that time or did not flip at all.
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Parameter
τ

min
4.2

max
120

Unit
µmol/l min

γ

0.3

12

min−1

φ

0.1

2.7

l/µmol min

µ

2.3

116

l/µmol min

δ

0.1

28

min−1

ω

5.1

215.9

min−1

ε

0.4

36

min−1

ρ

0.3

18

l/µmol min

ξ

0.3

2.8

l/µmol min

Table 2.3: Minimum and maximum of parameter values observed in the set
of randomly generated flip-flops that flipped within the simulation time
boundary (tmax = 128 simulation minutes). Values rounded to the first
decimal place.
Figure 2.7 shows the colour-coded flipping times of the flipping systems and their
localization within the (α, β )-space.

2.9

Discussion

In this chapter, we presented a model of a biomolecular flip-flop that is based on
the cellular processing machinery of RNA interference and stores 1 Bit of information encoded as RNA concentrations. In comparison to existing approaches in
biolmolecular computing, which encode information in nucleic acid sequences, as
a function of molecule length or other direct properties, the presented encoding
scheme abstracts further by drawing on principles of epigenetic information processing in the cell.
In both natural and artificial circuits, computation is inherently dynamic and
demands substrates that support this plasticity when processing and storing information. In contrast to permanent information, which is primarily sequence-based
in a cellular context, metastable information is better represented on epigenetic
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Figure 2.7: Robustness of the RNA flip-flop for different parameters.
A: Colour-coded flipping times for 10.000 randomly generated flipflops and a particular trigger pulse (represented by the star in Figure 2.8). Coloured dots represent positive-definite bistable systems that
flipped. Grey dots represent positive-definite bistable systems that did
not flip within the simulation time boundary (tmax = 128 simulation minutes). Initial flip-flop parameters were generated by randomly sampling
each parameter of the optimized flip-flop (represented by the star) from
the interval [0, 2vi ] where vi is the optimized value of parameter i (see
text for details). B: Distribution of flipping times for the subset of
randomly generated systems that flipped (3173 total) within the time
boundary (see A).
layers. Messenger RNAs form one of these layers, as they convey information (besides their actual sequence) in form of concentrations from the genetic blueprint to
the final gene product. A key regulatory element to alter RNA-based information
is the RNA interference pathway.
In this work, we understand the RNAi machinery to be universal as it can
be programmed by small non-coding RNAs to control the abundance of arbitrary
(within certain limits) messenger RNAs. We further understand this machinery
to naturally lend itself to bridge analog and digital computing in a cellular context, as its different modes of operation can modulate—for example reinforce—
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Figure 2.8: Robustness of the RNA flip-flop for different pulse parameters.
Flipping times of the optimized RNA flip-flop for trigger pulses of varying Gaussian width (w p ) and area (A p ). The white part of the plot represents (A p , w p ) combinations where the system did not flip within the
simulation time boundary (tmax = 32 simulation minutes). The star indicates the (A p , w p ) pair used to simulate the systems as shown in Figure 2.7.
interference signals such that they can cause nearly discrete behaviour of targeted
messages.
Based on known features of RNAi, we suggested a design for the flip-flop and
showed that the model can encode 1 Bit of digital information. We further showed
that for a wide range of parameter values, for both the flip-flop and the trigger
pulse, discrete and fast flipping is possible. A key unresolved question concerns
the actual biological parameters for the processes described in Table 2.1. The broad
range of parameters tolerated by the flipping solutions (Table 2.3) demonstrate the
tolerance and flexibility of the model, and while the kinetics of the RNAi machinery remain largely unresolved this suggests that such a flip-flop may be biologically
possible. Of course, as our understanding of the functioning of the RNAi pathway
develops, the equations used herein have to be revisited and critically examined if
they capture the observed molecular interactions properly. Cooperativity between
RISC complexes, for instance, could provide the non-linear kinetics directly com45

pared to the current model which requires additional molecule species to achieve
flip-flop behaviour.
From the biocompatible computing perspective, an implemented flip-flop as
described herein could serve as a universal memory unit, as it can be interfaced
with a variety of cellular and engineered pathways. Providing standardized interfaces for molecular signals is considered to be essential for building increasingly
complex biomolecular circuits, and individual circuit elements should aspire to be
as general as possible in a computational sense (Benenson, 2009a).
For many envisioned applications in the field of biomolecular computing having more than a single Bit of memory would be highly desirable. Multiple RNA
flip-flops could in principle be coupled as their counterparts in electronic circuits
are combined into arrays for storing more information. This coupling can potentially be achieved in several ways.
Against initial hopes, we were not able to sequentially link multiple flip-flops reliably, in which case they would have acted as a counter or frequency divider of
an external signal. The key point to overcome this obstacle would be to introduce
the asymmetrical production of an siRNA that gets produced only when the flipflop completes a full cycle, i.e. after every other flip, or to clock the system. In
the current model, the different RNA populations behaved too symmetrically and
coupling signals could not be restored reliably over multiple instances.
The parallel usage of multiple flip-flops, however, is straightforward. They could,
for example, be used as memory units to store temporally spread out inputs and
feed them to a Boolean logic circuit whose output would then depend in a nontrivial way on the input condition (Rinaudo et al., 2007). Another option for the
implementation of flip-flop arrays could potentially be to use a single unit in each
of many cells and utilize cellular communication channels to store and read dispersed information in a similar way to how recent work used quorum sensing to
link multiple NOR-gates, implement as genetic circuits, to Boolean functions of
greater complexity (Tamsir et al., 2011). In such a scenario, the versatility of RNAi
might again come to play as interference signals are known to spread systemically
throughout organisms such a C. elegans (Hunter et al., 2006), thereby providing a
46

communication channel between spatially distributed flip-flops that could be used
to synchronize or reset states.
As far as an actual implementation of the flip-flop concerns, we suggest an in
vitro environment first, before attempting to assemble the circuit in a cellular context. The availability of cell-free extracts with intact RNAi machinery, from C. elegans for example (Aoki et al., 2007), can provide a suitable test bed to determine
proper functioning of individual flip-flop parts and their interplay. Given that RNA
structures can be reliably predicted based on their Watson-Crick base-pairing, rational design and/or in vitro selection provide proven techniques to determine and
optimize the sequence setup of the flip-flop parts. In the same way, the intended
(and unintended) interactions between different RNAs according to the RNAi regulatory machinery can be determined to much greater extent than it is possible
for protein-protein or protein-DNA interactions of protein regulators (Subsoontorn
et al., 2011).
A functioning implementation of the RNA flip-flop would undoubtedly add to
our understanding of the fundamental computational principles of the RNAi machinery in the cellular context of (epi-)genetic regulation. We also see immediate
potential applications for such a device as a tool for biologists: Any transient cellular event of interest that is characterized by a (unique) small RNA effector could be
linked to and captured by the flip-flop. Connected to a suitable readout mechanism,
such as a fluorescent protein that is being produced upon successful flipping of the
system, the event could be visualized to an external observer.
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Chapter 3

Software pipeline for
genome-wide chromatin
modification profiling and
transcriptome analysis
3.1

Synopsis

Chromatin in general and histone modifications in particular are fundamentally involved in epigenetic regulation of cellular processes. Understanding the regulatory
mechanisms will not only advance our understanding from a biological standpoint
but might also lead to chromatin-based computations in live cells. As one of the
steps towards these goals, chromatin modifications have to be profiled genomewide and assessed regarding their associations with gene activity and each other in
order to infer the abstract principles of this form of cellular computation.
For the profiling stages of this process DNA microarrays play a central role.
They represent one of the technologies that has transformed research in biology
over the past years from single gene studies to interrogations of thousands of genes
and entire genomes at once. In chromatin biology research they have been widely
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used for genome-wide mapping of histone modifications and studying the expression of genes under different conditions.
In this chapter, I present the bioinformatics pipeline I developed for genomewide analysis of ChIP-on-chip and gene expression data to identify distinct chromatin neighbourhoods, interdependencies and combinatorial patterns of histone
modifications and their correlations with gene regulatory processes.

3.2

Background

The pace of advancements in DNA microarray (Stoughton, 2005) and sequencing technology (Shendure and Ji, 2008) continues to transform biological research.
Both techniques complement each other and provide powerful platforms to interrogate entire genomes at high-resolution and from a variety of perspectives, ranging
from sequence decoding, to gene expression profiling, to chromatin modification
mapping (Metzker, 2010; Kapranov et al., 2007; Collas, 2010). It is in large part
due to these technologies that amounts of quantitative data are becoming available
to scientists and allow questions to be asked of unprecedented depth.
With respect to chromatin, research over the past decade began to map the
growing number of histone modifications and to link their occurrence with gene
expression and other DNA-templated processes in the cell (Lee et al., 2010). Recent efforts try to identify combinations of modifications as ‘words’ of the proposed
histone modification code (see Section 1.3.1). Evidence suggests that it is necessary to identify such words in their spatial and temporal context of the genome,
to put them together and thereby continuously reveal the principles of syntax and
grammar of the proposed histone crosstalk language (Lee et al., 2010). In order
to profile histone modifications and their regulating enzymatic machineries under
various experimental conditions microarray and sequencing technology will continue to play a central role.
In this chapter I present the bioinformatics pipeline I developed for analyzing
DNA microarray data for profiles of gene expression and chromatin modifications.
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The pipeline uses scripts and programs written primarily in MATLAB, R, Python
and Java that allow a streamlined processing of microarray data, an integration of
other tools and data sets and flexible ways to visualize data and results. While
the following sections focus on technical aspects of the data processing, Chapter 4
presents the results derived through the analysis pipeline in their biological context.

3.3
3.3.1

Wet-lab data generation
Chromatin modification mapping with ChIP-on-chip

Chromatin immunoprecipitation (ChIP) combined with microarrays (ChIP-on-chip)
enables genome-wide profiling of protein-DNA interactions (Lieb, 2003). It served
as a primary technology on the wet-lab side of the collaborative projects described
in Chapter 4 to map various chromatin modifications across the genome of Saccharomyces cerevisiae, also known as budding yeast.
As an extremely versatile tool, ChIP-on-chip allows determining the localization of protein-DNA interactions for almost any protein (or its modifications) of
interest in the context of chromatin (Aparicio et al., 2004). As shown in Figure 3.1, the ChIP-on-chip workflow starts by covalently linking the protein of
interest (POI), such as a histone with its modifications, to the DNA sequence in
vivo and extracting the chromatin complexes from the nucleus. Since a single
cell does not yield enough material for a ChIP-on-chip analysis, larger numbers of
cells have to be used. In the projects described hereafter, 500 ml of budding yeast
cells were grown in a rich medium to an OD600 of 0.8, which represents about
5 · 109 cells. Before chromatin extraction, the cells are exposed for about 20 min
to 1 % formaldehyde to crosslink all permanent and transient proteins associated
with the DNA. While this concentration is not saturating, longer incubations result
in large cross-linked agglomerates of (likely unspecific) proteins. The extracted
chromatin-protein complexes are then sheared into DNA fragments of about 500 bp
in length. An antibody that is mechanically or enzymatically attached to a solid surface or magnetic beads is then used to specifically recognize the POI and thereby
extracting the bound DNA fragments. The cross-linking of DNA and POI is finally
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reversed and the immunoprecipitated DNA fragments are linearly amplified using
two rounds of T7 RNA polymerase amplification (van Bakel et al., 2008) in the
experiments analyzed in Chapter 4. Eventually, the obtained DNA fragments are
labelled with a biotin tag and transferred to a microarray.

Figure 3.1: Overview of the wet-lab workflow for a ChIP-on-chip experiment
to profile chromatin architectural proteins and/or their modifications.
(This schematic was accepted for the Wikipedia project of the Wikimedia Foundation.)
DNA microarrays, or chips, are solid carriers with short DNA oligonucleotides,
so-called probes of 25–60 nt in length. Several tens of thousand up to millions
of copies of a particular probe represent one feature, and the probe sequence and
feature position on the chip is known and catalogued. The most common array
platforms used for ChIP-on-chip experiments are commercial tiling arrays from
companies such as Affymetrix, NimbleGen and Agilent. In the projects described
in this thesis, Affymetrix 1.0R S. cerevisiae GeneChip arrays were used, which
comprise ∼3.2 million features covering the complete genome of budding yeast.
On these arrays, probes are 25 nt in length and tiled at an average of 5 nt resolution,
creating an overlap of approximately 20 nt between genomically adjacent features.
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Once obtained, the amplified and labelled DNA samples are hybridized to an
array and stained with a fluorescent dye. The amount of hybridized sample at each
feature on the array, i.e. the number of bound probes per feature, can then be detected and measured as a function of fluorescence. The emitted fluorescence for
a particular feature represents the relative quantity of sample DNA at the probe’s
genomic position in the immunoprecipitated material. The fluorescence pattern of
the array is captured as a digital image, which is transformed into numerical intensities values for each feature and, in case of the Affymetrix platform, stored as a
CEL-file.
However, the obtained values of an experiment cannot necessarily be fed into
the analysis pipeline right away. Along the steps of the wet-lab workflow, from
crosslinking the proteins with the DNA, to fragmenting the chromatin, to immunoprecipitating, amplifying and hybridizing the samples to the chip, and also saturation effects of the fluorescent dye, can introduce biases due to DNA sequence- and
genomic region-dependent characteristics—called probe effects—and/or biochemical and biophysical aspects (Kimmel and Oliver, 2006). Therefore, it is crucial
for any ChIP-on-chip experiment to identify and correct for these biases. Typically, this is done by measuring a reference signal and dividing signal intensities
obtained from the immunoprecipitated DNA samples by the reference signal intensities (Kimmel and Oliver, 2006).
To generate a reference signal, either genomic DNA (input) or a mock immunoprecipitation (mock IP) are hybridized onto a second array when working with the
Affymetrix platform. An input reference is obtained by using a fraction of the DNA
samples before the rest of the material is immunoprecipitated and treated further as
described above. A mock IP is performed using an unspecific or no antibody at all
to enrich unspecifically bound DNA-fragments before hybridizing them (Kimmel
and Oliver, 2006).
Furthermore, to validate the observed effects and reduce variations based on fluorescence intensities and other potential noise sources, a ChIP-on-chip experiment
is repeated to generate replicates, typically two to three.
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Figure 3.2: Overview of the dry-lab workflow for a ChIP-on-chip experiment
to profile chromatin architectural proteins and/or their modifications.
(This schematic was accepted for the Wikipedia project of the Wikimedia Foundation.)
At the end of the wet-lab portion of the workflow, a CEL file for each sample and
control gets generated that contains the raw data. For the work presented herein,
typically two replicates were generated per experiment. If their Spearman rank
correlation was greater than ρ = 0.9, one representative dataset was used for all
subsequent analysis. For data with lower correlation, quantile normalization across
replicates was used to generate a high-confidence dataset. In either case, the dataset
was computationally processed and mapped (given the catalogued array layout) in
order to determine at which genomic sites the POI or chromatin modification was
present (Figure 3.2). Section 3.5 describes the important steps of this analysis further.

