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Abstract

Gene regulatory networks are dynamic and continuously remodelled in response to
internal and external stimuli. To understand how these networks alter cellular phenotype in
response towards specific challenges, my first project sought to develop a methodology to
explore how the strength of genetic interactions changes according to environmental context.
Defined as sensitivity-based epistasis, the results obtained using this methodology were
compared to those generated under the conventional fitness-based approach. By integrating this
information with gene expression profiles and physical interaction datasets, we demonstrate that

sensitivity-based epistasis specifically highlights genetic interactions with a dynamic component.

Having investigated how an external stimulus regulates network dynamics, we next
sought to understand of how genome positioning impacts transcription kinetics. This feat was
accomplished by cloning two gene-reporter constructs, representing contrasting promoter
architectures, across 128 loci along chromosome III in S.cerevisiae. By comparing expression
and noise measurements for promoters with “covered” and “open” chromatin structures against a
stochastic model for eukaryotic gene expression, we demonstrate that while promoter structure
regulates burst frequency (the rate of promoter activation), positional effects in turn appear to
primarily modulate burst size (the number of mRNA produced per gene activation event). By
integrating these datasets with information describing global chromatin structure, we suggest that
the acetylation state of chromatin regulates burst size across the genome. Interestingly, this
hypothesis is further supported by nicotinamide-mediated inhibition of Sir2 which would appear

to modulate burst size globally across the genome.
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Foreward

Throughout my master’s degree, I have had the opportunity to work on two distinct
projects which are the object of my paper based thesis. The first, entitled: Identification of
response-modulated genetic interactions by sensitivity-based epistatic analysis, extended the
principle of epistasis to identify gene-gene interactions which are dynamically modulated
according to the environmental-context. Defined as sensitivity-based epistatic analysis, we
explicitly develop this principle under the assumption that genetic and environmental
perturbations may be treated equivalently with respect to their impact on fitness. To validate this
methodology, we contrast and compare our results to those generated by the conventional
fitness-based approach. Specifically, by applying these methodologies to the study of both the
transcriptional and proteomic response to the DNA damaging agent methyl-methanesulfonate,
we demonstrate that this principle specifically highlights interactions with a dynamic component.
By applying this principle systematically to generate sensitivity-based mini-array profiles (S-
MAP), we demonstrate not only that we can identify many of the pathways and complexes
involved in DNA repair, but that we can utilize this information to delineate complex hierarchy
within the response. By identifying such regulatory events, this analysis provides an
understanding of dynamic regulation within signal transduction networks. My contributions to
this work involved all aspects including strain generation, strain validation, mating throughout
the synthetic genetic array, establishment of the protocol for growth rate acquisition as well as
data-analysis. Our technician, Lioudmila Tepliakova, in turn provided me with aid in strain
generation and strain validation. The result of this work was presented via poster presentations at

two conferences;
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Batenchuk C., Teplikova M., and Kaern M., Dynamic Epistasis Among
Transcriptional Regulators of DNA Damage Response Pathways. Embo
Practical course on Networks in Biology analysis, modeling and reverse

engineering, EuroMediterranean University, Bologna, Italy, 2009

Batenchuk C., Teplikova M., and Kaern M., Dynamic Epistasis Among
Transcriptional Regulators of DNA Damage Response Pathways. Progress

in Systems Biology: the Brain and Mind, Ottawa, Canada, 2009

and has been accepted under the title: "Batenchuk, C., Tepliakova, L., Kcern, M. Identification of
response-modulated genetic interactions by sensitivity-based epistatic analysis (2010) BMC
Genomics, 11:493". While this work has important implications for the epistatic and systems
biology community, this project also aided me in an academic manner by developing my skills in

Matlab coding, data integration and data analysis.

With these skills acquired during my first project, the second phase of my work sought to
characterize the relationship between promoter kinetics and chromosomal positioning. In gene
expression, two important attributes describe the expression levels driven from a given promoter.
The first is the mean expression level and serves as a key determinant of downstream reaction
kinetics by indicating the average concentration of protein products readily available within the
cell. The second attribute pertains to the variance in the average gene expression across the
population, alternatively described as gene expression noise, which provides insight into the
regulation of a given locus. While the relationship between promoter kinetics and gene
expression has been well characterized by combining experimental results with predictions

established through theoretical physics (Ozbudak et al., 2002; Blake et al., 2003; Blake et al.,
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2006), an understanding of the impact of genome positioning on this relationship remains to be
identified. As an early attempt to identify these features, we investigate the relationship between
mean expression and noise for two contrasting promoter architectures cloned across 128 loci
along chromosome III in S.cerevisiae. The two promoters utilized in this analysis were selected
to highlight the difference between promoters associated with an “open” or “covered”
nucleosome structure. By comparing our results to those generated through stochastic
simulations, we present a formal foundation for the principle that genome positioning potentiates
its effects by regulating the burst size, defined as the number of mRNA produced per promoter
activation event, rather than by regulating the frequency of promoter activation. By integrating
this information with datasets describing histone acetylation and polymerase binding (Liu et al.,
2005), and characterising the effects associated with nicotinamide perturbation, we suggest that
the histone deacetylase Sir2 appears to serve as a regulator of the burst size at ~40% of all loci
tested, consistent with the observation that Sir2 affects a rate limiting step post RNA polymerase
initiation (Sekinger and Gross, 2001; Gao and Gross, 2008). While this study is of high
importance to theoretical physicists, evolutionary biologist, as well as to the sirtuin community,
this study has been submitted under the title: Chromosomal position effects arise from Sir2-
mediated variation in transcriptional bursting. My contributions to this project involved all
aspects other than strain generation, which was completed by Simon St.Pierre, Samyuktha
Adiga, and Mila Teplikova, and the initial screens performed by Simon St.Pierre, Samyuktha
Adiga, Anna Szuto, and Nazir Kabban, to establish that positional effects vary across promoter

constructs; a result not discussed in this thesis.
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1. General Introduction

Sensitivity-Based Epistatic analysis

Origins of Epistasis

Epistasis is a fundamental principle which can be applied to indentify and interpret the
hierarchical relationship among loci (Avery and Wasserman, 1992). According to the classical
definition of epistasis, an epistatic interaction is observed between two loci when the phenotypic
consequence of mutation (t4) is alleviated following mutation of a second locus (Tsz).
Alternatively described as alleviating epistasis (Onge et al., 2007), buffering epistasis (Segre et
al., 2005), or masking epistasis (Elena and Lenski, 1997), such interactions indicate an “AND-
like” functional relationship between genes. For combinatorial gene deletions which enable
complete rescue of the mutant phenotype relative to wildtype (i.e. Ty < Tgz = Tg = Tyr, S€€
Figure I1a), it is typically inferred that both genes function antagonistically with one another.
Classical examples include the interaction between Cdc25 and Weel, whereby the G2/M cell
cycle arrest induced by Cdc25 mutations is rescued following deletion of Weel in
Schizosaccharomyces pombe (Fantes, 1979). A result which suggests that both regulators share
opposite function in the regulation of the G2/M transition. For alleviating interactions which do
not allow for the recovery of wildtype phenotype, but are rather less severe than anticipated since
there is redundancy in the targets affected by single gene deletion, it is inferred that both genes
function within a common pathway or complex (Ongeetal ., 2007; Segre etal ., 2005).
Interestingly, pending equivalence between single- and double-mutant phenotypes, genes

functioning within a common pathway can be distinguished from those involved in the same
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protein complex. Co-equal relationships, in which T, = T; = Tz < Ty, are anticipated to
reflect proteins functioning within the same complex (Onge et al., 2007), as deletion of any
subunit impairs complex functionality (Figure I1b). Masking epistasis (Tyg = Tq4 = Tg < Tyyr) 1S
in turn observed when deletion of the upstream activator A results in loss of the downstream
effector B, and/or its targets and is in turn associated with a greater phenotypic consequence

(Figure I1c) (Aylor and Zeng, 2008; Onge et al., 2007).

While traditional epistatic analysis identifies functional interactions through alleviating
relationships, the principle of epistasis has been extended to include the alternative scenario in
which the phenotypic consequence is more severe than anticipated. Recent advances in genomics
technologies have enabled large-scale identification of epistatic interactions in which gene
deletion increases the phenotypic consequence typically associated with mutating the other. For
example, synthetic genetic array (SGA) technology enables the rapid generation of large scale
double-deletion yeast mutant libraries in which severe sickness or death highlights following
double gene deletion highlight a genetic interaction between genes (Tong et al., 2001; Tong et
al., 2004). In this analysis, the extreme phenotype of the double mutant arises from an
aggravating epistatic interaction in which mutation in one causes the other to become essential
for viability or mating. While synthetic lethal screens identify “extreme” phenotypes,
aggravating epistasis can be referred to as any double deletion mutant whose phenotypic
consequence is more severe than that anticipated following combination of single gene deletion
(see Chapter 1.1.3). Such interactions typically refer to an “OR-like” scenario in which genes A

or B must be present to prevent further loss of the trait (Figure 11d).

By integrating this information with alleviating interactions, epistatic analysis allows for
near complete recovery of network architecture regulating the trait in question (Segre et al .,
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2005). Indeed, epistatic mini-array profiling (E-MAP) is an emerging technology which expands
upon this principle to suggest that similarities in epistatic interaction profile across multiple loci
is suggestive of shared function (Schuldiner et al., 2005). A principle which serves as a powerful
tool to delineate pathway organization (Schuldiner et al., 2005), and reconstruct functional

protein complexes (Collins et al., 2007) involved in active regulation of the trait.