3.3.2

Transcriptome mapping with tiling arrays

As mentioned above, the application range for DNA microarrays is broad and constantly increasing. Besides chromatin modification mapping and other analysis,
DNA microarrays are versatile tools to monitor and compare gene expression levels
and profile the transcriptome (Kapranov et al., 2003; Bertone et al., 2006). In this
type of application, which is often used to reconstruct cellular pathways (Young,
2000) and—as described below—to identify genomic coordinates of transcription
events, gene expression levels are analyzed for a sample and a reference condition.
Observed changes in gene activity between a sample and reference profile allow grouping of genes based on their response, assuming that genes with a common
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regulatory pattern appear in the same pathway or share a common function (Young,
2000). As long as some genes of a group have already been linked to a certain pathway or function, newly identified members can be associated with those, too.
On tiling arrays, the high density of probes allows determining where in the genome
transcription occurs under various conditions and, hence, facilitates the identification of novel functional elements or annotation of unknown genomes (Kapranov
et al., 2003; David et al., 2006).
Due to their resolution power, tiling arrays, which contain overlapping probes,
allow a much more accurate view on a cell’s transcriptome than earlier methods,
which contained fewer probes and were limited in representing the accurate structure of genetic elements (Bertone et al., 2005; Liu, 2007). Some of the first studies with tiling arrays revealed that a larger portion of the genome seemed to be
transcribed than covered by known protein-coding regions (Cawley et al., 2004;
Kapranov et al., 2002). A mere 1–2 % of the mammalian genome sequence encodes for proteins while 70–90 % of the remaining 98 % is transcribed (Kapranov et al., 2007; Mercer et al., 2009). Formerly, this large portion of the genome
was considered to be ‘junk’ DNA, but now emerges as a source of non-coding
RNAs (see Section 1.3.2), antisense, promoter-associated, intergenic and cryptic
transcripts (Claverie, 2005; Katayama et al., 2005; Kapranov et al., 2007; He et al.,
2008; Guttman et al., 2009; Khalil et al., 2009; Mercer et al., 2009).
In Section 4.5, I present an analysis of tiling array data that aided elucidating
an intriguing example of the interplay between cryptic transcription and chromatin
structure. In that work, samples were prepared for array hybridization by synthesizing cDNA from isolated total RNA in S. cerevisiae. The purified cDNA was
fragmented, labelled and hybridized to custom Affymetrix tiling arrays, which contain both strands of the S. cerevisiae genome tiled at 8 bp resolution (David et al.,
2006). Analog to ChIP-on-chip experiments on the Affymetrix platform, numerical
fluorescence intensities obtained from tiling arrays are stored in CEL-files.
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3.4

Raw data processing

Once raw data from the sample and control microarray experiments are available
as CEL files, they have to be processed computationally in several steps. As described above, intensities values between different batches of experiments are not
directly comparable because of the differences in quality and quantity of the labelled sample as well as differences in reagents, stain and array handling. In order
to reduce these biases and to make the probe measurements more comparable, the
data have to be normalized before it can be used to determine enriched regions.
Several algorithms have been developed for normalizing gene expression microarrays (Choe et al., 2005; Grewal et al., 2007). Since these arrays usually have
a low probe density, the algorithms cannot be easily transferred to tiling arrays
used for ChIP studies. The high density probes covering large contiguous regions
of the genome and the overlapping probe layout, require different bioinformatics
approaches (Bolstad et al., 2003). Several tools and methods have been developed
to analyze ChIP-on-chip data of tiling arrays. Widely used are MAT (Johnson
et al., 2006; Droit et al., 2010), Ringo (Toedling et al., 2007),TileProbe (Judy and
Ji, 2009), Tilescope (Zhang et al., 2007), TiMAT1 , Affymetrix Tiling Array Software2 , Splitter3 and MA2C (Song et al., 2007).
A study of several labs comparing these algorithms (Johnson et al., 2008) found
that some algorithms are more suitable than others when applied on data from certain array platforms. For Affymetrix tiling arrays, as used throughout the work
described in this thesis, MAT performed best. The most recent version of the algorithm, rMAT (Droit et al., 2010), was used for all ChIP-on-chip data preprocessing
presented hereafter.
1 http://sourceforge.net/projects/timat2
2 http://www.affymetrix.com/partners programs/programs/developer/tools/affytools.affx
3 http://zlab.bu.edu/splitter
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3.4.1

rMAT

As the most recent implementation, rMAT uses an adapted version of the Modelbased Analysis of Tiling-arrays (MAT) algorithm to reliably detect enriched regions of the genome based on data from a ChIP-on-chip experiment (Johnson et al.,
2006; Droit et al., 2010).
Firstly, rMAT tries to eliminate probe effect biases using a Bayesian approach.
Therefore, for each probe the probe intensity is first estimated based on its sequence composition and then subtracted from the measured intensity. These effects
are corrected for, because probes on an array having a high content of G or C bases
show stronger binding affinity to the chromatin immunoprecipitated sample DNA,
i.e. they tend to have higher intensity values just because of their sequence. This
can be explained by the fact that any G-C base-pairing between probe and sample
is stronger then between A-T because the latter association is based on only two
hydrogen bounds whereas the former on three.
Secondly, rMAT tries to address biases based on the copy number of each
probe. Given that some genomic regions are repetitive, a sample DNA from such
a region may hybridize to any of multiple probes on the array. Therefore, rMAT
attempts to correct measured probe intensities taking the number of existing probe
copies into account.
After these normalization steps, all probe intensities are smoothed using a sliding window approach, and an enrichment score for each probe is calculated that
reflects the occurrence of the protein or modification of interest. Finally, rMAT
uses a scoring function that calls enriched and coherent regions based on a cutoff
or p-value or a false discovery rate (FDR) cutoff.

3.4.2

tilingArray

Biases arising in transcriptome analysis with tiling arrays are similar to those mentioned above for ChIP-on-chip tiling arrays. Therefore, the intensity values of
measured gene expression have to be normalized first. The normalization aims
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to remove variations in the data of non-biological origin due to probe effects and
the like, such that the remaining variation in the data can be considered as much
as possible as truly biological effects. Of the normalization approaches proposed
for tiling arrays, complete data methods—considering the entire data of several
replicates—are commonly used, and quantile normalization in particular performs
best (Bolstad et al., 2003). To account for probe effects, tilingArray further uses
reference intensities of genomic DNA samples to adjust the probe signal intensities
and employs a probe-specific background correction (Huber et al., 2006).
The next step of transcriptome analysis is to obtain an unbiased map of position, abundance and architecture of transcripts by calculating the genomic coordinates of transcript start and stop sites on both strands of the DNA. To identify
transcripts some algorithms used sliding window methods together with threshold criteria (Bertone et al., 2004; Kampa et al., 2004; Royce et al., 2005; Schadt
et al., 2004). Also discrete state hidden Markov models were employed to detect
transcript boundaries (Tjaden et al., 2002). TilingArray increases the prediction
power of these approaches by treating transcript abundance not as a discrete but
continuous metric and modelling the hidden state of the HMM as a real-valued
variable (Huber et al., 2006). The hybridization profiles are then partitioned into
segments of constant intensity values, which are separated by change-points indicating the transcript boundaries. To detect the change-points in hybridization
intensities, tilingArray determines the global maximum of the log-likelihood of a
piece-wise constant model by dynamic programming (Gentleman et al., 2004; Picard et al., 2005).
Once processed by tilingArray, the gene expression data provided an unbiased genome-wide view on the transcriptome, and the subsequent analysis steps
described below built on the results to correlate transcription with chromatin modifications.
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3.5
3.5.1

Data analysis and visualization
Local analysis pipeline

As depicted in Figure 3.3, the software ecosystem used for analyzing DNA microarray data comprised several tools that had to be integrated and interfaced with
external data sources to allow a streamlined processing. Locally running applications and services were hosted on a 64 bit Ubuntu Linux Server 9.10 running
on a dual quad-core Intel Xeon machine with 16 GB of main memory. The normalization and preprocessing of the array data was done in R 2.9 with the rMAT
and tilingArray packages as provided from Bioconductor (Gentleman et al.,
2004). Since neither the packages nor R support native parallel execution of code,
the Sun Grid Engine 6.1 was used as a job management system to pool and batch
process multiple data sets concurrently and thereby utilize the available computational resources more efficiently. Once preprocessed through calling functionalities
of the packages, I developed scripts in R to visualize and plot the data together with
other genomic features (see below for details). Finally, the data sets were exported
from R as BED and GFF files.
BED files are widely adopted and describe genomic features4 . The format
specifies three required and nine optional fields that are saved in a (tab-delimited)
text file. As shown below, a BED file was generated when handling ChIP-on-chip
data that stored the chromosome as well as the start and end coordinates of genomic regions that were called enriched for the chromatin modification of interest
by rMAT.
Similar to BED but greater in flexibility, GFF is an exchange format for describing genes and other features of DNA, RNA and protein sequences5 . It uses
nine tab-delimited fields to store and exchange genomic data. Version 3 of the
GFF specification was used to export genome-wide probe-level ChIP and mRNA
expression data as follows.
4 For
5 For

BED format definition, see http://genome.ucsc.edu/FAQ/FAQformat.html
GFF format definition, see http://www.sequenceontology.org/gff3.html
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Depending on the type of analysis, the generated files were then directly fed
into analysis in MATLAB and/or deposited into a local MySQL 5.1 database,
mostly via Java code in Talend Open Studio 3. As an open-source tool, Talend
Open Studio provides a code generation engine and a graphical integration designer
to flexibly combine, convert, update different (local and remote) data sets, connect
to other data sources and output a variety of formats (http://www.talend.com). Several hundred processing functions and formats are predefined and can be assembled into a data integration configuration, which can be run directly in Open Studio
or standalone using a Java or Perl engine. Batch processing, synchronization of
databases, migration and complex transformation of data are all greatly facilitated
through this tool.
At the core of the genome-wide DNA microarray analysis, I employed MATLAB (R2008a–R2010b) and its toolboxes, primarily because of the conveniences
the language offers for handling multi-dimensional arrays, parallel execution of
code, connectivity with external services (e.g. databases via SQL or web services
via HTTP wrappers), debugging functions of the development environment and interactive options for plotting. In particular, MATLAB scripts were used to perform
analysis and test biological hypothesis as described in the following sections.
Enrichment of genomic features for chromatin modifications. As explained
in Section 1.3.1, chromatin modifications such as histone marks have been associated with gene activity and other DNA-templated processes in the cell. Understanding the distribution of modifications and their localization with respect to
functional genetic elements will provide insights into the underlying epigenetic
regulation mechanisms.
To determine enrichment of histone marks and chromatin modifications for certain
genomic features, I developed a script that uses genomic coordinates saved in BED
files representing enriched regions, and genomic coordinates of genetic features of
interest, e.g. all open reading frames (ORFs) of genes in the S. cerevisiae genome.
Iterating over all chromosomes, the script matches both sets of coordinates and
determines the relative enrichment per feature. According to a user-defined threshold, enriched features, e.g. gene names, are saved.
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Figure 3.3: Software ecosystem of the bioinformatics pipeline. See text for
details on the individual components.
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Subsequently, multiple lists of enriched features can be compared by set operations, such as Union, Intersection and Complement, to determine features with
cooccurrent and exclusive marks. Such analysis aided to reveal the mutually exclusive distribution of H3K79me2 and H3K79me3 in the genome (see Section 4.3
for details).
Similarly, I developed scripts that determine enrichment of other genomic features, such as promoters, centromeres, telomeres, tRNAs, rRNAs, autonomous
replicating sequences and silent mating-type loci. The Saccharomyces Genome
Database (Cherry et al., 1998) served as a primary source of information on such
features, and data was downloaded and stored in tab-delimited files and/or the local
MySQL database. A list of all transcription start and end sites for all transcripts
in S. cerevisiae was kindly provided by Harm van Bakel and is based on data published in Lee et al., 2007.
To determine statistical significances of set cardinalities, e.g. groups of genes
enriched for particular histone marks, Fisher’s exact test (Fisher, 1922) was applied. Similar to the χ 2 -test, Fisher’s test analyzes contingency tables to calculate
the significance of associations between objects and categories. It is more accurate
than the χ 2 -test, especially for small group cardinalities (Agresti, 1992).
The binomial test was used as an exact test statistic when objects were equally
likely to belong to either one of two categories, e.g. enriched or not enriched. In
cases where expected distributions were unknown, Monte Carlo approaches were
employed to generate reference values. For an example based on the latter approach testing significant enrichment of autonomous replicating sequences with
H3K79-methylation marks, refer to Section 4.3.6.
Since not all chromatin modifications are necessarily found across the entire
length of genomic features but localized to distinct segments, partitioning of features is essential to get a more accurate view of their enrichment for particular
marks (Liu et al., 2005). Also, probe-level enrichment scores from GFF data increases the accuracy over BED-file information. I developed an algorithm that
partitions genes into five segments representing their promoter, transcription start
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site, 50 -coding sequence, mid-coding sequence and 30 -coding sequence, and determines their individual enrichment for histone marks. Overlapping of segments was
avoided by applying length constraints. Section 4.4.2 presents results based on this
approach.
Genome-wide visualization of chromatin modifications. While raw numbers may contain all relevant information of an analysis, they are not always necessarily suitable to convey biological meaning efficiently. Graphic visualizations
of results often aid in representing abstract content and reveal information at a
glance (Gehlenborg et al., 2010). Yet, satisfying this claim is often particularly
challenging for genome-wide data. For the case of mapping chromatin modifications with ChIP-on-chip, it is a major goal to access the localization and distribution
of the modifications across the genome.
Genome-wide visualization approaches for ChIP-on-chip and related data can
be distinguished according to the level of detail they achieve resolving. At singlegene resolution, tools like the UCSC Genome Browser (Fujita et al., 2011), offer
the most detailed level of data presentation, typically spread out over several scrollable maps. At this resolution level, I developed visualization scripts in R that generate genome-wide maps of DNA microarray data. Similar to the Genome Browser,
they allow visualization of additional features, such as nucleosome positions, introns, telomere elements, autonomous replicating sequences and silent mating-type
loci, but extent its flexibility in layered plotting of multiple profiles and features,
which, for example, facilitate to qualitatively assess colocalization of chromatin
modifications relatively to genomic elements. Plots of this kind are found in Section 4.3.1 for instance, and aided in formulating initial hypothesis on the influence
of chromatin structure at sites of cryptic transcription (see Section 4.5).
While offering fine-grained information, single-gene maps make it difficult to
derive broader principles when evaluating enrichment profiles of chromatin modifications across all genes since the information is too dispersed. Averaging approaches provide a widely used alternative by first grouping genes—or other genomic features—of similar kind into classes based on common characteristics and
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then calculating the average enrichment profile for each class. Similar to results
derived in previous studies (Pokholok et al., 2005; Mayer et al., 2010), I developed
algorithms to generate average gene profiles based on the degree of enrichment,
gene length or transcriptional frequency. Section 4.4.3 and others present results
of this analysis.
Average profiles can provide a good overview of the distribution of chromatin
marks and their association with certain genomic features, but may also be biased
for the binding profile of the strongest bound genes without revealing how many
exceptions there are. Therefore, dividing features into segments—and thereby normalizing for gene length—as done in previous studies (Venters and Pugh, 2009;
Badis et al., 2008) results in more accurate representations of enrichment profiles.
However, these representations so far typically visualize only certain feature segments individually, e.g. only the 50 -coding sequence of all genes, and thereby inevitably fragment the information again that is necessary for a global assessment
at a glance.
I improved this approach and developed a visualization tool that allows an unbiased view on chromatin modification profiles at a genome-wide scale by sorting
features by length and calculating mean enrichment scores for bins of absolute
size. Thereby, the tool balances detail and compactness of existing visualization
approaches. For details on the tool and how it was used in the work described below, refer to Section 3.5.2.
Colocalization and patterns of chromatin modifications. Chromatin modifications can colocalize on the same or neighbouring nucleosomes and may depend
on each other through pathways collectively refereed to as histone crosstalk (see
Section 1.3.1 for details). A major goal when analyzing chromatin modifications
is to find such patterns of co-occurring modifications—sometimes called ‘words’
of the hypothesized code (Lee et al., 2010)—and to elucidate their dependencies.
To interrogate the global relationship of histone modifications on a probe level,
Spearman’s rank correlation coefficients are widely used (Spearman, 1987). This
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statistic represents a non-parametric test, which discovers the strength and direction of a link between two data sets. As a correlation metric, it is based on ranked
values rather than raw expression/enrichment levels, which makes it less sensitive
to extreme values in the data. In the projects described below, Spearman correlation
coefficients were calculated to assess the reproducibility of replicated microarray
experiments and to find correlations between different chromatin modifications.
On the level of genomic features, potential links between chromatin modifications can be revealed by comparing sets of, for example, feature names or coordinates associated with a modification. Common set operations between multiple
sets resulting in non-empty intersections indicate cooccurances of marks, empty
intersections exclusive enrichments, and so on. Derived results can be checked for
their statistical significance using appropriate test, such as Fisher’s exact test as
described above.
As explained in Section 4.4.2, chromatin modifications do not necessarily occur across the entire length of genomic features, and, hence, colocalization of modifications must be considered on a feature-segment level, too. For the comprehensive analysis of chromatin modification patterns (chromatin signatures) across
transcripts in Section 4.4.2, first all transcripts in the S. cerevisiae genome were
partitioned into five segments and their relative enrichment calculated based on
probe-level GFF data. Secondly, the idea was to automatically group similarly enriched segments.
Clustering provides powerful methods for this purpose and allows organizing
data into a smaller number of relatively homogenous groups. Clustering methods can be distinguished into supervised and unsupervised approaches, in which
the former assign some predefined order to the data, while the latter require no
prior assumptions on how the data is grouped. For microarray data, hierarchical
clustering, k-means, k-nearest neighbour, principal-component analysis and selforganizing maps are commonly applied clustering methods, each with their own
strengths and weaknesses in certain analysis (Nugent and Meila, 2010).
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For the work presented the Section 4.4.2, generally no prior information on
the number of clusters was available. Hence, supervised approaches were disfavoured. Hierarchical clustering based on Euclidean distance between entities
and unweighted average distance (UPGMA) as linkage criteria yielded the most
plausible results to group modification profiles from a biological perspective.
To get a more quantitative measure of occurring chromatin signatures, applying
an enrichment threshold transforms the patterns into binary combinations. For the
five segments discussed in Section 4.4.2, the resulting 32 combinations can then
be characterized further with respect to certain Gene Ontology terms, transcription
factor binding lists and the like. In order to explore the statistical significance of
any overlaps between sets, Fisher’s exact test and a cut-off of p = 0.0001 was applied.
Associations of cellular functions with chromatin modifications. Besides
the genome-wide mapping of chromatin modifications, it is a major goal to access
the association of marked genomic features, typically genes, with cellular functions. In the work presented below, genes as well as gene segments were analyzed
for associations with transcriptional frequencies, transcription factors, Gene Ontology (GO) (Ashburner et al., 2000) terms as well as specific cellular processes of
particular interest. Section 4.3, for instance, presents results that functionally link
histone H3 methylation marks and cell cycle-regulated genes.
For microarray data, exploratory data mining based on GO annotations has
proven effectively in revealing cellular functions and pathways genes of interest
are involved in (Werner, 2008). As the most comprehensive effort to introduce
consistency in naming biological events and properties, the Gene Ontology project
provides a set of structured vocabularies and controlled terms for annotating genes,
gene products and sequences (Ashburner et al., 2000). Represented as a hierarchical graph structure, GO terms allow deriving general as well as specific characteristics of genes depending on their location in the graph. For the genome of
S. cerevisiae, the Saccharomyces Genome Database has used the Gene Ontology
to annotate gene products in the budding yeast. From MATLAB, the ontologies
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can be accessed either remotely or locally after downloading and queried regarding
molecular function to assign activities to gene products, regarding biological process to put those gene functions in their biological context, and regarding cellular
component to determine the subcellular compartments the gene product is found in.
Relationships between individual or combinations of chromatin modifications
and transcriptional regulation were further investigated by testing whether certain
sets of genes or signatures correlated with transcriptional frequencies and/or binding of transcription factors. Therefore, each gene was assigned to its corresponding
transcriptional frequency class (Holstege et al., 1998) and/or compared to publicly
available lists of genes bound by specific transcription factors (MacIsaac et al.,
2006). Examples of this analysis are found in Section 4.3.
Associations of transcription events with chromatin modifications. Building on the analysis results regarding chromatin modifications in the context of transcription, gene expression data were utilized to further complement the intriguing
associations between chromatin structures and transcriptional events.
For the work described in Section 4.5, gene expression experiments were performed to measure the complete transcriptome in different S. cerevisiae strains.
In the analysis of the resulting data sets, features of the tilingArray package (Huber et al., 2006) described above were used together with custom-written
code to first calculate the coordinates and visualize transcription segments on a
genome-wide scale and then to prepare the data for subsequent analysis. Among
those, emphasis was put on the identification of novel and ‘unusual’ transcripts
in certain mutant strains. Capitalizing on database operations together with MATLAB functionality enabled determining the occurrences of cryptic transcription
initiation events, characterized by intragenetic transcript boundaries predicted by
tilingArray, on a genome-wide scale and to integrate ChIP-on-chip data to
allow assessing the observations together with the local chromatin structure. These
analysis aided in formulating several hypothesis regarding a potential relocalization of the histone variant H2A.Z in certain mutant strains and the restructuring of
intragenic chromatin that resemble promoter characteristics and may lead to dis66

cerning dependencies and causalities of chromatin modifications in the context of
transcriptional regulation in the cell.