Phenotypes Utilized in Epistatic Analysis

Early studies of epistasis were performed by measuring allele frequencies in the
population (for a review see Carlborg and Haley, 2004) or by observing the phenotypic
consequence following the mating of genotypes associated with a distinct trait (for a review see
Avery and Wasserman, 1992; Boone et al., 2007). These studies were in turn limited by the
requirement that each single allelic variant had to be associated with a distinct phenotype to
follow its frequency or impact within the population. With the emergence of gene silencing
procedures (Longtine et al., 1998; Elbashir et al., 2001), epistatic analysis can now includes
mutants which are not associated with a distinct phenotypic consequence on their own. As such,
these studies can in turn focus on a wide variety of traits ranging from gene expression
(Fillingham et al., 2009) to cell size (Jorgensen et al., 2002). Among phenotypes, fitness is
typically utilized to evaluate the presence or absence of epistasis among genes as it may be easily
quantified in a systematic manner. Fitness phenotypes are characterized directly by measuring
growth in liquid (Onge et al., 2007) or solid culture (Tong et al., 2001). Alternatively, indirect
measurements of fitness may be provided through competition assays measuring genotype
frequencies by flow cytometry (Breslow et al., 2008) or microarray based technologies (Pan et

al., 2007).
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Quantification of Epistasis

According to the principle of epistasis, the null hypothesis of independence between two
genes is violated when the presence of a second gene deletion alters the phenotypic consequence
typically associated with mutating the other (Boone et al., 2007). While four distinct models
(multiplicative, additive, log or min) may be applied to reject the null hypothesis (Mani et al.,
2008), the multiplicative neutrality function can serve as the basis for all alternative definitions
(Mani et al., 2008), and predominates within recent large-scale studies of epistasis (Onge et al .,
2007; Segre et al., 2005; Jasnos and Korona, 2007). Under this model, the strength of an epistatic

interaction can be quantified as departure from the neutrality between fitness phenotypes where:
Wy X Wg = Wz X Wyr.

To formalize this expectation, it is noted that the relative impact of deleting gene A should
remain independent pending the presence (W 4wy =Wa /Wiyt ) or absence (Wig zy=W, 5/ Ws)
of gene B when the two are independent of one another. To identify if loss of gene B modulates
the fitness impact typically associated with deletion of gene A, equality between these terms is

set, resulting in the above multiplicative neutrality function.

To quantify the departure from this neutrality, the above function may be rearranged into

an epistasis score (e-score) whereby:

_ WapxWyr

EScore — W4 xWg 1.
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As such, when the e-score is significantly greater than 0, an alleviating interaction occurs
between the two genes. An observation typically associated with genes functioning
antagonistically to one another (Figure I1a), or within a common complex (Figure I1b) or
pathway (Figure I1c) . Aggravating interactions are in turn associated with the scenario in which
the e-score is significantly lower than 0. Such interactions typically reflect genes which operate

within parallel pathways (Figure 11d).
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A) Phenotypic Rescue B) Co-Equivalence

¥y o owm
omw T o w7

Ta<Tag™ Tg< Tyr Tag ™ Ta= Tg= Ty

C) Masking Epistasis D) Aggravating Epistasis (A or B)

AN ¢ NN

—EE —E " —mm —mm 7

Tag STASTg< Tyr Tag << T,/ Tg< Ty

Figure I1. Sub-Classification of epistatic interactions pending regulation of the trait (7).

Alleviating epistatic interactions are identified between genes A and B when the phenotypic
impact of the double-deletion mutant is less severe than anticipated. Under the multiplicative
definition of epistasis (Mani et al., 2008), this implies that 7, X 75 << T45 X Ty and £5.,,, = 0.
Pending equivalence between wildtype, single- and double-deletion traits (T), alleviating
interactions can be sub-classified between A) phenotypic rescue, B) co-equivalence and C)
masking relationships. D) Aggravating epistatic interactions in turn occur when the phenotypic
consequence is greater than anticipated whereby T; X 15 = Tz X Ty and 25, < 0. Dotted
lines represent interactions inhibited prior to gene deletion, while full lines represent active

interactions. In the above figures, trait is defined as expression of a given locus.
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Dynamic Epistasis

The response towards environmental perturbations is accompanied by rewiring of the
core network architecture which inevitably alters the epistatic relationship among genes.
Accurate pathway regulation is a factor required for orchestrating the specificity of the cellular
response towards the environmental challenge. This process is accomplished through activation
of the appropriate regulators which modulate cross talk between the different signal transduction
pathways (McClean et al., 2007). Loss of such regulators or pathways would in turn result in
severe phenotypic consequence, but only under specific conditions. For example, while deletion
of ~80% of the loci in the genome in S.cerevisiae have little to no consequence on fitness in the
absence of cellular stress, ~97% of these loci will have a severe impact in at least one of a
thousand conditions tested (Hillenmeyer et al., 2008). It is in turn not surprising that both the
sign and strength of an epistatic interaction are well documented to vary according to
environmental contexts (Onge et al., 2007; Aylor and Zeng, 2008; Remold and Lenski, 2004;
Musso et al., 2008). Such changes are in turn anticipated to reflect two primary mechanisms.
Either 1) it reflects emergence of novel functional interactions among regulators (Harbison et al.,
2004), or 2) the phenotypic impact of an interaction is apparent only under certain conditions.
For example, the phenotypic consequence of deleting two parallel DNA repair modules on the
fitness of the strain may have little effect in the absence of DNA damage, but become more

pronounced once the organism is transferred to a DNA damaging environment.