3.5.2

Web-based analysis and collaboration

While the local bioinformatics pipeline performed well for all aspects of the analysis in the projects described in Chapter 4, ultimately it remains a heterogeneous
software ecosystem that requires acquaintance with several tools, services, languages, file formats and so forth. These aspects can make it labour intensive to
reconfigure pipeline components, integrate new data sources, update or migrate
the setup to a new environment and the like (Davidson et al., 1995). In order to further facilitate synthesizing new scientific knowledge and relationships within large
amounts of data, solutions should strive for homogeneity, portability and flexibility (Ritter et al., 1994; Markowitz and Ritter, 1995; Baker et al., 1998). Hence,
one goal of my work was to identify and modularize components of the pipeline
and facilitate their reuse as plugins for existing web-based bioinformatics environments.
Thanks to the pervasive popularity of the web browser as user interface, the
ubiquitous availability of network access and the separation between logic and
representation, web-based software solutions have become increasingly popular in
bioinformatics research to effectively access data sources and software tools. They
can be broadly classified into data-centred and analysis-centred systems (Stockinger
et al., 2008), although boundaries are not always clear-cut and hybrid solutions may
be advantageous in the long term given the increasing penetrance of cloud-based
computing (Schadt et al., 2010).
Over the last decade, there have been tremendous efforts to increase the userfriendliness of such environments and to facilitate interactions with the algorithms
and data repositories that often allow complex parametrization regarding their input and output data structures. Some of the environments integrating various data
sources and/or analysis tools that found a broader community include—but are not
limited to—Biology Workbench (Subramaniam, 1998), ISYS (Siepel et al., 2001),
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GenePattern (Reich et al., 2006), BioExtract Server (Lushbough et al., 2008) and
Galaxy (Goecks et al., 2010; Taylor et al., 2007).
As one of the most popular, versatile and cloud-ready platforms, the Galaxy
framework integrates a variety of tools, which enable experimentalists without programming expertise to easily retrieve and query local and remote data, perform
genome-scale analysis and visualize the results in a modularized way.
Galaxy. Galaxy is an open-source, extendable, web-based bioinformatics environment, which offers various features and tools for the analysis of genome-scale
data under a unified interface. It is readily available online (http://galaxy.psu.edu)
and downloadable for local installations and customizations. The standard setup already includes over one hundred computational tools and converters for many tasks
and data formats in bioinformatics research. The philosophy of Galaxy, thus, aims
beyond data-centred approaches of projects like BioMart (Smedley et al., 2009) or
the UCSC genome browser (Fujita et al., 2011). Furthermore, Galaxy allows sharing of analysis steps through history functions and collaboration of several people
on entire analysis workflows—including the data. This increases the transparency
of data analysis, facilitates comparisons and the general reproducibility and traceability of how results were derived.
From the local software pipeline for microarray data described above, one visualization approach appealed particularly to experimentalists as it offers great versatility to represent genome-wide chromatin modifications in an accurate yet compact
manner. In the following section, I use this component to exemplify how parts of a
local analysis pipeline can be easily converted for use in Galaxy.
CHROMATRA. The previous sections outline how the rise of DNA microarrays contributed of the transformation of research in biology from a purely labbased towards an information science. As a ‘positive’ result of this transition, the
amount of data now available to biologists allow questions of unprecedented depth
to be addressed. On the other side, however, the increasingly large volume and
complexity of data sets, demands adequate computational methods to analyze and
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also to present the data more effectively.
With respect to the latter aspect of data handling, it remains a challenge to visualize large-scale data effectively such that their biological meaning can be grasped
easily. As described above, existing tools, like the UCSC Genome Browser (Fujita et al., 2011), offer the most detailed level of data presentation but may make
it challenging to derive broader principles in the data since the information is too
dispersed. Averaging approaches, circumvent this problem by condensing the information. They, however, inevitably sacrifice—potentially important—details.
Balancing both detail and compactness of existing visualization approaches,
I developed CHROMATRA (CHRomatin mOdification Mapping Across TRAnscripts), a visualization tool for genome-wide DNA-protein binding and chromatin
modification maps. It portrayals binding events or chromatin modifications profiles
across all transcripts or other genomic features that can be aligned in a comprehensive yet condensed form by accounting for their length and additional characteristics.
CHROMATRA is a set of Python scripts bundled as a plug-in for the Galaxy
bioinformatics platform (Goecks et al., 2010; Taylor et al., 2007). Integration of the
tool into Galaxy is achieved via parameter and user interface descriptions provided
in an XML file. Since CHROMATRA was written in Python it easily integrates
with Galaxy, itself primarily implemented in Python, and has no dependencies on
any (external) libraries not already used by Galaxy.
CHROMATRA consists of two visualization modules, which can be integrated
into the analysis workflow for ChIP-on-chip or ChIP-Seq experiments. As explained in previous sections, the raw data of ChIP experiments are normalized and
enrichment scores are calculated and stored in standardized formats such as BED,
GFF and WIG for subsequent analysis. After these steps, CHROMATRA can be
tied in with the workflow and used to visualize ChIP profiles by reading GFF files
that contain enrichment scores for the entire genome (Figure 3.3).
The first module, CHROMATRA-L, accounts for differences in length of ge69

nomic features, such as genes, and eliminates potential biases in assessing ChIP
profiles as they arise when using non-absolute length scales. It does so by sorting all features by length and calculating mean enrichment scores for bins of absolute size according to user-specified parameters. Therefore, the module requires
gene coordinates to be uploaded, e.g. position information of all transcripts or open
reading frames of an organism. These coordinates can be uploaded by the user or
readily derived from other Galaxy modules in a tab-delimited format. The resulting
enrichment profiles are colour-coded according to user-defined settings and visualized in a heatmap-like plot, which is available for download in different image
formats, such as PNG, PDF or SVG.
The second module, CHROMATRA-T, extends the first one by allowing an
additional metric, such as transcriptional frequency of genes, to be accounted for
when visualizing feature enrichment profiles. The values for the additional characteristic can be specified in the tab-delimited input file that also holds the gene
coordinates. According to user-defined intervals or clusters for the second metric,
CHROMATRA-T first partitions the set of features accordingly and then sorts each
group by length. Enrichment values are subsequently calculated and displayed
as described above. CHROMATRA-T hence allows assessing ChIP enrichment
profiles at a glance according to various feature characteristics and avoids lengthdependent biases.
Section 4.4 describes results visualized with the CHROMATRA approach that
allowed direct comparison of genome-wide ChIP-on-chip data addressing the localization and dependencies of chromatin modifications in the context of transcription. Also, data derived through other ChIP techniques, such as MeDIP-seq (Weber
et al., 2005; Jacinto et al., 2008) or MBD-seq (Serre et al., 2010) can be handled
by CHROMATRA.

3.6

Outlook

CHROMATRA represents an example of how to transform an existing (heterogeneous) local analysis pipeline into a (homogenous) web-based environment such
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as Galaxy, which increases reuse, portability and flexibility of the tools, and enables (remote) project collaborations and greater traceability of analysis. In the
long term, standardization and integration efforts will continue for such platforms.
GenomeSpace from Broad Institute (http://www.genomespace.org), for example,
already integrates Galaxy and other popular tools including Cytoscape, GenePattern, Genomica, Integrative Genomics Viewer and the UCSC Genome Browser
into a meta-workspace. Equipped with cloud-based computational resources, such
efforts seem to provide suitable means to address the data-related challenges genomics, metagenomics and epigenetics projects will pose (Kahn, 2011).
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Chapter 4

Analysis of chromatin
modifications in the context of
transcription
4.1

Synopsis

The overall goal of the projects described in this chapter was to learn more about
the genome-wide distribution and regulation of chromatin modifications, with a
particular focus on histone post-translational modifications, such as methylation,
acetylation and ubiquitination, as well as histone variants and their relationship
with transcription events.
My work aided elucidating the function and distribution of the modification
states of a single histone residue, the distinctive patterns in which multiple histone
modifications cooccur, the spatial and temporal dependencies between different
modifications, and the structure of chromatin at sites of cryptic transcription.
In the first part, the genome-wide distribution of histone H3 lysine 79 di- and
trimethylation was mapped using ChIP-on-chip and subsequent analysis revealed
that the methylation states are mutually exclusive across the genome. This non-
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redundancy suggests that individual states are linked to different cellular functions,
and my analysis revealed that H3 lysine 79 dimethylation was linked to the cell
cycle.
The second part of this chapter presents my analysis of patterns of cooccurring
histone marks, with a particular focus on histone H2B monoubiquitination crosstalk. The first genome-wide map of H2B lysine 123 monoubiquitination (H2BK123ub) in S. cerevisiae was established, and my comprehensive analysis revealed
that H2BK123ub is associated with both its dependent marks H3K4- and H3K79
trimethylation on a genome-wide scale. Furthermore, presented results indicate
that the H2B deubiquitinases Ubp8 and Ubp10 act non-redundantly and remove
H2BK123ub at different genomic loci. Ubp8 acted on loci that were enriched with
H3K4 trimethylation, while Ubp10 removed ubiquitin at sites marked with H3K79
trimethylation.
In the last part of this chapter, my analysis supported studies of chromatin
neighbourhoods at sites of cryptic transcription, which occur when certain chromatin pathways, such as the the Set2/Rpd3 pathway, are impaired. Using tiling
arrays to capture the complete transcriptome of the cell, cryptic initiations sites are
determined across the genome. Furthermore, the localization of the histone variant
H2A.Z at sites of cryptic transcription as well as the role of its deposition complex
are investigated.

4.2

Background

As described in Section 1.3.1, chromatin folds into a hierarchy of complex layers (Misteli, 2007) and serves as a state-encoding memory in the cell. On the
first level of the hierarchy, histone proteins can be post-transcriptionally modified (Bhaumik et al., 2007; Kouzarides, 2007) and modifications can colocalize
in various combinations, thereby defining distinct chromatin signatures and patterns (Bhaumik et al., 2007; Kouzarides, 2007).
One of the first described post-translational modifications of histones was methy-
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lation of lysine residues (Murray, 1964). It is one of the most stable epigenetic
marks and proposed to serve as a core epigenetic mark during cell state inheritance and cellular memory in general (Radman-Livaja et al., 2010; Muramoto et al.,
2010; Lan and Shi, 2009). Although initially considered to be non-reversible, several demethylases have been discovered over the past years (Mosammaparast and
Shi, 2010).
Distinct states of histone modifications. To date, three histone methyltransferases have been identified in S. cerevisiae: Set1/COMPASS, Set2 and Dot1 (Shilatifard, 2006). They are responsible for methylation of lysines 4, 36 and 79 on
histone H3 (H3K4, H3K36 and H3K79), respectively. In that process, each lysine residue can be either mono-, di- or trimethylated (e.g. H3K79me1, -me2 or
-me3) (Shilatifard, 2006).
Histone H3 methylation occurs in distinct regions of the genome and in different segments of genes, which are associated with particular stages of the transcription cycle that comprises transcription initiation, elongation and termination.
H3K4me3, for example, is found at the 50 -end of genes (Bernstein et al., 2002;
Briggs et al., 2001; Krogan et al., 2003b; Miller et al., 2001; Ng et al., 2003b;
Santos-Rosa et al., 2002; Pokholok et al., 2005) where transcription initiation occurs.
H3K36 methylation, in contrast, is located towards the 30 -end of open reading
frames and associated with transcription elongation (Pokholok et al., 2005; Strahl
et al., 2002).
While H3K79 methylation has also been implicated with DNA repair and telomeric silencing (Lacoste et al., 2002; Ng et al., 2003a; van Leeuwen et al., 2002)
its connection with the transcriptional process are not well understood yet. This
uncertainty can be largely attributed to the unsettled debate in the field whether
different methylation states of H3K79 have similar—possibly even redundant—or
distinct functions.
The work presented in the first part of this chapter, addresses the debated redundancy of lysine 79 methylation states by mapping H3K79 di- and trimethyla74

tion genome-wide using chromatin immunoprecipitation (ChIP) followed by highresolution DNA microarray profiling (ChIP-on-chip). My data analysis contributed
to the finding that H3K79 methylation states are mutually exclusive across the
genome and that individual states are linked to different cellular functions. In particular, H3K79 dimethylation was linked to the cell cycle and found to be enriched
at M/G1 cell cycle-regulated genes as well as in Swi4/6-bound promoters.
In S. cerevisiae, more than 800 genes are known to be cell cycle-regulated
and their expression peaks periodically in either one of the M, G1, S or G2 cycle phases (Spellman et al., 1998). A key mechanism driving cell cycle control is
the regulatory interconnection and temporal orchestration of transcriptional activators (Simon et al., 2001). Often, transcription factors function specifically during one cell-cycle stage and control the expression of transcriptional activators
for a subsequent one, thereby forming a feed-forward regulatory circuit to ensure
an ordered progression through cell division. One of those is the heterodimeric
transcription factor complex SBF (SCB-binding factor) consisting of Swi4 and
Swi6 (Breeden, 1996; Andrews and Herskowitz, 1989). They bind the repeated
regulatory sequence SCB (Swi4,6-dependent cell cycle box) upstream of the genes
they activate during G1/S phase transition (Harbison et al., 2004; Iyer et al., 2001;
Simon et al., 2001).
The role of chromatin modifications in transcription control has been intensively studied in recent years (Hogan et al., 2006; Kaplan et al., 2008). However,
many questions remain to be answered regarding chromatin structure and the role
that chromatin alterations play in normal cell-cycle progression and transcriptional
regulation. The results presented in the first part of this chapter aided in revealing a
novel connection between H3K79me2 and the SBF transcriptional activation complex.
Interdependencies of histone modifications. Post-translational histone modifications may occur individually or in combination on the same nucleosome, resulting in their cooperative function in specific chromatin neighbourhoods (Suganuma
and Workman, 2008). The spatial proximity of histone modifications sometimes
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underlies causal relationships and dependencies based on histone crosstalk (Latham
and Dent, 2007; Suganuma and Workman, 2008).
One striking example is the evolutionary conserved trans-tail histone crosstalk
between H2BK123 monoubiquitination (H2BK123ub) and H3K4- and H3K79trimethylation, in which H2BK123ub is required for the addition of H3K4me3
and H3K79me3 (Shilatifard, 2006). This regulatory pathway acts unidirectional,
as mutations that eliminate either H3K4me3 or H3K79me3 have no effect on H2B
ubiquitin levels (Dover et al., 2002; Sun and Allis, 2002; Briggs et al., 2002).
H2BK123ub is established by the Rad6/Bre1 ubiquitin ligase complex, and consistent with roles in transcription initiation and elongation, it is found in gene promoter and their coding regions (Dover et al., 2002; Hwang et al., 2003; Robzyk
et al., 2000; Wood et al., 2003a). Numerous aspects of the transcription cycle
are associated with H2BK123ub. Bre1 is required for the recruitment of Rad6 to
promoters, and Rad6 necessitates the PAF complex to associate with RNA Polymerase II (RNAPII) and travel with its elongating form into coding regions (Xiao
et al., 2005; Wood et al., 2003a). Consistently, for proper establishment of H2BK123ub, the transcription elongation complexes PAF and BUR are essential (Krogan et al., 2003b; Wood et al., 2003b; 2005).
While it is already known that H2BK123ub is linked to H3K4 and H3K79
methylation, its role in establishing these marks has not been elucidated on a
genome scale due to the lack of a suitable antibody. As part of the project described in this chapter, the first genome-wide map of H2BK123ub in S. cerevisiae
was established, and the localization of H2BK123ub was compared to H3 methylation marks. My comprehensive analysis revealed that H2BK123ub is associated
with both dependent marks H3K4me3 and H3K79me3 on a genome-wide scale.
Furthermore, the global genomic analysis demonstrates that monoubiquitination
of histone H2BK123 cooccurs in distinct combinations with histone H3 methylation marks in promoters, the 50 -end, the body and the 30 -end of genes.
In contrast to methylation marks, which are relatively stable and small, monoubiquitination is a transient and large protein tag of 76 amino acids (Hochstrasser,
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1996). In S. cerevisiae, H2BK123ub is removed by the ubiquitin-specific proteases
Ubp8 and Ubp10 (Weake and Workman, 2008).
Ubp8 is a subunit of the Spt-Ada-Gcn5-acetyltransferase (SAGA) complex, and
the integrity of SAGA is required for Ubp8 deubiquitination activity (Daniel et al.,
2004; Henry et al., 2003; Ingvarsdottir et al., 2005; Lee et al., 2005; Powell et al.,
2004). Deubiquitination of H2BK123 by Ubp8 triggers the recruitment of Ctk1,
which is involved in phosphorylating serine 2 at the C-terminal domain (CTDS2ph)
of RNA polymerase II (Wyce et al., 2007).
In contrast, Ubp10 (also known as Dot4) acts independently of SAGA and is associated with telomeric silencing (Emre et al., 2005; Gardner et al., 2005). Ubp10
binds to the silencing protein Sir4, is enriched in silenced loci, but its function
is not restricted to heterochromatic regions (Gardner et al., 2005; Kahana and
Gottschling, 1999).
Given these differences, it is likely that Ubp8 and Ubp10 deubiquinate distinct
pools of H2BK123ub in the cell. This is further supported by deletion of both proteases resulting in a higher global increase of H2BK123ub level than either one
of the single deletions alone (Emre et al., 2005; Gardner et al., 2005). However,
the site-specific roles of Ubp8 and Ubp10 have not been investigated on a genome
scale.
In the second part of this chapter, the presented results indicate that Ubp8 and
Ubp10 act non-redundantly and remove H2BK123ub at different genomic loci.
Ubp8 acted on loci that were enriched with H3K4me3, while Ubp10 removed ubiquitin at sites marked with H3K79me3.
Aberrant transcripts and their chromatin structure. Besides post-translational modifications, histone variants can alter chromatin structure and affect or
regulate cellular processes. These variants are deposited into specific chromatin
regions and differ from their canonical counterparts in primary amino acid sequence (Talbert and Henikoff, 2010). H2A.Z is one such variant and is deposited
into chromatin by the ATP-dependent complex SWR1-C (Kobor et al., 2004; Krogan et al., 2003a; Mizuguchi et al., 2004). It is mainly localized to promoter
regions of genes and has been proposed to play a role in transcriptional regula77