Providing an understanding of the dynamics determining the presence or absence of

epistasis between genes across environmental conditions represents an important feat in epistatic
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analysis (Fiedler et al., 2009). As stated above, the impact of gene deletion on the fitness of the
organism is typically utilized to evaluate the presence or absence epistasis between genes in
single-celled organisms. However, as fitness phenotypes are defined according to the viability in
a single environmental condition, identification of dynamically modulated genetic interactions
using the above trait has remained enigmatic. Foremost, it is not because an interaction is
identified in a single environment that it is inherently exclusive to that environmental condition.
For example, a certain degree of variation in the probability of the interaction is likely to occur
across environmental conditions and may cause the probability to be below threshold in one
environment (e.g pV=0.049) and above the other (pV=0.051). A phenomenon inherently not
associated with the environmental dependency of the interaction but to the identification process.
Conversely, it is not because an interaction is identified across environmental conditions that it
does not have an important role within the response towards the perturbation. This is the case in
the above example between regulators of the DNA damage response which may have a slight
impact in the absence of DNA damage, but inevitably have a greater phenotypic consequence in

the presence of DNA damaging agents.

Development of Sensitivity-Based Epistatic Analysis

To identify such dynamically regulated epistatic interactions, we build upon the classical
definition of epistasis by explicitly incorporating the phenotypic effects caused by changing
environment; an assumption frequently employed in chemogenomics (Hillenmeyer et al., 2008;
Lehar et al., 2007; Parsons et al., 2004). The resulting neutrality function is in turn referred to as

sensitivity-based epistatic analysis since fitness phenotypes are expressed as a ratio across the
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two environmental conditions. To validate this methodology, we first analysed the results of a
dataset acquired during my undergraduate degree (Cory Batenchuk, 2008). This screen
characterised the response of 316 Saccharomyces cerevisiae mutant strains carrying
combinatorial perturbations of 26 transcription factors (TFs) to the DNA-damaging agent
methyl-methanesulfonate (MMS). We chose these TFs because comprehensive datasets
describing the impact of MMS exposure on the TF-DNA binding patterns and the transcription
profile following gene deletion has been made publically available (Workman et al., 2006).
Following growth rate acquisition in liquid culture, we first conduct a conventional fitness-based
epistatic analysis to highlight that this methodology does not capture the environmental-
dependency of the interaction. We next implement our sensitivity-based epistatic analysis, to
compare and contrast our results to those obtained using the fitness-based methodology. We in
turn show that departure from sensitivity-based neutrality function enables the identification of
context-dependent epistatic interactions and highlights novel functional relationships not
captured by the fitness-based approach. Specifically, we show that only ~50% of the interactions
identified in the fitness-based analysis are likely to have a dynamic component. By integrating
this information with protein-DNA interactions and transcriptional profiles in which one TF
binds or alters transcription of another, it appears that the majority of sensitivity-based epistatic
relationships are owing to direct physical interactions which are altered by the presence of the
DNA damaging agent. An enrichment not obtained using the fitness-based approach. To
conclude our study, we apply our methodology to the dataset generated by St. Onge et al. (2007)
to demonstrate that clustering of sensitivity mini-array profiles (S-Map) allows for an improved

understanding of the DN A-damage response.
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Chromosomal position effects

Gene expression noise within the population

Within an isogenic population of cells, considerable variation in protein levels are
observed from one cell to the next. Defined as molecular noise, this variability originates from
stochastic fluctuations in the general processes controlling gene expression (Kern et al., 2005).
While extrinsic factors such as the local cellular environment (Volfson et al., 2006), cell cycle
phase (Kar et al., 2009), and cell volume (Halter et al., 2009) represent the primary contribution
to eukaryotic noise (Raser and O'Shea, 2004), variation owing to fluctuation in the “finite
number” of transcripts and molecular events involved in gene transcription have been shown to
play an important role in defining the gene expression landscape across cells (Kearn et al., 2005;
Becskei et al., 2005; Swain, 2004). For example, a key difference between the high-expression
locus Pdrl (~42000 proteins per cell; Ghaemmaghami et al., 2003) and the low expression locus
Poll (~1050 proteins per cell; Ghaemmaghami et al., 2003) is the number of mRNA molecules

per cell which passes from ~10 to ~3, respectfully (Zenklusen et al., 2008).

From both theoretical physics and experimental perspectives (Karn et al., 2005; Becskei
et al., 2005; Swain, 2004), discrete fluctuations in the kinetics involved in mRNA processing will
have immense impact on the final protein levels within the cell. These processes can be
deconvoluted into transcriptional and translational components where both play important roles
in modulating molecular noise levels within the cell (Raser and O'Shea, 2004;0zbudak et al.,
2002; Blake et al., 2003; Blake et al., 2006). Gene expression noise associated with the
translational process is assumed to primarily arise from static factors encoded within the nucleic
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acid sequence such as codon usage (Blake et al., 2003) or ribosome binding affinity (Ozbudak et
al., 2002). Transcriptional noise is in turn a property which is assumed to be primarily
determined by discrete fluctuations in the processes involved in mRNA production. Notable
targets include polymerase pausing, chromatin remodeling as well as transcription factors

recruitment within the promoter region.

Transcriptional bursting in eukaryotic gene expression

In eukaryotes, rather than having mRNA synthesized in a continuous process, gene
transcription can occur through short transient bursts of active mRNA production; a phenomenon
now defined as “Transcriptional Bursting". According a theoretical model for eukaryotic gene
expression, average noise and protein levels observed across the population of cells may be

defined according to a subset of birth-death processes as illustrated in the schematic below.

repressed active
promoter promoter MRNA protein

£, K k
K | YM‘ YP‘

Figure 12. Schematic of eukaryotic gene expression.

Here, the frequency of gene activation (ko) is a property defined by the number of rate limiting
steps prior to activation of the burst of gene transcription. These include all factors leading to

formation of the pre-initiation complex (PIC) including, but not limited to, transcription factor
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binding, regulation of chromatin unwinding, and recruitment of the PIC (Karn et al., 2005). The
number of functional mRNA produced during the intermittent phase of high-gene transcription is
determined by the rate of polymerase passage (k) as well as the stability of the open promoter
complex (kofr). The number of proteins generated per mRNA species are defined by the rate of

protein synthesis (k) as well as the rate of protein decay (¥, ), and are inevitably

counterbalanced by the rate of mRNA degradation (y,,).

Under the above schematic, expression levels within the system may be modeled

according to a standard rate equation whereby:

d[mRNA] ko
= X Ky, — X [mRNA
G Rtk m T tm X [mRNA]
d[Protein]

R k, X [MRNA] — yp X [Protein]

By solving both equations at steady state (i.e. where dxy/dt=0), average protein <p> and mRNA

<m> levels observed across the population of cells may be defined as:

k k
<mz=—21-—2
Ym kpff—I_kon

K by k
<p == F(l— of f J
}-’m)-(}l'p kﬂff+kﬂ.

Variance associated with the each of these processes is subsequently estimated through a poisson
distribution as both equations are governed by birth-death processes. From steady state
expression levels, Raser and O'Shea, 2004 provide an eloquent solution for the master equation

of gene expression noise (1) whereby:
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By fitting such theoretical models to experimental measurements, this study and others (Blake et
al., 2003) suggest that infrequent promoter activation is required to recapitulate the relationship
between transcriptional efficiency and n under certain circumstances. This theoretical
observation would advocate that mRNA production may be generated in a pulsatile manner
rather than as a continuous process for certain promoters. A theoretical concept latter confirmed

by single-RNA counting in eukaryotic cells ( Golding et al., 2005; Zenklusen et al., 2008).

Relationship between promoter architecture and noise

For promoters which are covered by tightly-bound nucleosomes, regulation of
transcriptional bursting can be achieved by regulating the opening and closing of the local
chromatin structure. These “covered” promoters are inherently associated with a high level of
transcriptional noise as they are sensitive to nucleosome remodeling within the promoter region
(Cairns, 2009). This is in contrast to “open” promoters which are anticipated to have lower noise
levels, as the region surrounding their transcription start site is constitutively depleted of
nucleosomes (Cairns, 2009). Characteristic of essential loci (Cairns, 2009), constitutive
promoters encompass specific DNA sequence elements, such as Poly(dA::dT) tracts or binding
sites for DNA bending proteins, which instigate a DNA structure unfavorable to nucleosome
deposition (Segal and Widom, 2009; Angermayr et al., 2003). Such structures are anticipated to

prevent transcriptional bursting and favor constitutive levels of gene expression within the cell
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(Zenklusen et al., 2008). A factor essential to prevent the lethality associated with the down-

regulation of essential loci (Fraser et al., 2004).

Modulation of gene expression noise across chromosomal positions

From observations that promoter regulation is dependent on genome localization,
chromosomal positioning has been demonstrated to play an important role in defining expression
heterogeneity (Becskei et al., 2005; Singh et al., 2010). Regulators anticipated to be involved
include histone deacetylases which are well documented to regulate the spreading of silenced
chromatin in yeast (Robyr et al., 2002; Rusché et al., 2002), and are well documented to vary in
activity across the genome (Tsankov et al., 2006; Braunstein et al., 1993). Notable positional
effects associated with such regulators include gene silencing within the telomeres and mating
type loci. By restricting DNA accessibility, these regulators have the potential to impact both the
frequency of promoter activation as well as the number of mRNA produced per activation event.
Indeed, while positional effects have been suggested to modulate the frequency of gene
activation (Becskei et al., 2005), histone acetylation has been shown to modulate a rate limiting
step post PIC-formation or polymerase recruitment (Sekinger and Gross, 2001; Gao and Gross,

2008) in turn suggesting that positional effects may equally modulate burst size.

Such subtle differences in the regulation of chromosomal positioning effects have
important contributions towards the evolution of chromosomal organization. If chromosomal
positioning modulates its effects primarily by regulating the frequency of gene activation, then it
is anticipated that promoters with a “covered” promoter architecture will vary significantly
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across regions of the genome. In contrast, “open” promoters would be anticipated to resist such
effects through the presence DNA sequence elements which promote nucleosome depletion to
ensure constitutive gene expression from the promoter. If on the other hand chromosomal
positioning modulates burst size, then it is anticipated that both promoters may be sensitive
towards positional effects. This notable distinction would have important implications towards
genome organization. Chiefly, if positioning primarily modulates burst frequency, open
promoters would have a greater plasticity in their positioning in contrast to covered promoters
which would require migration towards specific regions to achieve desired levels of gene
expression. However, if both promoters are equally affected, then it is assumed that open
promoters may migrate towards specific chromosomal regions to achieve desired expression

levels by modulating a step post promoter activation.