tion (Guillemette and Gaudreau, 2006). Furthermore, H2A.Z, together with components of the RNAi machinery, has been proposed to suppress antisense transcripts in the S. pombe genome (Zofall et al., 2009), pointing at its essential role in
transcriptional control.
The regulation of chromatin is not only essential for a controlled progress
through the transcription cycle, but also influences the accurate choice of transcript
initiation sites. In cells lacking certain chromatin regulators, initiation of transcription occurs inappropriately within the protein-coding regions of genes, indicating
that under altered genetic or physiological conditions, the expression of alternative
genetic information may occur (Kaplan et al., 2003; Carrozza et al., 2005; Cheung
et al., 2008; Joshi and Struhl, 2005). This phenomenon, called cryptic or spurious
transcription, indicates that the precise organization of chromatin along transcription units is crucial to direct transcription factors and RNA polymerase to proper
start sites within genes.
One of the chromatin regulators, involved in the suppression of cryptic transcripts is the methyl-transferase Set2. As mentioned above, Set2 interacts with
RNA polymerase II during transcription elongation and methylates H3K36 cotranscriptionally (Strahl et al., 2002; Krogan et al., 2003c). H3K36 methylation
was shown to act as a signal to recruit the histone deacetylase complex Rpd3S,
which deacetylates histones within transcribed sequences. The removal of histone
acetylation is an important step to prevent cryptic transcription, because histone
acetylation marks open chromatin and increases accessibility of the transcription
machinery. This process can be understood as a kinetic proofreading scheme to ensure correct transcription initiation (Blossey and Schiessel, 2008). If the proper deacetylation in open reading frames is defective, for example in the absence of Set2,
spurious transcription initiation occurs from cryptic start sites within ORFs (Carrozza et al., 2005; Lickwar et al., 2009). However very little is known how transcription is initiated from cryptic promoters and how the chromatin structure is
altered (Pattenden et al., 2010).
In the following part, the localization of the histone variant H2A.Z at sites of cryptic transcription is analyzed and the role of its deposition complex investigated.
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4.3
4.3.1

Distinct states of histone modifications
Genome-wide localizations of H3K79me2 and H3K79me3

Little is known about the distinct functions of H3K79me2 and H3K79me3 marks
in the cell, and a redundancy in their roles was proposed in budding yeast (Frederiks et al., 2008; Shahbazian et al., 2005). To better understand the relationship of
H3K79 di- and trimethylation as well as elucidate a possible role for H3K79me2
in cell cycle progression, a comprehensive genome-wide map of these modifications was established via ChIP-on-chip experiments using high-resolution tiling
microarrays. Protein-DNA complexes containing either di- or trimethylated forms
of histone H3K79 were specifically immunoprecipitated with antibodies against
H3K79me2 and H3K79me3, respectively.
In order to reliably detect enriched regions, an adapted version of the Modelbased Analysis of Tiling arrays algorithm (rMAT, see Section 3.4.1 for details) (Johnson et al., 2006; Droit et al., 2010) was applied, comparing signal intensities between ChIP and genomic DNA to calculate the protein-binding profile. Spearman
rank correlation coefficients of ρ = 0.9 in average indicated high reproducibility
and robustness of the performed replicates, typically two per experiment.
Intriguingly, H3K79me2 and H3K79me3 were localized to different regions of
the genome and had distinct and mutually exclusive patterns on chromatin (Figure 4.1A). In total, H3K79me2 covered ∼22 % and H3K79me3 ∼35 % of the genome
with only 2 % overlap, suggesting that these H3K79 methyl marks were associated
with distinct genomic regions.
To compare the localization data with known genome-wide nucleosome occupancy
data, H3K79 methylation profiles were overlaid with nucleosome position data
predicted by a Hidden Markov Model (HMM) (Lee et al., 2007) (Figure 4.1A).
Despite slight differences in resolution, enriched regions (blue and red bars in Figure 4.1A) colocalized with regions of known nucleosome occupancy (green bars in
Figure 4.1A).
To further ensure that these profiles truly reflected specific H3K79 methylation
marks recognized by the two antibodies, control experiments were performed in a
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Figure 4.1: H3K79me2 and H3K79me3 patterns across the genome.
A: High-resolution profile of H3K79me2 and H3K79me3. Representative for the entire genome, regions of chromosome four and eight were
plotted along the x-axis against the relative occupancy of H3K79me2
and H3K79me3 on the y-axis. ORFs are indicated as rectangles above
the axis for Watson genes and below the axis for Crick genes. Green
boxes represent HMM-predicted well-positioned and fuzzy nucleosome
positions derived from Lee et al., 2007. B: Venn diagram comparing the
number of H3K79me2- and H3K79me3-enriched ORFs. C: Average
lengths of H3K79me3- and H3K79me2-enriched genes. Boxplots show
the lengths of 6576 ORFs in yeast as well as the lengths of H3K79me3and H3K79me2-enriched ORFs.
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strain lacking the H3K79 methyltransferase Dot1, in which H3K79 methylation
is completely eliminated. The genome-wide control profiles showed randomly
scattered background peaks and a trend toward occupancy of repetitive regions,
demonstrating that the antibodies were specific for their respective H3K79 methylation state.

4.3.2

Profile of H3K79me2 and H3K79me3 at promoters and ORFs

Having established the detailed maps of H3K79 di- and trimethylation, we sought
to understand the general features of the occupied regions. Genome-wide analysis revealed that H3K79me2 and H3K79me3 covered 1866 and 2350 of 6576 total
open reading frames, respectively. As expected, the two sets of ORFs enriched with
either H3K79 di- or trimethylation overlapped in very few genes (Figure 4.1B).
Interestingly, H3K79me3-enriched ORFs were longer (median 1815 bp) whereas
H3K79me2-enriched ORFs were shorter (median 848 bp) relative to the average
ORF (median 1067 bp) (Figure 4.1C).
To visualize the average profile of ORFs marked with H3K79me3 and H3K79me2, all enriched ORFs were aligned according to the location of translation
initiation and termination sites, similar to an earlier published analysis (Pokholok
et al., 2005) (Figure 4.2). Consistent with previous studies (Pokholok et al., 2005),
H3K79me3 was uniformly enriched within the protein-coding region of genes (Figure 4.2A). In contrast, H3K79me2-enriched ORFs showed that H3K79 dimethylation was not only found in the protein-coding regions of genes, but also covered
their promoter region (Figure 4.2B). Overall, H3K79me3 was found in only a few
promoters, whereas H3K79me2 covered promoter regions more frequently.
Promoters comprise a fraction of the intergenic region that are defined as regions
that do not encode protein. Consistent with higher occupancy of H3K79me2 in
promoter regions, H3K79me2 covered ∼20 % of the intergenic regions, whereas
H3K79me3 covered less than 4 %.
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Figure 4.2: Distribution of H3K79me2 and H3K79me3 across genes. Average profiles of A: H3K79me3- and B: H3K79me2-enriched ORFs. A
gene was considered to be enriched if at least 50 % of its ORF was
covered by the modification. ORFs were aligned according to their
translational start and stop sites, similar to an approach by the Young
lab (Pokholok et al., 2005). Each ORF was divided into 40 bins of equal
length, probes were assigned accordingly, and average enrichment values were calculated for each bin. Probes in promoter regions (500 bp
upstream of transcriptional start site) and 3’ UTR (500 bp downstream
of stop site) were assigned to 20 bins, respectively. The average enrichment value for each bin was plotted.

4.3.3

Association of H3K79me2 and H3K79me3 with transcription

In order to examine the correlation between H3K79 di- and trimethylation and
gene expression, enriched genes were assigned into five different classes according to their transcription rate (Holstege et al., 1998), and a composite occupancy
profile for each class was determined (Figure 4.3A–B). Genes enriched for H3K79
dimethylation had a tendency to be present at higher levels in transcriptionally less
active genes mainly toward their 50 -end and promoter region (Figure 4.3B). Consistent with previous findings (Pokholok et al., 2005), no clear correlation to transcriptional activity of genes and enrichment for H3K79 trimethylation was found
(Figure 4.3A). Genes with lower expression levels were enriched for H3K79 diand trimethylation with similar ratios (Figure 4.3C). An exception, however, was
the small group of the most highly expressed genes. These genes had very low
levels of H3K79 di- and trimethylation in their promoters as well as in their ORFs.
Gene expression has been reported to correlate inversely with nucleosome occu82

Figure 4.3: Association of H3K79me2 and H3K79me3 with transcriptional
frequency. Average profiles of A: H3K79me3- and B: H3K79me2enriched ORFs according to transcriptional activity. All genes for which
information was available (Holstege et al., 1998) were divided into five
classes according to their transcriptional rate. Average gene profiles
were computed and plotted as described in Figure 4.2. C: Percent enrichment of H3K79 di- and trimethylated ORFs in different transcriptional classes. As before, genes were divided into five classes according
to their transcriptional activity (Holstege et al., 1998), and the percent
overlap with H3K79 di- and trimethylated ORFs was plotted.
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pancy in promoters (Lee et al., 2007), so it was not surprising to find low H3K79
di- and trimethylation in these promoters. However, coding regions of highly expressed genes have been shown to be more occupied by nucleosomes than lower
expressed genes (Lee et al., 2007). Therefore, ORFs of highly expressed genes are
devoid of H3K79 di- and trimethylation despite the dense occupancy with nucleosomes.

4.3.4

Association of H3K79me2 and H3K79me3 with the cell cycle

Because of the cell-cycle dependence of H3K79me2, we tested if H3K79 dimethylmarked genes were regulated during the cell cycle. In budding yeast, ∼800 genes
change their transcriptional profile and peak in certain stages of the cell cycle (Spellman et al., 1998). We compared ORFs enriched for H3K79 di- and trimethylation
with the different classes of cell cycle-regulated genes (Figure 4.4), and asked if
the overlap was significant using Fisher’s exact test (Tavazoie et al., 1999).
Indeed, M/G1-regulated genes were significantly enriched for H3K79me2, but
were not enriched for H3K79me3 (Figure 4.4). In contrast, genes regulated in
the G2 phase showed a significant occupancy with H3K79me3, but are not marked
by H3K79me2 (Figure 4.4). These results suggest that H3K79 methylation is not
random, but rather that it is regulated in conjunction with progression through the
cell cycle and might be involved in periodic transcription of genes during distinct
cell-cycle phases.

4.3.5

Dynamics of H3K79me2 and H3K79me3 during the cell cycle

Protein blot analysis suggested that bulk levels of H3K79me2, but not H3K79me3,
changed during the progression of the cell cycle, with reduced levels in G1 and
elevated levels in G2/M. To test if levels of H3K79me2 fluctuated at the level of
single genes during the cell cycle, ChIP-on-chip assays were performed using chromatin of nocodazole-arrested yeast cells and compared to asynchronous cells. In
nocodazole, cells are arrested in the G2/M phase of the cell cycle and should have
the highest level of H3K79me2, while asynchronous cells have a mixed distribution of G1, S, and G2/M phase cells. While H3K79me2 profiles in asynchronous
and G2/M-arrested cells were overall similar, with a Spearman rank correlation
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Figure 4.4: Association of H3K79me2 and H3K79me3 with the cell cycle.
Overlap of H3K79me2- and H3K79me3-enriched ORFs with transcriptionally regulated genes for each cell-cycle stage (Spellman et al., 1998).
Numbers below the x-axis represent total number of genes with periodic transcription. Numbers above the x-axis represent the overlap of
these genes with those enriched for H3K79me2 and H3K79me3. The
percentage of the overlap was plotted on the y-axis. A: H3K79me2enriched ORFs in asynchronous cells. Expected by chance are 28 %
(1866 H3K79me2-enriched ORFs out of 6576 total). B: H3K79me3enriched ORFs in asynchronous cells. Expected by chance are 36 %
(2350 H3K79me3-enriched ORFs out of 6576 total). The p-values were
calculated using Fisher’s exact test.
coefficient of ρ = 0.69, a detailed analysis revealed important differences between
them. In asynchronous cells, ORFs enriched for H3K79me2 significantly overlapped with genes whose expression is regulated in M/G1 (Figure 4.4).
Interestingly, ORFs enriched for H3K79me2 in G2/M-arrested cells significantly
overlapped not only with M/G1- but also with G1-regulated genes (Figure 4.5A).
Moreover, this effect expanded into the promoter region of genes, since promoter
regions of M/G1- and G1-regulated genes were also significantly enriched for
H3K79me2 in G2/M-arrested cells (Figure 4.5B). This result suggests that M/G1and G1-regulated genes are marked in their ORF and promoter by H3K79me2 during cell-cycle stages (G2/M) when these genes are inactive.
In contrast to H3K79me2, global levels of H3K79me3 were not altered during
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Figure 4.5: Association of H3K79me2 with the cell cycle in G2/M-phase.
Overlap of H3K79me2-enriched ORFs in G2/M-arrested cells with transcriptionally regulated genes for each cell-cycle stage (Spellman et al.,
1998). A: H3K79me2-enriched ORFs in G2/M-arrested cells. Expected
by chance are 38 % (2444 H3K79me2-enriched ORFs out of 6576 total). B: H3K79me2-enriched promoters in G2/M. Expected by chance
are 23 % (1483 H3K79me2-enriched promoters out of 6576 total).
the cell cycle. In order to confirm this observation on a single-gene level, the
H3K79me3 profile in G2/M-arrested cells was determined. As expected, the profiles of the asynchronous and G2/M-arrested cells were similar, occupied the same
regions, and correlated with a Spearman rank correlation coefficient of ρ = 0.91.
Consistent with the observations in asynchronous cells, H3K79 di- and trimethylation had distinct and mutually exclusive patterns on chromatin in the G2/M phase
and overlapped in only 1 % of the genome.

4.3.6

H3K79me2 at intergenic regions and ARS in G2/M-phase

To further characterize similarities and differences between H3K79me2 in asynchronous and G2/M-arrested cells, we concentrated on typical genomic features.
It is known that nucleosome occupancy does not exhibit large, global variation
between cell-cycle phases (Hogan et al., 2006), and observed changes in H3K79
dimethylation pattern during the cell cycle were most likely not due to global
changes in nucleosome occupancy.
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Visualizing the average profile of all genes occupied by H3K79me2 in G2/Marrested cells showed that, similar to asynchronous cells, H3K79 dimethylation
was not only found in the protein-coding regions of genes, but also covered their
promoters (Figure 4.6A). The trend toward occupancy of less-transcribed genes
was weaker in G2/M-arrested cells compared to the asynchronous data set, but the
relative height of the H3K79 dimethylation profile followed precisely the decreasing order of transcriptional activity (Figure 4.6B).