Chromosomal positioning analysis

To wunderstand the relationship between chromosomal positioning and promoter
architecture, the promoters of the Actl and Adhl loci were cloned across 122 chromosomal
positions along chromosome III in Saccharomyces cerevisiae. The open promoter of Actl was
selected as it contains a Rebl site flanked by two AT rich elements to resist nucleosome
deposition (McLean et al., 1995). The covered promoter of Adhl was in turn selected as
differentially regulated across environmental conditions (Bird et al., 2006; Denis et al., 1983),
and is documented to be regulated by recruitment of the SAGA chromatin-remodeling complex
(Bhaumik and Green, 2002; Shukla et al., 2006) to likely displace the tightly bound nucleosomes

documented to cover its TATA-box region (Krogan et al., 2004). A phenomenon associated with
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transcriptional bursting mechanisms (Zenklusen et al., 2008). Constructs driving yEGFP
expression were next integrated at each of the 122 loci, and analyzed by flow cytometry.
Through this experimental design, we hope to shed insight into three core aspects of
chromosomal positioning effects. First to determine if chromosomal impacts gene expression
kinetics from both open and covered promoter constructs. Second, to identify if burst frequency
or size is most affected by chromosomal positioning. Third, to attribute these effects to known

regulators of chromatin structure.

Following measuring how mean expression and transcriptional noise fluctuate along
chromosome III in Saccharomyces cerevisiae, we reveal that the DNA sequence elements which
resist nucleosome deposition in “open” promoters do not buffer against positional effects. This
would suggest that burst size is indeed modulated across chromosomal position. In further
support, the correlation between expression and noise for both promoters can be captured under a
stochastic model for gene expression where burst size rather than burst frequency is assumed to
vary across chromosomal positions. Following integration with high-throughput datasets
describing histone acetylation and polymerase binding, and subsequent confirmation, we suggest
that the histone deacetylase Sir2 appears to serve as a global regulator of burst size across the

genome.
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Abstract

Genetic networks are dynamic and continuously remodeled in response to environmental
challenges. Here, we develop a method from first principles to identify genetic interactions that
are modulated during an environmental response. Using the DNA damage response in budding
yeast as a test case, we demonstrate that the approach can improve the inference of regulatory
interactions from high-throughput data, and correctly associate genes with physical complexes
and DNA-repair pathways known to be important in the recovery from drug-induced DNA

damage.

Background

The principle of epistasis has been an important tool in functional genomics and genetics
research for more than a century (Boone et al., 2007; Phillips, 2008). According to this principle,
genes may be defined as epistatic to one another when the phenotypic impact associated with a
given mutation is altered by the presence of a second gene mutation. By measuring epistasis
scores, which quantify departure from a given neutrality model marking the absence of epistasis
(reviewed by Mani et al., 2008), it is possible infer regulatory hierarchies, identify functional
complexes, and infer genes functioning within common or parallel pathways (Avery and
Wasserman, 1992; Onge et al., 2007; Segr¢ et al., 2005; Aylor and Zeng, 2008; Schuldiner et al.,
2005; Collins et al., 2007; Fiedler et al., 2009). For example, aggravating interactions, which

occur when the phenotypic impact of the double deletion is greater than predicted by neutrality,

Page |18



may result from the loss of genes in compensatory pathways. Alternatively, alleviating
interactions, which occur when the phenotypic impact is less than expected, may indicate that

genes function within a common pathway or complex.

While epistasis reflects the structure of genetic networks in a given environment, the sign
and strength of these interactions are expected to change in accordance to the substantial changes
in physical interactions observed in response to external perturbations (see e.g. Harbison et al.,
2004; Workman et al., 2006). Such changes are anticipated to reflect the activation or
inactivation of different pathways across environments. Indeed, it is has been well established
that epistasis depends on both genetic and environmental contexts (Onge et al., 2007; Aylor and
Zeng, 2008; Remold and Lenski, 2004; Musso et al., 2008). Interestingly, while the phenotypic
impact of a changing environment is extensively analyzed in studies of gene-drug and drug-drug
interactions (see e.g., Hillenmeyer et al., 2008; Parsons et al., 2004; Lehner et al., 2006), the
environmental modulation of epistasis between genes has received much less attention.
Importantly, the analysis of fitness phenotypes may not enable a focus on pathways responding
to specific environmental perturbations if the mutant strains involved have fitness defects in both
the presence and absence of the perturbation (Onge et al., 2007). To address this issue, we have
developed a method from first principles to specifically identify pair-wise genetic interactions
that change dynamically between environments. This analysis of gene-gene-environment
interactions is similar to the generalization of epistasis in terms of three-dimensional genotopes,
(Beerenwinkel et al., 2007). This is achieved by explicitly incorporating environmental effects
into the neutrality function used to identify epistatic relationships. It turns out that the derived
neutrality function can be expressed in terms of sensitivity phenotypes. The method may thus be

viewed not only as an identification scheme, but also as providing a formal basis for the sub-
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classification of fitness-based genetic interactions using sensitivity recently proposed by St.

Onge et al., 2007.

To explore the utility of sensitivity-based epistatic analysis, we examined two
comprehensive Saccharomyces cerevisiae datasets describing the phenotypic impact of single
and double gene-deletion in the presence and absence of the DNA-damaging agent methyl
methanesulfonate (MMS). For the purpose of inferring transcriptional regulatory networks, we
generated and analyzed 342 mutant strains carrying single and double deletions of 26
transcription factor (TF) genes. These TFs were selected due to the availability of comprehensive
datasets describing the impact of MMS on their binding to downstream genes, as well as the
genome-wide changes in MMS-induced differential gene expression following TF deletion
(Workman et al., 2006). As a preamble, we derive the classical multiplicative neutrality function
and perform a conventional fitness-based epistatic analysis to identify genetic interactions in the
both presence and absence of MMS. We also discuss in more detail why the results of a fitness-
based epistatic analysis should not be used on its own to determine if a genetic interaction plays
a role in a given cellular response. We then derive the sensitivity-based neutrality function by
adopting the common assumptions that genetic and environmental perturbations can be treated
equivalently (Hillenmeyer et al., 2008; Parsons et al., 2004; Lehner et al., 2006), and that gene-
environment interactions should remain invariant across genotypes in the absence of context-

dependent epistasis.

Using the data obtained for single and double TF deletion mutants, we show that
sensitivity-based epistatic analysis implicates a set of genetic interactions in the MMS-induced
DNA damage response that is significantly different from that obtained using fitness phenotypes.

Noticeably, only ~50% of the interactions identified using fitness phenotypes are also among
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those identified using sensitivity. A direct quantitative comparison of the two sets confirms that
the sensitivity-based analysis specifically identifies interactions that change between
environments. To explore this further, we compare sets of sensitivity- and fitness-based genetic
interactions with datasets generated by Workman et al, 2006 describing MMS-induced
differential gene expression and protein-DNA interactions in the presence of MMS. This
comparison demonstrates that sensitivity-based epistatic analysis can improve the identification

of environmental-dependant regulatory relationships within transcriptional regulatory networks.

To evaluate the utility of sensitivity-based epistatic analysis for the identification of
functional relationships among DNA repair genes, we analyzed a dataset generated by St. Onge
et al, 2007. This dataset describes the phenotypic impact of MMS treatment on 349 single and
double mutants carrying deletions of 26 genes conferring resistance to MMS. We demonstrate
that hierarchical clustering of sensitivity-based epistasis signatures captures the composition and
order of complexes and pathways with known roles in the DNA damage response. We also show
that a sensitivity-based approach performs better than a fitness-based analysis for the
identification of multicomponent protein complexes with known functions in drug-induced DNA

damage repair.

Taken together, our results suggest that sensitivity-based epistatic analysis may provide a
useful tool to map how environmental perturbations modulate the architecture of genetic
networks and reveal new insight into the regulatory networks and pathways mediating cellular

responses to changing environments.
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Results and Discussion

Fitness-based epistatic analysis

The identification of genetic interactions using fitness phenotypes is typically based on the

expectation that the absence of epistasis is marked by the equality:

W(X,Y)x W (wt)=W (X)x W (Y), (1)

where W(wt), W(X), W(Y) and W(X,Y) are the fitness of the reference strain (wildtype, wt) and its
single- and double-deletion derivatives, respectively. This relationship, which is attributed to
Fisher (Boone et al., 2007), can be derived by comparing fitness defects caused by deleting gene
X in the wildtype strain, defined by oW(X,wt)=W(X)/W(wt), and a strain in which gene Y is also
deleted, defined by oW(X,Y)= W(X,Y)/W(Y). The equality in Eq. (1) is then obtained by assuming
that the fitness defect caused by the deletion of X is independent of the presence or absence of
gene Y, i.e., by setting oW (X,wt) = OW(X,Y). Defining fitness in terms of relative growth rates,
Eq. (1) predicts that the growth rate m(X,Y) of the double mutant strain in the absence of epistasis

is given by:

_ m(X)xm(Y)

- ) )

where m(wt), m(X) and m(Y) are the growth rates of the wildtype and single mutant strains,
respectively. The strength of an epistatic interaction can correspondingly be defined as the
relative difference between the observed and expected double mutant growth phenotype:

. mXY) = m(X,Y)e, _ m(X,Y)x m(wr) _1
f m(X,Y ), m(X)xm(¥)

3)
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We refer to Eq. (3) as the fitness-based epistasis score (F-score) since it measures the deviation
from neutrality, and since relative growth rate fitness and growth rates can be used

interchangeably.

To conduct a fitness-based epistatic analysis, we measured the growth rates of 342 single-
and double-deletion TF mutants in the absence and presence of MMS (Fig. 1a and Methods).
Detailed results are provided in Additional File 1. Among the 26 single mutant strains, 15 had
growth rates significantly different from that of the wildtype strain (Fig. 1b, T-Test; P < 0.05).
Eleven of 14 TF mutants identified as MMS sensitive in the study performed by Workman et al.,
2006 are also identified in our screen. The three mutants “missing” from our set (ecm224,
gendA, and yaplA) all have P-values just above threshold (P = 0.056, 0.055 and 0.080,
respectively) and could be classified as having growth defects in MMS using a higher
significance threshold. Despite using conditions and methods that are significantly different, the
overlap is comparable to that between the Workman et al, 2006 study and one by Begley at al,

2004 where 12 of 17 strains were identified in both studies using the same approach.