Figure 4.6: Association of H3K79me2 with ORFs and transcription in G2/Mphase. A: Average profile of H3K79me2-enriched ORFs in G2/Marrested cells. The profile for the average enriched ORF was determined
as explained in Figure 4.2. B: Average profile of H3K79me2-enriched
ORFs in G2/M-arrested cells according to their transcriptional activity.
The profile was determined as described in Figure 4.3.
Not only promoters were enriched more frequently with H3K79me2 in G2/Marrested cells, but also intergenic regions in general. Indeed, they were found to be
covered to ∼50 % in G2/M-arrested cells compared to ∼20 % in the asynchronous
data set.
To further characterize additional chromosomal features for their enrichment with
H3K79 di- and trimethylation, we focused on origins of replication (ARSs for autonomously replicating sequences) and centromeres. Intriguingly, ARSs were significantly enriched (131 out of 274, p < 3 · 10−14 ) for H3K79me2 in the G2/M
phase. In contrast, low ARS occupancy of H3K79 di- and trimethylation (17 and
3 ARSs out of 274) was detected in asynchronous cells. The significant overlap of ARSs with H3K79me2 in G2/M-arrested cells indicates a potential role of
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H3K79me2 in maintaining ARSs in their inactive state. In yeast, the single centromeric nucleosome contains a specialized H3 variant, Cse4, in place of canonical histone H3. Consistent with replacement of H3 at the centromere, neither
H3K79me2 nor H3K79me3 antibodies enriched for CEN sequences in either the
asynchronous or G2/M data set.

4.3.7

Association of H3K79me2 with the transcription factor Swi4

Genome-wide analysis of SBF-binding sites by ChIP-on-chip using the DNAbinding subunit Swi4 revealed that the SBF binds to promoters of genes expressed
in G1/S (Harbison et al., 2004; Iyer et al., 2001; Simon et al., 2001). A comparison
of H3K79me2-enriched promoters to the 137 promoters bound by Swi4 (Iyer et al.,
2001) gave a significant overlap in G2/M-arrested cells (Figure 4.7). This overlap
was not significant for H3K79me2-enriched promoters and ORFs in asynchronous
cells, perhaps indicating that H3K79me2 is a consequence of SBF-binding/transcription earlier in the cell cycle. In contrast, ORFs and promoters enriched with
H3K79me3 showed significantly lower overlap than expected by chance (based
on Fisher’s exact test) and no overlap with Swi4-bound genes, respectively (Figure 4.7). This analysis showed that a significant number of SBF-regulated genes
were H3K79 dimethylated in their promoter during G2/M.

4.3.8

Colocalization of H2BK123ub with H3K79me3

Given the results demonstrating that the patterns of H3K79 di- and trimethylation
on chromatin are mutually exclusive (Figure 4.1), we next sought to understand the
mechanism by which a single-enzyme Dot1 can distinguish between sites of diversus trimethylation. The appearance of H3K79me2 after replication in S phase
could be explained by either the de novo establishment of the methyl mark or the
demethylation of an existing H3K79me3 mark resulting in H3K79 dimethylation.
The latter would require regions that were dimethylated in G2/M to be trimethylated during G1/S transition. We ruled out this possibility, because ChIP-on-chip of
H3K79me3 in G1-arrested cells showed that regions that are dimethylated in G2/M
were not trimethylated in G1, and the profiles of H3K79 trimethylation were similar in G1- and G2/M-arrested cells with a Spearman rank correlation of ρ = 0.82.
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Figure 4.7: Association of H3K79me2 with the transcription factor Swi4.
Venn diagram showing overlap of the 137 Swi4-bound genes (Iyer et al.,
2001) with H3K79me2- and H3K79me3-enriched ORFs and promoters,
respectively. H3K79me2-enriched promoters in G2/M-arrested cells
showed significant overlap with Swi4-bound genes based on Fisher’s
exact test. H3K79me3-enriched ORFs and promoters show significant
underrepresentation of Swi4-bound genes. Promoters were called enriched when 450 bp upstream of the ORF were covered by the methyl
mark.

Based on these observations, it seems to us that demethylation of H3K79me3
may not be the main method by which yeast cells regulate the pattern of H3K79me2
and H3K79me3; however, it remains possible that the trimethyl state could be
achieved transiently and quickly removed in G1. Given the data, we hypothesize
that H3K79 di- and trimethylation are established independently, and additional
factors control the distribution of di- versus trimethylation.
One major candidate is monoubiquitination of lysine 123 on histone H2B mediated by Rad6/Bre1, which is known to be required for proper H3K79 trimethylation. Since ChIP-on-chip studies indicated that the patterns of H3K79 di- and
trimethylation are mutually exclusive and have ∼2 % overlap throughout the yeast
genome, we hypothesize that the pattern of H2B monoubiquitination could control
distribution of H3K79 di- versus trimethylation on chromatin. Based on this hypothesis, we predict that factors required for H3K79me3 should function through
the regulation of H2B monoubiquitination.
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To test the hypothesis that H2BK123 monoubiquitination determines the pattern of H3K79 trimethylation and colocalizes with H3K79 tri- but not dimethylation,
a polyclonal antibody was developed specifically recognizing monoubiquitinated
H2BK123. Employing this antibody, we determined a comprehensive genomewide map of H2BK123 ubiquitination via ChIP-on-chip (Figure 4.8A). To ensure
the specific enrichment of H2BK123ub over unmodified H2B, nonspecific binding
was blocked with H2B peptide during the immunoprecipitation step. In addition,
H2BK123ub enrichment data were normalized using an H2BK123A mutant profile
obtained from an identical ChIP-on-chip experiment.
Intriguingly, H2BK123ub colocalized with H3K79 trimethylation at many genomic
loci, but showed distinct and mutually exclusive patterns with H3K79 dimethylation (Figure 4.8A). Overall, high-confidence regions colocalized with H3K79
trimethylation, and only a very minor fraction overlapped with H3K79 dimethylation (Figure 4.8B). As expected from this analysis, very similar distributions existed at the ORF level, where 812 out of 2350 H3K79 trimethylated ORFs were
marked by H2BK123 ubiquitination, but only 45 out of 1866 H3K79-dimethylated
ORFs were enriched for H2BK123 ubiquitination (Figure 4.8C).
Since H3K79 dimethylation and H2B monoubiquitination were mutually exclusive on a genome-wide level, we predicted the link of H3K79me2 to genes
expressed specifically during the cell cycle to be independent of H2B monoubiquitination pattern. Indeed, cell cycle-regulated genes, especially those regulated in
M/G1, were not marked by H2B ubiquitination (Figure 4.8D).
Taken together, these findings suggest that the regulation of H2BK123 monoubiquitination is linked to H3K79 tri- but not dimethylation and could play role in
distinguishing the genome-wide establishment of H3K79 di- versus trimethylation.
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Figure 4.8: Colocalization of H2BK123ub with H3K79me3. A: Overlay of
H2BK123ub, H3K79me2, and H3K79me3 profiles. Sample genomic
positions for chromosomes 8 and 10 were plotted along the x-axis
against the relative occupancy of the indicated histone modifications
on the y-axis. ORFs are indicated as rectangles above the axis for Watson and below the axis for Crick strand. B: Diagram summarizing the
percentage of genome-wide occupancy of H3K79me2 and H3K79me3
and their overlap with H2BK123ub. C: Diagram illustrating the overlap of H3K79me2 and H3K79me3 enriched with H2BK123ub-enriched
genes. D: Overlap of H2BK123-ubiquitinated ORFs with transcriptionally regulated genes for each cell-cycle stage (Spellman et al., 1998).
Numbers below and above the x-axis represent the total number of genes
in each cell-cycle class and their overlap with H2B-ubiquitinated genes,
respectively. The percentage of overlap is plotted on the y-axis with a
dashed line indicating the percentage expected by chance. The p-values
were calculated using Fisher’s exact test.
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4.4
4.4.1

Interdependencies of histone modifications
Genome-wide distribution of H2BK123ub and H3 methylation
marks with respect to gene length and transcriptional
frequency

To illuminate the chromatin network around H2BK123ub in S. cerevisiae, H2BK123ub, its dependent marks H3K4- and H3K79 methylation as well as the transcription elongation mark H3K36me3 were mapped using high-resolution tiling arrays. These profiles allow a comprehensive analysis to elucidate the co-occurrences
and dependencies of H2BK123ub and H3 methylation in the context of transcriptional regulation across the genome. H2BK123ub and the H3 methylation marks
measured here were strongly enriched in genomic regions transcribed by RNAPII,
but mostly absent from other genomic features such as telomeres, centromeres, the
rRNA locus, ARSs and tRNAs (Table 4.1).
Table 4.1: H2BK123ub and H3 methylation at different genomic features.
Overlap of investigated histone modifications with different genomic features like rRNAs, tRNAs, autonomously replicating sequence (ARS),
centromeres (CENs) and telomeres (TEL). rRNAs, tRNAs, ARS and
CENs were called associated when 100 % of underlying probes had an
enrichment score above a threshold of 1.5. Telomeres were called enriched when at least 50 % of the underlying probes had an enrichment
score above a threshold of 1.5.
Feature
Total
H2BK123ub WT
H3K4me3
H3K36me3
H3K79me3
H3K79me2
H2BK123ub ubp8∆
H2BK123ub ubp10∆

rRNA

tRNA

ARS

CEN

TEL

25
0
1
0
0
0
0
0

275
0
4
0
0
0
1
2

274
4
9
3
3
16
5
4

16
0
1
0
0
0
0
0

32
0
0
0
0
1
0
0
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Therefore, the analysis was focused on RNAPII transcripts, and a compact yet
comprehensive visualization approach (CHROMATRA) was developed (see Section 3.5.2) to assess the distribution of histone modifications across all transcripts
at once, while accounting for gene length and transcriptional frequency. In this
approach, enrichment scores of each modification were calculated using a 150 bp
frame and colour-coded for all known transcripts, which were aligned according
to their transcription start sites (TSS) and sorted by their length (Figure 4.9). Extending previous studies mapping H3 methylation in S. cerevisiae (Pokholok et al.,
2005), our platform and visualization achieved greater resolution and avoided ambiguities caused by averaging effects in gene length.
H2BK123ub covered the entire coding sequence of genes and extended into some
promoters (Figure 4.9), which agrees with studies in human cells (Minsky et al.,
2008). H3K4me3 was localized in the 50 -end of almost all transcripts and sharply
peaked just downstream of the TSS. In contrast, H3K36me3 covered the entire
body of transcripts almost uniformly. The lateral distribution of H3K79me3 followed a similar shape, but was less pronounced towards the 30 -end and intensified with increasing transcript length. As shown above, the profile of H3K79me2
was mutually exclusive to the one of H3K79me3, with higher occupancy towards
shorter transcripts (Figure 4.9).
In order to examine the correlation between these histone marks and gene
expression, all transcripts were grouped into five classes according to their transcriptional frequency (Holstege et al., 1998), and using CHROMATRA (see Section 3.5.2) plotted similarly to Figure 4.9. While H2BK123ub was present in genes
belonging to all transcriptional classes (Figure 4.10), it had a tendency for stronger
occupancy in classes of higher transcriptional frequency (Figure 4.11). Similarly,
H3K4me3 and H3K36me3 were enriched in all classes of transcriptional frequencies, whereas H3K79me2 and H3K79me3 were only enriched in classes of lower
transcriptional frequencies as shown above (Figure 4.10 and 4.11).

93

Figure 4.9: Distribution of H2BK123ub and H3 methylation marks in all
transcripts. Enrichment of H2BK123ub, H3K4me3, H3K36me3,
H3K79me3 and H3K79me2 across all transcripts sorted by their length
and aligned by their TSS. The normalized ChIP-on-chip MAT-scores
were binned into segments of 150 bp. The average enrichment value for
each bin was colour-coded and plotted. The upper adjacent (UA) of the
MAT score distribution was used for colour bar limits.
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Figure 4.10: Distribution of H2BK123ub and H3 methylation marks with respect to transcriptional frequency. As in Figure 4.9, but with transcripts
sorted by their length as well as transcriptional frequency. Transcripts
were grouped into five classes according to their number of transcripts
per hour (Holstege et al., 1998). The upper adjacent (UA) of the MAT
score distribution was used for colour bar limits.
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Figure 4.11: Associations of H2BK123ub and H3 methylation marks with
transcriptional frequencies. Boxplots indicating the association of histone marks with transcriptional frequencies. As above transcripts were
grouped into five classes according to their transcriptional frequency.
For all modifications and each transcript the average enrichment score
was calculated as the average MAT score of all probes between transcript start and end. For each transcription class the average scores
were then boxplotted. For H3K4me3, which peaks downstream of the
TSS around the +2 and +3 nucleosome, average scores were calculated
for 300 bp in that region.

4.4.2

Correlation and colocalization of H2BK123ub and its
dependent marks

The spatial relationship of H2BK123ub and H3 methylation marks was complex
as seen in the overlay at one representative genomic region (Figure 4.12A). To
assess their associations quantitatively, their pair-wise Spearman correlation was
calculated on a 5 bp (probe)-level. H2BK123ub correlated positively with its downstream marks H3K4me3 and H3K79me3, whereas the correlation was much stronger
with H3K79me3 (ρ = 0.67) than with H3K4me3 (ρ = 0.26) (Figure 4.12B). In
addition, H2BK123ub correlated positively with the elongation mark H3K36me3
(ρ = 0.63), which itself showed the strongest correlation with H3K79me3 (ρ =
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0.76). In contrast, H2BK123ub and H3K79me2 correlated negatively (ρ = −0.31)
consistent with the finding presented above that these two marks do not colocalize.

Figure 4.12: Correlation of H2BK123ub and its dependent marks. A: Overlay of H2BK123ub (black), H3K4me3 (red), H3K36me3 (green),
H3K79me3 (blue) and H3K79me2 (orange) ChIP-on-chip profiles.
Sample genomic position for chromosome 8 was plotted along the xaxis against the relative occupancy of the histone modifications on the
y-axis. ORFs are indicated as rectangles, above the axis for Watson
genes and below the axis for Crick genes. B: Spearman correlation
matrix for genome-wide profiles calculated on a 5 bp (probe) level.
Red indicates high correlation and blue represents anticorrelation.
To more directly determine the colocalization of H2BK123ub and H3 methylation,
the occurring patterns across all genes were further analyzed. Since some modifications such as H3K4me3 are enriched in specific parts of the gene (Figure 4.9),
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genes were partitioned in segments for further analysis similar to an approach used
before (Liu et al., 2005). Each gene was divided into five segments: promoter
(300 bp upstream of the coding start), TSS-proximal (300 bp downstream of TSS),
50 -CDS (300 bp downstream of the coding start), mid-CDS (300 bp around the CDS
center) and 30 -CDS (300 bp upstream of the coding end).

Figure 4.13: Patterns of H2BK123ub and its dependent marks. Specific segments of a gene showed different combination of marks. Genes were
partitioned into the following segments: promoter region (300 bp upstream of the coding region), TSS-proximal (300 bp downstream of
TSS), 50 -CDS (300 bp downstream CDS start), middle CDS (300 bp
around centre of ORF), and 30 -CDS (300 bp upstream of CDS end).
Mid-CDS and 30 -CDS was only considered when the ORF had a length
of at least 900 bp or 600 bp, respectively. The average enrichment
scores for the histone modification were hierarchically clustered (independently for each gene segment), colour-coded and plotted. Columns
represent modifications, rows correspond to genes.
In order to determine the combinations of H2BK123ub and the H3 methylation
marks within each gene segment, the average enrichment score for each modification was calculated, clustered and plotted as a heatmap (Figure 4.13). To get a
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more quantitative measure of these cooccurring patterns, we determined the number of all 32 possible combinations of marks for the five segments by assigning
a binary value for each modification depending on whether it was enriched or not
within each segment (Table 4.2). Both analyses revealed that promoters (column 3)
were mostly enriched for H2BK123ub, H3K4me3 or H3K79me2 (lines 2, 3, 6),
and characterized by two predominant combinations of marks: H2BK123ub and
H3K4me3 (line 7) as well as H3K4me3 and H3K79me2 (line 13 and Figure 4.13,
Table 4.2). H3K4me3 was most prominent in both the TSS-proximal segment (column 4) and the 50 -CDS (column 5), and largely cooccurred with either H2BK123ub
or H3K79me2 (lines 7, 13). Mid- and 30 -CDS (columns 6, 7) were dominated by a
triple combination of H2BK123ub, H3K79me3 and H3K36me3 (line 20). In addition, and consistent with findings presented above, the clustering clearly separated
H3K79me2 from H3K79me3 particularly in the mid-CDS and 30 -CDS, and showed
that H3K79 tri- but not di-methylation was associated with H2BK123ub (Figure 4.13). Taken together, in all segments H2BK123ub colocalized with its dependent marks H3K4me3 and H3K79me3—but not necessarily vice versa as discussed
below.
Table 4.2: Frequencies of histone modification patterns. For all possible
histone modification patterns of H2BK123ub, H3K4me3, H3K36me3,
H3K79me3, and H3K79me2 in promoter, 50 -CDS, TSS-proximal, midCDS and 30 -CDS the actual number of genes with each pattern is specified.

1
2
3
4
5
6
7
8
9
10
11
12
13

Signature
Total
no modification
K123ub
K4me3
K36me3
K79me3
K79me2
K123ub, K4me3
K123ub, K36me3
K123ub, K79me3
K123ub, K79me2
K4me3, K36me3
K4me3, K79me3
K4me3, K79me2

Prom
6572
3113
413
1060
31
46
600
402
10
21
23
33
70
423
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TSS-prox
4868
656
69
1465
4
15
304
505
1
12
5
69
267
793

50 -CDS
6132
998
38
1218
21
48
534
304
5
17
3
171
480
953

mid-CDS
3832
360
5
32
84
351
417
3
8
42
1
57
12
47

30 -CDS
4786
1439
86
74
441
255
736
3
159
49
8
119
7
122

14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32

4.4.3

Table 4.2 – continued
Signature
Prom
TSS-prox
K36me3, K79me3
36
1
K36me3, K79me2
7
0
K79me3, K79me2
6
4
K123ub, K4me3, K36me3
35
96
K123ub, K4me3, K79me3
69
410
K123ub, K4me3, K79me2
44
81
K123ub, K36me3, K79me3
24
1
K123ub, K36me3, K79me2
2
0
K123ub, K79me3, K79me2
0
1
K4me3, K36me3, K79me3
31
13
K4me3, K36me3, K79me2
7
7
K4me3, K79me3, K79me2
7
30
K36me3, K79me3, K79me2
6
0
K123ub, K4me3, K36me3, K79me3
41
41
K123ub, K4me3, K36me3, K79me2
0
4
K123ub, K4me3, K79me3, K79me2
2
11
K123ub, K36me3, K79me3, K79me2
0
0
K4me3, K36me3, K79me3, K79me2
8
1
K123ub, K4me3, K36me3, K79me3, K79me2
2
1

50 -CDS
38
16
8
172
468
65
16
0
2
137
36
73
2
266
13
16
0
9
5

mid CDS
919
61
56
51
3
1
767
0
2
204
58
5
58
189
4
1
1
30
3

30 -CDS
507
122
50
109
1
4
277
4
1
60
61
4
26
38
5
0
6
13
0

Site-specific removal of H2BK123ub by Ubp8 and Ubp10

To directly test the hypothesis that Ubp8 and Ubp10 remove the transient ubiquitin
mark from distinct genomic regions (see page 77), H2BK123ub was mapped across
the genome in strains lacking either Ubp8 or Ubp10. As expected from bulk protein blotting studies (Emre et al., 2005; Gardner et al., 2005), the number of probes
enriched for H2BK123ub increased in the strains lacking Ubp8 or Ubp10 (Figure 4.14). Supporting the hypothesis, newly enriched probes for H2BK123ub were
different between the two deletion strains (Figure 4.14). To assess the localization
of these newly ubiquitinated regions, the H2BK123ub distribution was plotted for
strains lacking Ubp8 or Ubp10 across all transcripts sorted by their length as well
as transcriptional frequency using CHROMATRA (Figure 4.15A).
In the ubp8∆ strain, H2BK123ub peaked downstream of the TSS, but was reduced
throughout the body of the transcript compared to wildtype cells (Figure 4.15A). In
contrast, H2BK123ub was localized across the coding sequence of mainly longer
genes in ubp10∆ strain comparable to wildtype cells (Figure 4.15A). To clearly
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visualize where newly enriched sites are located along the transcripts, wildtype
profiles were subtracted from deletion profiles and positive-definite results colourcoded (Figure 4.15B).

Figure 4.14: Site-specific removal of H2BK123 ubiquitin by Ubp8 and
Ubp10 (probe level). Number of probes enriched for H2BK123ub
within transcripts in wild-type as well as ubp8 and ubp10 deletion
strains. Venn diagrams comparing the overlap of these probes between
the different strains.
To test the hypothesis that Ubp8 removes H2BK123ub at sites marked by H3K4me3
and Ubp10 does so for regions enriched for H3K79me3, we asked how many
H2BK123ub-enriched probes are enriched for H3K4me3 or H3K79me3 in wildtype, ubp8∆ and ubp10∆ stains (Figure 4.16A). Consistent with the hypothesis,
newly enriched probes for H2BK123ub in the ubp8∆ strain were mainly marked
by H3K4me3, and those in the ubp10∆ strain by H3K79me3 (Figure 4.16A). By
averaging the enrichment profiles of H2BK123ub and its dependent marks in a
length-dependent manner similar to a previous approach (Mayer et al., 2010), we
noticed that the H2BK123ub profile was very different from H3K4me3 but comparable in its lateral distribution and overall shape to H3K79me3 (Figure 4.16B).
Upon deletion of Ubp8, the H2BK123ub profile changed dramatically, now showing a striking similarity to H3K4me3. The ubp10 deletion profile, however, had
relatively modest changes, although the degree of resemblance to H3K79me3 further increased (Figure 4.16B). These data suggest that Ubp8 acts primarily in the
50 -CDS marked by H3K4me3, whereas Ubp10 deubiquinates H2BK123 in the
body of transcripts marked by H3K79me3.
Since most changes in the distribution of H2BK123ub upon loss of Ubp8 and
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Figure 4.15: Site-specific removal of H2BK123 ubiquitin by Ubp8 and
Ubp10 (transcript level). A: Distribution of H2BK123ub in wild-type
as well as ubp8 and ubp10 deletion strains across all transcripts sorted
by their transcriptional frequencies. Calculations and plotting as in
Figure 4.10. B: Differences in the enrichment of H2BK123ub in ubp8
and ubp10 deletion strains. Enrichment scores for H2BK123ub in
ubp8 and ubp10 deletion strains were subtracted from the wildtype enrichment scores and only positive-definite results colour-coded. Average enrichment was calculated and transcripts sorted as in Figure 4.10.
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Figure 4.16: Connection between Ubp8, Ubp10 and H3 methylation marks.
A: All probes enriched for H2BK123ub within transcripts in wildtype as well as ubp8 and ubp10 deletion strains were compared with
the number of these probes enriched for H3K4me3 and H3K79me3.
B: All genes with a known TSS were divided into five length classes
and the average enrichment for H2BK123ub wildtype, ubp8 and ubp10
deletion strains as well as H3K4me3 and H3K79me3 were mapped.
All transcripts in each group were partitioned into 150 bp bins and the
average enrichment values were calculated and plotted.
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Ubp10 occurred in the 50 - and mid-CDS, these gene segments were further analyzed and the association of H2BK123ub with H3K4me3 and H3K79me3 determined (Figure 4.17). Supporting the hypothesis, the 50 -ends deubiquitinated by
Ubp8 were primarily marked by H3K4me3, whereas the mid-CDSs deubiquitinated by Ubp10 were mainly marked by H3K79me3 (Figure 4.17).

Figure 4.17: Segment-based association of Ubp8 and Ubp10 with H3 methylation marks. Venn diagrams comparing the number of 50 -CDS and
mid-CDS enriched for H2BK123ub in wildtype, ubp8 and ubp10 deletion strains. For the 50 -CDS and mid-CDS enriched for H2BK123ub
only in the ubp8 or ubp10 deletion strain, the overlap with the
number of 50 -CDS and mid-CDS either marked by H3K4me3 (red),
H3K79me3 (blue) or both (purple) is shown as bars.
To further infer dependencies in the circuitry of H2BK123 ubiquitination/deubiquitination and its dependent marks, we tested whether loss of Ubp8 or Ubp10 had any
consequences on the global levels and the genome-wide distribution of H3K4me3
and H3K79me3. As previously shown (Gardner et al., 2005; Daniel et al., 2004;
Song and Ahn, 2010), protein blot analysis revealed no bulk change of H3K4me3
and H3K79me3 in neither ubp8 nor ubp10 deletion strains compared to wild-type.
Furthermore, the genome-wide distribution of H3K4me3 and H3K79me3 remained
largely unchanged upon loss of Ubp8 or Ubp10 (data not shown). These findings
suggested that Ubp8 and Ubp10 remove ubiquitin from H2BK123 after H3K4- and
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H3K79 trimethylation have been established.
The link between H2BK123ub and the transcriptional cycle (Weake and Workman,
2008) may suggest that non-removal of the (bulky) ubiquitin mark on H2BK123
in ubp8∆ and ubp10∆ strains impairs transcription. However, and consistent with
moderate effects on transcription levels (Gardner et al., 2005; Lenstra et al., 2011),
the distribution of RNAPII was not affected by loss of either Ubp8 or Ubp10 (data
not shown). Moreover, the distribution of the elongation mark H3K36me3 was
not impaired upon loss of Ubp8 (data not shown), suggestion that transcription
elongation still takes place.

4.5
4.5.1

Aberrant transcripts and their chromatin structure
Chromatin at cryptic promoters

It has been shown that cells lacking certain components of chromatin-associated
pathways, such as the Set2/Rpd3S pathway critical for proper transcription-coupled
chromatin remodeling, initiate cryptic transcripts within open reading frames (Carrozza et al., 2005; Lickwar et al., 2009; Joshi and Struhl, 2005; Kaplan et al., 2003;
Cheung et al., 2008). To detect these spurious transcription initiation events in budding yeast, whole-genome custom Affymetrix tiling arrays were used to map the
entire transcriptome in a wild-type and set2 deletion strain, replicated twice each.
As described in Chapter 3, the R package tilingArray (Huber et al., 2006)
was applied to normalize the data and determine all transcript segments for a globally optimal fit of expression segments along genomic coordinates for an assumed
length of 1500 bp per segment (nrBasesPerSegment = 1500). It is important to note that this parameter does not enforce a minimum length for individual
segments, it is rather used to determine the number of segments the algorithm is
going to consider when partitioning the region of interest. ORFs in which segments newly appeared in the absence of Set2 were further considered. For these
genes, the average gene expression values for all identified sections within known
ORF boundaries were calculated and compared to gene expression levels in wildtype cells. In total 521 of the ∼6500 ORFs in S. cerevisiae showed one or more
cryptic initiation events. More than 57 % of those overlapped with previously re105

ported cryptic transcripts (Lickwar et al., 2009) that were calculated employing the
same underlying detection principle (Bai and Perron, 1998) of change-points that
tilingArray uses.
Little is know about the chromatin structure at sites of cryptic initiation within
ORFs. One key chromatin modification found at many regular transcription initiation sites in budding yeast is the histone variant H2A.Z. We used ChIP-on-chip
with high-resolution tiling arrays to determine its distribution across the genome.
To visualize its distribution across transcripts, the average profile across genes was
calculated (Figure 4.18A) and its association with transcriptional frequency visualized using CHROMATRA (Section 3.5.2) (Figure 4.18B). Consistent with previous
studies (Guillemette et al., 2005; Raisner et al., 2005; Zhang et al., 2005; Albert
et al., 2007), H2A.Z was mainly enriched at gene promoters (Figure 4.2A) and with
stronger occupancy in classes of lower transcriptional frequency (Figure 4.18B).
To test if cryptic promoters have H2A.Z localized to their initiation sites in intragenic regions, we mapped H2A.Z in cells lacking Set2. Strikingly, H2A.Z
was enriched at about half of all sites of cryptic transcription initiation when the
Set2/Rpd3S pathway was impaired (Figure 4.18C). Overlaying gene expression
data with the H2A.Z mapping data allowed a direct comparison of the chromatin
structure at sites of cryptic initiation (Figure 4.19).
Another histone modification strongly associated with transcription initiation sites
is H3K4 tri-methylation. As shown in Figure 4.10, H3K4me3 is enriched at 50 -ends
of almost all genes in S. cerevisiae. If the chromatin structure at sites of cryptic transcription resembles the chromatin structure at normal initiations sites, one
would expect to find H3K4me3 downstream of cryptic initiation sites as well.
To test this hypothesis, we mapped H3K4me3 in cells lacking Set2 and found
H3K4me3 to be enriched in many genes with cryptic transcripts (Figure 4.20).

4.5.2

Deposition and role of H2A.Z at cryptic promoters

The occurrence of H2A.Z and H3K4me3 at sites of cryptic initiation indicates that
patterns of chromatin are comparable to those at regular transcribed regions. How-
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Figure 4.18: Distribution of H2A.Z across ORFs and transcripts. A: Average profiles of H2A.Z across ORFs. ORFs were aligned according
to their translational start and stop sites, similar to an approach by
the Young lab (Pokholok et al., 2005). Plot calculated similar to Figure 4.2. B: Distribution of H2A.Z across transcripts with respect to
transcriptional frequency. Plot as in Figure 4.10. C: Overlay of H2A.Z
wild-type (red) and set2 deletion (blue) ChIP-on-chip profiles. Two
sample genomic positions were plotted along the x-axis against the
relative occupancy of the histone variant on the y-axis.
ever, these data do not allow to draw conclusions about dependencies and the enzymatic machineries establishing these modifications. In order to elucidate such dependencies, we focused on the histone variant H2A.Z and its deposition machinery.
H2A.Z is well known to be deposited into chromatin by the multi-subunit complex
SWR1-C (Kobor et al., 2004; Krogan et al., 2003a; Mizuguchi et al., 2004). Impairing of the catalytic subunit Swr1 leads to a major loss of H2A.Z associated with
chromatin, indicating that SWR1-C is the predominant H2A.Z-deposition machin-
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Figure 4.19: H2A.Z at sites of cryptic initiation. For two sample genes, the
overlay of H2A.Z ChIP-on-chip profiles with the corresponding gene
expression data in wild-type and set2 deletion strain is shown. Dotted
vertical lines represent predicted transcript segments, which were used
to calculate average expression levels for each segment visualized as
horizontal green lines.
ery (Marques et al., 2010). To test whether the SWR1-C is responsible for integrating H2A.Z at cryptic promoters as well, we mapped H2A.Z in cells lacking both
Swr1 and Set2. As expected, H2A.Z was lost at regular promoters in the absence of
Swr1, but surprisingly, the localization of H2A.Z to cryptic promoters was not dependent on SWR1-C (Figure 4.21), suggesting that another complex is involved in
H2A.Z deposition at these sites. Our current experiments and analyses are geared
towards revealing the cellular machineries important for H2A.Z deposition at those
sites.
A strong correlation exists between transcription and many chromatin modifications. Yet, whether these correlations are based on pure associations or causal
relationship exist between histone modifications and transcription is largely unknown. The disturbance of chromatin structures, e.g. by impairing the Set2/Rpd3
pathway, leads to the initiation of cryptic transcription within intragenic regions,
arguing that chromatin has a direct effect on transcriptional regulation. However,
the causal relationship of modifications associated with the initiation of transcripts
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Figure 4.20: H3K4me3 at sites of cryptic initiation. For two sample genes,
the overlay of H3K4me3 ChIP-on-chip profiles with the corresponding
gene expression data in wild-type and set2 deletion strain is shown.
Dotted vertical lines represent predicted transcript segments, which
were used to calculate average expression levels for each segment visualized as horizontal green lines.
such as H2A.Z and H3K4me3 for the occurence of cryptic transcripts has not been
investigated so far. Therefore, we studied the role of H2A.Z in this process by mapping cryptic transcription in cells lacking H2A.Z. Interestingly, despite its strong
association with (cryptic) transcription, H2A.Z was not causal for the occurrence
of cryptic transcripts, as the number of intragenic initiation events was similar in
the set2∆ and set2∆htz1∆ strains (Figure 4.22).
As the example of cryptic transcription indicates, the cell’s transcriptome is
rather complex and transcripts of various type have been identified so far. Moreover, transcription from the opposite strand to a protein-coding or sense strand
called antisense transcription seems to be widespread in budding yeast and has
been ascribed roles in gene regulation (David et al., 2006; Havilio et al., 2005;
Nagalakshmi et al., 2008; Steigele and Nieselt, 2005; Gelfand et al., 2011). We observed that most cryptic transcripts occur in sense direction, but antisense cryptic
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Figure 4.21: Role of SWR1-C in H2A.Z deposition at cryptic promoters. For
two sample genes, the overlay of H2A.Z ChIP-on-chip profiles in wildtype, set2∆ and set2∆swr1∆ strains with the corresponding gene expression data is shown. Dotted vertical lines represent predicted transcript segments, which were used to calculate average expression levels for each segment visualized as horizontal green lines.
transcripts occur as well (Figure 4.23). To test whether the histone variant H2A.Z
is localized to sites of antisense cryptic transcription, the analysis was focussed on
intragenic regions containing such transcripts. Interestingly, H2A.Z was found at
these sites, indicating that chromatin structures at antisense cryptic promoters has
a typical composition, too (Figure 4.23).
Taken together, these studies provide a glimpse of the complexity of transcription, in particular at cryptic sites, and the association with the surrounding chromatin neighnourhoods and lay out the corner stones for further analysis.

4.6

Discussion

The work presented in the first part this chapter provides new evidence that individual modification states of the same histone residue have non-redundant cellular
functions. Secondly, my analysis helped to reveal temporal and spatial dependen-
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Figure 4.22: Role of H2A.Z for the occurrence of cryptic transcripts. For
two sample genes, the overlay of H2A.Z ChIP-on-chip profiles with
the corresponding gene expression data in wild-type, set2∆ and
set2∆htz1∆ strains is shown. Dotted vertical lines represent predicted
transcript segments, which were used to calculate average expression
levels for each segment visualized as horizontal green and blue lines.
cies of histone modifications and their distinctive patterns. Finally, evidence is
presented that the chromatin structure is altered at cryptic transcriptions sites and
that the H2A.Z as well as H3K4me3 are enriched at cryptic initiation sites.
Distinct states of histone modification. In the first part, findings are reported,
which address di- and trimethylation of H3K79 and their debated redundancy in
functional outcome. The analysis showed that H3K79 methylation states were mutually exclusive across the genome and linked to different cellular functions. In
particular, the presented characteristics of methylation states point towards a fundamental connection between H3K79 dimethylation and the cell cycle. The ChIPon-chip analysis revealed H3K79me2 to be enriched at M/G1 cell cycle-regulated
genes as well as in Swi4/6-bound promoters.
Histone lysine residues have different methylation states, and it has been unclear whether these states are functionally distinct or redundant. For H3K79 methy111

Figure 4.23: H2A.Z at sites of antisense cryptic transcripts. For a sample
gene, the overlay of H2A.Z ChIP-on-chip profiles with the corresponding sense as well as antisense gene expression data in wild-type, set2∆
and set2∆htz1∆ strains is shown. Dotted vertical lines represent predicted transcript segments, which were used to calculate average expression levels for each segment visualized as horizontal green lines.
lation, it was proposed that the three states are functionally redundant (Frederiks
et al., 2008; Shahbazian et al., 2005), based on genetic evidence indicating that all
three states have roles in telomeric silencing (Frederiks et al., 2008). In contrast,
work presented in this chapter, provides evidence that H3K79 methylation states
have non-redundant, distinct functions. The presented ChIP-on-chip profiles reveal
that H3K79me2 and H3K79me3 are associated with mutually exclusive regions of
the genome, a fundamental prerequisite to be functionally distinct.
Mechanistically, the sole H3K79 methyl-transferase Dot1 requires a mechanism to
specifically establish each state at certain regions in the genome. In one possible
mechanism for this region-specific binding, Dot1 could recognize other chromatin
marks that induce state-specific methylation. Indeed, as shown here, a potential
candidate is H2BK123ub, which colocalizes with H3K79me3, but not H3K79me2.
Supporting this hypothesis, in vitro reconstitution of the methylation reaction proposed that the mono-ubiquitination of H2B induces a conformational change to
the Dot1-nucleosome complex which specifically stimulates Dot1’s catalytic ac112

tivity (Jeltsch and Rathert, 2008; McGinty et al., 2008). Therefore, the pattern of
H2B monoubiquitination could control distribution of H3K79 di- versus trimethylation on chromatin.
Another point of evidence supporting the distinct function of the different
methylation states is the presented association of H3K79 di- but not trimethylation with cell-cycle control. What is known about chromatin and the cell cycle?
One major aspect of cell-cycle control is the regulatory network of interconnected
transcriptional activators (Simon et al., 2001). Often, transcription factors function
specifically during one cell-cycle stage and control the expression of transcriptional activators for the subsequent one, thereby forming a feed-forward regulatory circuit to ensure an ordered progression through cell division. In addition to
transcriptional regulation, cell-cycle progression also employs proteolysis, phosphorylation, localization, and other regulatory mechanisms to ensure completion
of one event before entry into the next. The role of chromatin modifications in
transcription control has been intensively studied in recent years. However, little
is known about cell cycle-dependent changes in chromatin structure and the role
that chromatin alterations play in normal cell-cycle progression and transcriptional
regulation.
Based on observations presented in this chapter, we propose the following
model of how H3K79me2 and cell-cycle control relate to one another. Dephosphorylation of Swi6 and synthesis of Swi4 during mitosis allows binding of SBF
to its target genes in the late M/early G1 phase of the cell cycle. However, inhibitory factors such as Whi5 prevent transcriptional activation at these targets until
early G1, after cells have reached a critical size threshold. At this point in the cell
cycle, known as START in budding yeast, activation of the G1 cyclin-dependent
kinase Cln3-Cdk1 inside the nucleus renders the SBF functionally active, and a
positive feedback loop results in amplification of SBF- as well as MBF-dependent
transcription and synthesis of genes required for progression through G1 and entry
into the S phase. The SBF is inactivated upon entry into the S phase through phosphorylation of Swi6, which disrupts its binding to Swi4 and results in its export
to the cytoplasm. Without Swi6, Swi4 can no longer bind to DNA. The observa113

tions that levels of H3K79me2 increase during the S phase and remain high during
the G2/M phase, combined with the genome-wide location analysis showing that
H3K79me2-occupied genes overlap extensively with those expressed specifically
in the G1 phase (or bound by Swi4), suggest that H3K79me2 marks cell cyclespecific genes during G2/M.
Whether H3K79me2 is a consequence of gene inactivation or if it actively causes
transcriptional inactivation remains to be determined. Here, we provide evidence
that the modification is created de novo—that is, through the addition of two methyl
groups to an unmodified H3K79—and is not generated by demethylation of an existing H3K79me3 residue.
Taken together, the data clearly show that H3K79 methylation states are mutually exclusive and linked to different cellular functions. In particular, a fundamental
connection between H3K79 dimethylation and the cell cycle is presented, which
offers a great opportunity for further analysis of chromatin’s role in regulating the
cell cycle.
From the computational perspective, the fluctuation and distinct localization of
H3K79 methylation during the cell cycle stages could indicate a toggle mechanism that signals a particular overall system state to certain cellular machineries
and discriminates marked genes from others, thereby triggering how to correctly
proceed through the cell cycle program. According to the histone code hypothesis, the dimethyl mark might be recognized by complexes via specific protein
domains that are recruited to marked genes in order to promote their transcription
as they are required for the subsequent process stage. Expressed in terms of a finite
state machine, the cell cycle stages can be understood as machine states, chromatin
modifications as part of the input (and/or output) events that determine correct state
transitions, and the activation of certain genes as output of a state change.
Interdependencies of histone modifications. H2BK123ub, a post-translational histone mark with roles in transcription initiation and elongation, is required in the histone trans-tail cross-talk for tri-methylation of histone H3K4 and
H3K79 (Briggs et al., 2002; Dover et al., 2002; Nakanishi et al., 2009; Sun and Allis, 2002). H2BK123ub is highly transient and removed by the ubiquitin-specific
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proteases Ubp8 and Ubp10. However, the genomic regions these deubiquitinases
act upon have not been investigated genome-wide. In this chapter, genome-wide
maps of H2BK123ub in wildtype, ubp8 and ubp10 deletion strains as well as H3
methylation profiles obtained on the same high-resolution platform are presented.
The analysis demonstrates that H2BK123ub was associated with both its dependent marks and, despite not causally linked, also colocalized with the transcription elongation mark H3K36me3. Furthermore, Ubp8 and Ubp10 had site-specific
roles in the genome: Ubp8 deubiquinated H2BK123ub at H3K4me3-marked regions, whereas Ubp10 removed H2BK123ub at H3K79me3-enriched sites. The
data further indicate that H2BK123ub might be more transient in the 50 -end than in
the body of transcripts, thereby influencing certain steps of the transcription cycle
differently.
These findings together with the current understanding of the histone transtail cross-talk suggest the following model (Figure 4.24): Initially, Rad6/Bre1
get recruited to promoters through interactions with transcriptional activators and
monoubiquitinate H2BK123 (Weake and Workman, 2008). Together with the surrounding histone residues, H2BK123ub then provides a molecular ‘tag’ attracting the Set1/COMPASS complex, which in turn tri-methylates H3K4 (Lee et al.,
2007). Eventually, Ubp8 removes the bulky H2BK123 monoubiquitin group, and
H3K4me3 remains as a memory mark of recent transcriptional initiation (Gerber and Shilatifard, 2003; Krogan et al., 2003b; Muramoto et al., 2010; Ng et al.,
2003b). In longer genes, which require an extensive transcription elongation phase,
Rad6/Bre1 stay associated with the elongating form of RNA polymerase II and
monoubiquitinate H2BK123 throughout the CDS. This provides a molecular ‘tag’
recognized by Dot1, which binds stronger to and resides longer at these sites to
specifically trimethylate H3K79 (Jeltsch and Rathert, 2008). In those regions,
Ubp10 removes H2BK123ub, and the stable H3K79me3 mark remains.
The data further indicate that H2BK123ub might be more transient in the 50 -end
than in the body of transcripts. In wild-type cells, H2BK123ub was mainly enriched in the body of transcripts marked by H3K79me3 and did not peak in the
50 -end. The increase of ubiquitin in the body of transcripts was modest upon loss
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of Upb10, while it strongly increased in their 50 -ends upon loss of Ubp8, suggesting that the ubiquitin mark is more transient at the 50 -end under normal conditions.
Furthermore, H2BK123ub was reduced in the body of transcripts in the Ubp8 deletion strain, indicating that non-removal of H2BK123ub at the 50 -end might block
the ubiquitination of H2BK123 during later elongation steps.

Figure 4.24: Model depicting the circuitry of H2BK123ub and its dependent
marks. First, H2B is monoubiquitinated by Rad6/Bre1 resulting in
the recruitment of Set1/COMPASS and in longer genes Dot1 to trimethylate H3K4me3 and H3K79me3, respectively. The removal of
H2BK123ub is proposed to be site-specific by either Ubp8 or Ubp10.
It has been shown that deletion of Ubp8 and Ubp10 together results in a higher
global increase of H2BK123ub level than either one of the single deletions alone,
but the increase is not completely additive indicating that they work synergistically at a few regions (Emre et al., 2005; Gardner et al., 2005). Our data suggest
that these regions might be the once marked by both dependent marks H3K4me3
and H3K79me3. In particular, at 50 -ends of genes H3K4me3 and H3K79me3 cooccurred, suggesting that Ubp8 and Ubp10 most likely both act at those regions.
In support of the presented hypothesis, Ubp8 and Ubp10 catalyze deubiquitination of H2BK123 on distinct genomic loci, which raises the issue of specific recog116

nition of these sites. Ubp8 is part of the SAGA complex and forms a module with
Sgf11, Sus1 and Sgf73 (Köhler et al., 2010; Samara et al., 2010). Sus1 is required
for the recruitment of Ubp8 to promoters (Köhler et al., 2006) and might help Ubp8
to be recruited to H3K4me3-marked regions specifically. Ubp10 has not been
identified to be part of a complex and the mechanism of its recruitment to chromatin is not clear. Ubp10 was proposed to play a role in telomeric silencing (Emre
et al., 2005; Gardner et al., 2005), but we observed no increase of H2BK123ub
in telomeres upon loss of Ubp10. Besides its proposed importance for telomeric
regions, gene expression studies point towards a role of Ubp10 in euchromatin as
well (Gardner et al., 2005). Consistently, we revealed that Ubp10 specifically removes H2BK123ub from H3K79 tri-methylated open reading frames. Strikingly,
the H3K79 methyltransferase Dot1 has been initially found in the same screen as
Ubp10 (Dot4) (Singer et al., 1998), further supporting this connection of Ubp10
and Dot1 across the genome.
Proper addition and removal of H2BK123ub are required for optimal gene
expression (Weake and Workman, 2008) and Ubp8-mediated deubiquitination is
involved in the transition between initiation and elongation (Daniel et al., 2004;
Henry et al., 2003). Failure to remove the H2BK123 ubiquitin mark leads to defects in recruitment of the kinase Ctk1, but global defects in subsequent CTD serine 2 phosphorylation have not been detected (Wyce et al., 2007). Consistently, it
has been shown that loss of Ubp8 does not alter recruitment of RNAPII to GAL1
during gene activation (Wyce et al., 2007). We here confirmed that Rpb3 localization upon loss of Ubp8 or Ubp10 was unaltered genome-wide, which is reflected
by moderate changes in gene expression (Gardner et al., 2005; Lenstra et al., 2011).
Consistently, the elongation mark H3K36me3 did not change upon loss of Ubp8,
suggesting that transcriptional elongation still takes place when H2BK123ub is not
properly removed.
Together, these findings indicate that the cell is able to efficiently transcribe
genes despite impaired removal of the ubiquitin moiety. A possible explanation
could be an indirect removal of the ubiquitin mark through eviction of H2A and
H2B during transcription or histone turn-over. In addition, the overall transcrip117

tional program might be unaffected by the disturbed H2BK123ub pathway, potentially due to genetic robustness achieved by functional redundancy. Quantitative genetic interaction mapping showed that genes encoding components of
the H2BK123ub machinery such as Rad6, Bre1 and Ubp8 interact genetically
with genes encoding multiple transcription-related factors such as subunits of the
Set1/COMPASS, PAF, SWR1-C or the proteasome and is embedded in the wellconnected complexes of transcriptional elongation (Ingvarsdottir et al., 2005; Xiao
et al., 2005). Taken together, the results agree with previous findings that describe
DUBs as major molecular regulators (D’Andrea, 2010) and point towards distinct
roles of Ubp8 and Ubp10 in the deubiquitination machinery of eukaryotic cells.
With respect to the underlying computational principles, the H2BK123ub pathway
demonstrates nicely how one histone modification can trigger others in the context of transcriptional gene activation. Drawing again on the finite state machine
abstraction, the transcriptional program can be divided into certain states, such as
initiation, elongation and termination on a coarse-grained level, that need to be executed in a certain order. The sequence and combination of histone modifications
described above might then be regarded as (part of the) inputs to determine correct
state transitions. The recruitment of enzymatic complexes for certain transcription
stages and establishing downstream histone marks can be understood as generated
outputs of the machine.
Aberrant transcripts and their chromatin structure. Recent studies have
shown that the proper regulation of chromatin influences the correct choice of transcript initiation sites. In cells lacking certain chromatin-regulation pathways, initiation of transcription occurs inappropriately within the protein-coding regions of
genes, indicating that expression of alternative genetic information occurs (Kaplan
et al., 2003; Carrozza et al., 2005; Cheung et al., 2008; Joshi and Struhl, 2005).
Although it is known that some of these cryptic transcripts are translated into proteins, very little is known about the chromatin neighbourhoods at cryptic initiation
sites.
In the last part of this chapter, we investigate chromatin alterations at sites of cryptic initiation when the Set2/Rpd3 pathway is impaired. We reveal that chromatin
modifications typically found in normal promoters, such as H2A.Z, are also en118

riched in cryptic promoters.
Since histone acetylation is a key modification of transcript initiation, the occurrence of cryptic transcripts within genes can be explained by increased histone acetylation within open reading frames due to an impaired Set2/Rpd3 pathway (Carrozza et al., 2005). It has been proposed that cryptic transcripts arise at
all intragenic regions containing DNA sequences that have the ability to inappropriately recruit transcription initiation factors (Lickwar et al., 2009). Additional
factors such as gene length or transcription rate may influence the occurrence of
sites of cryptic transcription (Lickwar et al., 2009). So far, the functional importance of cryptic transcripts in S. cerevisiae is unclear. Potentially, these sites might
have influenced the evolution of alternative promoters in higher eukaryotes, as the
use of alternative transcription start sites is frequently found in higher organisms.
To fully unravel the function of cryptic transcription, it is important to understand
its association with the underlying chromatin structure.
Here, we show that the histone variant H2A.Z as well as the histone modification H3K4me3 are enriched at sites of cryptic initiation, indicating that cryptic
promoters have chromatin structures similar to canonical promoters. However,
the data suggest that the regulation of chromatin modifications at cryptic sites is
different from sites of canonical transcript initiation. The histone variant H2A.Z
is known to be deposited into chromatin by the SWR1-C under normal conditions (Kobor et al., 2004; Krogan et al., 2003a; Mizuguchi et al., 2004). In contrast,
H2A.Z is not deposited to sites of cryptic initiation by the SWR1-C. Therefore, another protein or enzymatic complex may be responsible to integrate H2A.Z at these
sites of cryptic initiation. Potential candidates are the H2A.Z chaperones Nap1 or
Chz1 (Luk et al., 2007) although they contain no enzymatic activities themselves.
Alternatively, previous studies proposed that H2A.Z can be randomly incorporated
into chromatin in a non-targeted fashion (Hardy et al., 2009). In this scenario,
H2A.Z is not found in coding regions, since it is constantly removed during transcription elongation (Hardy et al., 2009). Under impaired conditions, such as the
disturbance of the Set2 pathway, when cryptic transcripts arise, the removal of
H2A.Z might not function properly at intragenic sites and H2A.Z gets enriched at
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cryptic promotes without enzymatic activity.
Our work further reveals that the histone variant H2A.Z is not causal for the
occurrence of cryptic transcripts under the conditions tested, indicating that it most
likely does not influence the location of cryptic initiation either. As mentioned
above, other factors that affect transcription, including the availability of binding
sites for transcriptional activators and the existence of DNA elements such as a
TATA box, and play causal roles in the context-dependent initiation of cryptic transcription (Lickwar et al., 2009).
Taken together, we show evidence that the chromatin modifications H2A.Z and
H3K4me3 are enriched at sites of cryptic transcription. These data provide the first
step of revealing the chromatin neighbourhood at cryptic start sites and offer the
opportunity to further fill in the gap on the epigenetic map of the yeast genome.
From the biocomputing viewpoint, the data suggest that the chromatin marks studied up to this point are not causal for the transcriptional program to be initiated at
cryptic sites but are rather memory marks to signalize where a recent transcription
took place and to reflect the state of a certain genomic stretch. The lack of impact
on gene activity, however, indicates that these chromatin marks are potentially suitable candidates to encode information for artificial biocomputers. The decoupling
of information and cellular consequence provides essential degrees of freedom to
exploit these resources with fewer interferences regarding cellular function.
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Chapter 5

Conclusion
While an all-embracing yet precise definition of life as the discriminating characteristic between inanimate matter and objects we refer to as organisms remains
open to a certain degree, undisputed properties of living systems include the capacity to metabolite, respond to stimuli and reproduce (Koshland, 2002). At first
glance, some of these functions seem conceivable in higher organisms as emerging
results of complex sensory networks, intricate structural organizations and elaborate nervous systems. Yet, even the ‘lowliest of the lowest’ single-celled organisms that roam this planet—as Joseph Leidy described amoeba (Naturalists et al.,
1878)—lead highly sophisticated lives. Approaching the question of how such
‘simple’ living systems can, for example, respond to light, exhibit directed locomotion and even actively hunt prey, we start appreciating that these activities require
information processing within the molecular realm.
Essentially, cells are systems of highly connected and interdependent circuits
that compute and perform logical operations on biomolecular substrates (Bonn and
Furlong, 2008; Istrail et al., 2007; Levine and Davidson, 2005). Understanding
the fundamental principles of these algorithmic bioprocesses will—mutually—
advance our understanding of biology and inspire novel forms of computation (Condon et al., 2009). At the very core, the connection between life as a concrete
physical process and computation as an abstract principle can be derived from theories on pancomputationalism (Zuse, 1990; Jaynes, 1957a;b), according to which
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information is the essence of every process and, thus, any physical process is a
computation and can be restated in terms of information:
It is not unreasonable to imagine that information sits at the core
of physics, just as it sits at the core of a computer. (...) It from
bit. Otherwise put, every ‘it’—every particle, every field of force,
even the space-time continuum itself—derives its function, its meaning, its very existence entirely—even if in some contexts indirectly—
from the apparatus-elicited answers to yes-or-no questions, binary
choices, bits. ‘It from bit’ symbolizes the idea that every item of the
physical world has at bottom—a very deep bottom, in most instances—
an immaterial source and explanation; that which we call reality arises
in the last analysis from the posing of yes-no questions and the registering of equipment-evoked responses; in short, that all things physical
are information-theoretic in origin (...) (taken from Wheeler, 1990).
While the radical hypothesis of pancomputationalism awaits further elucidation, it is interesting to note that Wheeler’s idea suggests even binary logic at the
core of every physical process. If this postulate is true, most efforts in biomolecular computing seem to follow the ‘correct’ computational paradigm when adopting
digital encoding schemes and striving for discrete behaviour in man-made biocomputers despite the fact that many biological processes appear to be inherently
analog in nature—at least at the macro-molecular scale to the human observer.
Leaving the question of digital versus analog aside, computing—in both the
classical and biological sense—essentially is a dynamic process that transforms a
set of inputs to a set of outputs according to some algorithmic rules. To better
reflect this dynamic aspect, certain branches in the field of biomolecular computing have started to make a transition away from DNA-based approaches towards
more agile substrates as carriers of computational information in biocompatible
applications (Benenson, 2009a). Two prominent biomolecular substrates that saw
a dramatic shift towards agility in their roles in cellular computation are the main
subject of this thesis—RNA and chromatin.

122

The presented work centres around the functionality and characteristics that
RNA and chromatin provide with respect to their regulatory role in the cell as well
as their potential capacities for biomolecular computing.
The first part of the dissertation, covered in Chapter 2, focuses on RNA. I speculate on how eukaryotic cells might use regulatory RNA molecules and the RNA
interference machinery to generate a form of epigenetic memory, and how they
might potentially utilize it for computations based on sequential logic. The model
I present is an RNA-based equivalent of the well-known electric flip-flop, one of
the fundamental memory units in digital circuits. This work contributes by elucidating the abstract principles of the RNA interference machinery from a biological
perspective and suggests novel ideas for universal memory units in biomolecular
computing.
The second part of this work, prepared in Chapter 3 and put into biological context
in Chapter 4, focuses on chromatin. In collaborative projects with highly recognized research groups, my work contributes to the understanding of various aspects of chromatin biology. In particular, I analyzed genome-wide data of different
methylation states of histone residue H3K79. Results of this analysis allowed to answer a long-standing question in the field of chromatin biology, and demonstrated
that H3K79 methylation states are mutually exclusive in the genome and associated with distinct cellular processes. I further identified genome-wide patterns of
several histone H3 modifications in the context of histone H2BK123 monoubiquitination, which—among other results—led to the finding that Ubp8 and Ubp10
deubiquitinate H2BK123 in different loci in the genome. Lastly, my work sheds
light on intriguing connections between chromatin structure and gene activity by
analyzing transcriptome data together with genome-wide profiles of histone marks,
the histone variant H2A.Z and parts of its depositing enzymatic machinery. Although immediate translations of these results into applications for biomolecular
computing seem far-fetched at this point, they aid in deciphering the principles of
chromatin-based computation in the cell and, hence, lay the foundation for potential computational designs at a later point. The presented work emphasizes that
there are different types of chromatin modifications, some of them being rather
transient, whereas others are more permanent, indicating that some modifications
of this computational layer have storage functionality, while others act like sig123

nalling toggles to discriminate activation of the ‘correct’ genetic elements in a particular system state.
Chromatin and RNA represent two of several layers in the hierarchical network (Figure 1.1) that constitutes the cellular computation apparatus (Conrad,
1983). Although initially appearing to be rather independent, chromatin- and
RNA-based regulatory functions became quickly connected with the discoveries
of non-coding RNAs and their role in chromatin structure (see Section 1.3.1). As
both research fields evolve, this overlap continues to grow. The examples in Section 1.3.2 of long ncRNAs, such as Xist and HOTAIR, demonstrate how deeply
both layers are nested and hint at the versatile and powerful interplay they exhibit
with respect to cellular function in general and epigenetic information processing
in particular (Lee, 2010).
For biomolecular computing—specifically biocompatible approaches—regulatory RNAs have already proven their superiority over DNA, and the field has
passed the stage of identifying tractable goals how to fully implement in vivo computing (Benenson, 2009b). In the next phase, attempts are under way to assemble
individual components into larger subunits. Complexity-wise, these units are projected to contain about 10–20 components, and the key lesson to be learned on that
route will be how to deal with the inherent noise and random fluctuations in living
systems while maintaining proper functioning of the engineered systems (Benenson, 2009b).
Randomness and non-determinism neither conflict with the claim that cells
compute nor are they unwanted byproducts. Instead, many molecular interactions in the cell heavily rely on random searching to increase the probability of
encounters between reaction partners over relatively longer distances; only once in
proximity, more deterministic processes control the course of interaction (Yanagida
et al., 2007; Bajic and Tan, 2005). The critical question for biomolecular computing to understand here is how do natural systems avoid the amplification of this
endogenous noise and sustain their operation, and so across a wide range of physiological conditions? It has been proposed that the hierarchical composition of
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interconnected computational layers in the cell might be—at least part of—the answer to this question as it facilitates redundancy and converging of disintegrated
signal and control flows (Bajic and Tan, 2005; Prohaska et al., 2010; Stojanovic,
2010). It even appears as if this form of distributed computing over multiple layers and different molecular substrates is critical for the flexible and intelligent behaviour of organisms (Bajic and Tan, 2005). Thus, once again, current efforts
in biomolecular computing aiming to combine transcriptional, post-transcriptional
and post-translational layers (Benenson, 2009b) seem to pursue the right path towards robust operation of complex engineered circuits in vivo.
With respect to RNA-based computations, this principle becomes obvious. As
explained in Sections 1.3.2 and 2.3, small interfering RNAs alone—despite being
the pivotal element—have no capacity to unfold their regulatory impact without
the protein machinery of RNA interference. This observation holds for other types
of regulatory RNAs as well (Shalgi et al., 2007; Shimoni et al., 2007). Combinations of the RNA and protein layer features led to the most advanced biocomputers
thus far (Deans et al., 2007; Greber et al., 2008; Rinaudo et al., 2007; Win et al.,
2009). Especially in the work of Rinaudo et al., 2007, the logic capabilities and
computational power of such hybrid circuits are substantially greater compared to
previous approaches and could be further widened—towards sequential and/or iterated operation—if equipped with universal memory units such as flip-flops to
temporarily store information.
Additional increases in computational flexibility of such devices could potentially be derived by further integrating sequence- and structure-based features of
RNAs. As successfully laid out by Smolke’s group, riboswitch RNAs with integrated aptamer domains offer tremendous opportunities as sensors and affectors for a wide range of molecular signals in the cell (Win and Smolke, 2007b).
The induced switch-like conformational change of the RNA in response to binding between a specific ligand and the aptamer modulates the efficiency of target
processing through the RNA interference machinery (Beisel et al., 2008). For
the envisioned diagnostic and therapeutic applications of biocompatible computers, aptamers could serve as detectors for characteristic molecules in disease cells
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and specifically expose a disease-relevant target to RNAi processing (Beisel et al.,
2008). Hence, RNAi-mediated processing of target RNAs can be controlled not
only through the (sequence of the) siRNA effector but also by applying or removing the ligand signal the aptamer on the target is susceptible for. Maybe this dual
control scheme might also provide a route to cascade multiple RNA flip-flops in a
counter- or frequency divider-like fashion. Integrated aptamers in RNAs and corresponding ligands could render flip-flops susceptible for primary trigger signals
or clock certain parts of flip-flop cascades to achieve (a-)synchronous behaviour.
As more and more studies reveal the diverse ways nature utilizes RNAs and
as much as the revealed versatility must appeal to current attempts towards in vivo
computing, one also has to pay attention to the fact that the more nested a substrate
or process is in the cell, the more likely it is that the degrees of freedom from an engineering perspective become limited. Many molecules that would be particularly
interesting to exploit—for instance polymerases and ribosomes because of their
catalytic properties and the ability to translate information from DNA to RNA and
from RNA to protein, respectively—are evolutionary tightly locked within the cellular computing machinery and, hence, offer little flexibility since other elements
in the machinery would be inevitably affected too when trying to modify these
molecules (Stojanovic, 2010).
Abstraction might provide a principle to circumvent this dilemma. By not encoding information as direct properties of substrates, such as their sequence, length
or structure, one may gain additional freedom for computation without affecting
other cellular processes. The RNA-based flip-flop discussed in Chapter 2 exemplifies such an approach. Although being a memory model not (yet) found in nature,
it could potentially operate within and according to the rules of the cellular machinery without any further requirements. Admittedly, an implementation would have
to show whether the utilization of the RNAi machinery has negative effects for the
rest of the cell. It could certainly be that only a limited amount of RISC complexes
is available and that either the flip-flop or natural processes cease function because
of saturation effects.
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Another substrate that might offer computational potential through abstraction
is chromatin (Prohaska et al., 2010). While the impact of chromatin modifications
on gene activity clearly suggests a link between the underlying DNA sequence and
the positioning of nucleosomes, other chromatin architectural proteins and their
chemical modifications, the mapping between genetic and epigenetic information
does not seem to be a bijection (Jiang and Pugh, 2009; Washietl et al., 2008; Segal
and Widom, 2009). This ‘partial detachment’ from DNA together with the capacity
to write, erase and read chromatin information through specific proteins generates
freedom for epigenetic information processing superimposed to the DNA-driven
cis-regulatory processes (Benecke and Group, 2006; Fischle et al., 2003; Hall et al.,
2002; Sedighi and Sengupta, 2007). In particular, writer, eraser and reader enable
information exchange between different genomic regions and epigenetic information propagation over cell generations. The inducible chromatin state—from both
the chemical and structural perspective—thereby serves as a large, flexible and resettable (Reik, 2007; Morgan et al., 2005) memory device. As emphasized by the
work presented in Chapter 4, even down to the level of different modification states
of individual histone residues, information is encoded in a non-redundant manner.
Hence, postulated storage capacities of 70 bits per nucleosome in S. cerevisiae and
around 200 bits in human (Prohaska et al., 2010)—not even considering different
states and context dependencies of modifications—seem conservative.
The ‘hybrid’ processing layer of epigenetics, which unites aspects of DNA
sequence information, chromatin structure and RNA as well as protein activity,
promises a wide range of computationally exploitable opportunities. However,
much remains to be fundamentally elucidated from the biological side before we
can start thinking of using chromatin for biocomputing. One of the central points
research will have to address is the question of the ‘quality’ of connectivity between
chromatin and other cellular layers. Up to this point, deriving general principles regarding the relations between different chromatin modifications and between chromatin modifications and gene activity that allow distinguishing actual causal links
and mere associations has been a challenge (Lee et al., 2010). The exceptions that
seem to exist for every derived rule may however—at least partially—be rooted in
technical limitations.
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Exemplified by the results presented in Chapter 4, the data suggests that multiple
histone modifications (such as H2BK123ub and H3K4me3 or H3K79me3) cooccur on the same nucleosome. Yet, neither ChIP-on-chip nor ChIP-seq profiling—
representing averages of entire usually asynchronous cell populations—yield the
resolution to further analyze and address such questions at single-cell or singlenucleosome level. Carrier ChIP (CChIP) and MicroChIP currently represent the
best approaches of this family, but still require on the order of 102 –103 cells to generate a chromatin modification profile (O’Neill et al., 2006; Dahl and Collas, 2009),
and genome-wide single-cell maps of modifications are technically still not feasible as of the writing of this dissertation. Even if we already could study chromatin
on the single-cell level, the question of whether certain histone marks, such as
methylation of different H3 residues as presented in Chapter 4, coexist on the same
histone could still not be answered. Single-molecule experiments are necessary to
determine cooccurrance of modifications at high resolution. Recent work based
on highly sensitive mass spectrometry generated progress in that direction (Young
et al., 2010; Taverna et al., 2007). Yet, all of the mentioned technologies capture
only snapshots of the chromatin structure and fall short to address the dynamics
and, thus, the sequential dependencies between chromatin modifications. While
synchronizing or arresting cells, as done to derive the data analyzed in Section 4.3,
might work for certain questions, ultimately techniques like CATCH-IT (covalent
attachment of tags to capture histones and identify turnover) offer greater versatility for measuring the dynamic properties of histones (Deal et al., 2010).
The gained understanding on the ‘micro’ level of structural and dynamic properties of chromatin will have to go hand in hand with the unrevealing of the spatial organization of this computational layer on the ‘macro’ level within the nucleus (Misteli, 2007). Advancements in live-cell imaging represent promising
steps towards determining these conformational layouts (Zhao et al., 2006; Simonis et al., 2006; Dekker et al., 2002; Vassetzky et al., 2009). A more comprehensive
appreciation of the spatial and temporal complexity of chromatin will also help to
relate back to the processes located on its connecting layers, foremost DNA and
the activity of genetic elements. The ease with which genetic manipulations can
be performed in model organisms in combination with suitable environmental con128

ditions will be crucial to dissect (context-dependent) causalities in these complex
problems in cell biology. Hence, chromatin modification profiling complemented
by transcriptome mapping under various conditions will greatly augment the ability to link observations and functional outcomes with respect to gene activity and
non-coding RNA regulation. The examples presented in Section 4.5 demonstrate
the rich opportunities for scientific discovery that arise from this synergy.
To take full advantage of these opportunities, the analysis of multi-dimensional
data will be increasingly important and offer plenty of room for inter-laboratory
and -disciplinary collaborations. Suitable analysis platforms supporting such endeavours will be crucial along that path, and the Internet will play a key role as
the web-based fusion of tools and data repositories steadily continues. This trend
is best exemplified by the recent integration of one of the most advanced algorithms for genome-scale assembly of sequencing data (Ng et al., 2010) into the
Galaxy environment. I too chose Galaxy to demonstrate in Chapter 3 how locally running analysis tools can be easily migrated and made publicly available
to broader audiences. Besides the development of smart new algorithms to manage the data volume that is being generated through projects such as the Roadmap
Epigenomics (Bernstein et al., 2010) and the large-scale integration of such resources into frameworks, simply increasing the exposure of computational people
to biological and biomedical research—and vice versa—may be a relatively easy
step to tackle the ‘informatics crisis’ (Goecks et al., 2010) in the ’omics era.
Personally, I have greatly enjoyed this exposure over the past years while working on the projects presented herein, and I feel benefited having the opportunities
to straddle domains and explore the facets of information and life from both the
biocomputing and bioinformatics perspective. I hope the results I was able to derive will contribute to the advancement in understanding information processing in
living systems and inspire novel designs for biocomputing circuits.
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Washietl, S., Machné, R. and Goldman, N. (2008). Evolutionary footprints of
nucleosome positions in yeast. Trends in genetics : TIG 24, 583–587. → pages
127
Watson, J. D. and Crick, F. H. (1953). Molecular structure of nucleic acids; a
structure for deoxyribose nucleic acid. Nature 171, 737–738. → pages 6
Weake, V. M. and Workman, J. L. (2008). Histone ubiquitination: triggering gene
activity. Molecular cell 29, 653–663. → pages 77, 105, 115, 117
Weber, M., Davies, J. J., Wittig, D., Oakeley, E. J., Haase, M., Lam, W. L. and
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