Page |23



000000000
0°°

y(t)=yoem

Optical density @600nm

0 T T T T T T T 1
0 100 200 300 400 500 600 700
Time (min)
b s0,+MMs
6.0' ***********
* %
* *
S 4.0
£
20
S
T 0.0
2 80 1-MMS P Ui T
-’E *
£ 60
5
940
2.0 1
S N N S S CICh e
» Q-8 OV AL /LI IXD SO X ¥ NN
& &S eg@arésgﬁ*g FEISTEG @$§$$§$«?&

Figure 1. Growth rate measurements.

(a) Representative optical density time course (open circles) illustrating the data used to estimate
the logarithmic growth rate (filled circles). (b) Growth rates of the single TF deletion mutants in
the presence and absence of MMS. Error bars indicate standard deviation. Asterisks indicate

strains with altered growth rates compared to the wildtype (T-Test; P < 0.05).
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Fitness-based epistatic analysis can be performed using the measured single mutant
growth rates directly (Onge et al., 2007), or by estimating the expected phenotypic outcome of
double gene deletion from pooled fitness measurements (Collins et al., 2006). Both approaches
have their advantages and disadvantages. While the former is associated with uncertainty arising
from alterations in growth phenotypes during the strain generation procedure (Jasnos and
Korona, 2007), the latter requires a low frequency of growth defects and genetic interactions.
Since the frequency of statistically significant growth defects is high within the TF single mutant
library, we employ a variant of the pooling method in which growth rates of the single mutant
strains is estimated from the median double mutant growth rate corrected for the phenotypic
impact of the second deletion (see Methods). In most cases, the estimated single mutant growth
rates obtained using this method is consistent with their directly measured values (Fig. 2a).
However, certain strains (yap5A, sok2A and adrlA) had deviations greater than 5%. This
deviation could indicate a high number of epistatic interactions, or that a systematic bias was
introduced during the generation of the double mutants. For example, the yap5A single mutant
grew consistently slower than its double mutant progeny, suggesting that the mutant might carry
a secondary mutation that is lost following mating. To mediate the impact of such experimental
uncertainties, we used estimated growth rates for the yap35A, sok2A and adrIA strains in our

subsequent analyses.

The results of the fitness-based epistatic analysis are summarized in Figs. 2b and 2c.
Detailed results regarding F-scores obtained in both the presence and absence of MMS, as well
as their associated P values, are provided in Additional File 2. Following strain generation,

316/325 of the possible double deletion strains were obtained for analysis. Figure 2b shows the
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histograms of F-scores for the corresponding TF-TF pairs in the presence and absence of MMS,
as well as 45 interactions identified when the criteria P < 0.01 is used to reject the null
hypothesis that epistasis is absent (see Methods). A previous study using data similar to ours
estimated a conservative false-discovery rate of ~20% (Onge et al., 2007). As expected, the F-
score distributions are centred at zero in both environments (the median &g is 0.007 and 0.0012
in the absence and presence of MMS, respectively), and scores associated with identified
interactions are located in the tails of these distributions. Of the 45 interactions identified, a
significant fraction (27/45) is identified in the presence of MMS while the remaining interactions

are identified only in its absence.

The association of genetic interactions with specific environmental conditions using F-
scores does not necessarily support correct interpretations about their environmental dependency.
For example, the identification of an interaction in both the presence and absence of MMS does
not inherently indicate an MMS-independent relationship. While the interaction may be
conserved across most environments, it could be of particular importance in a specific
environment. For example, genetic interactions important for the maintenance of chromosome
integrity in all environments may be critical for the repair of MMS-induced DNA damage.
Conversely, it should not be concluded that an interaction is important for MMS-induced
response based on its identification exclusively in the presence of MMS. Several non-biological
factors can contribute to a differential identification across different environments. For example,
the true variance may by chance be over- or underestimated in one of the two environments. This
may in turn cause the P value to be above its critical value in one environment and below it in
the other. Within our dataset, we found that the variance among replicates is increased in the

presence of MMS (data not shown), which inevitably introduce a bias towards identifying
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interactions in its absence. For these reasons, it is not possible to conclude if a given genetic
interaction plays a role in pathways responding to specific environmental perturbations based

solely on the measurement of fitness in the presence of the perturbation.
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b 100+

O All
Il P<0.01
75+
o |
g
o 501
c
[H]
O]
251
O' T L = =
-0.3 0 0.3 0.6
E-score

B -MMSonly [l +MMS only [l Both

&
9

VO VS YYD NS
DNV L H S OSFTXFopoQ
SETLSSCES T 50
w &

(a) Correlation between measured and estimated single mutant growth rates. (b) Histograms of

fitness-based epistasis scores (F-Score) calculated for all TF-TF pairs (grey) and those associated

with high confidence genetic interactions (red) in the presence of MMS. Insert displays the

corresponding histograms in the absence of MMS. (¢) The number of epistatic interactions

identified for each TF, categorized according to the environment where the interaction was
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identified. 18 interactions are identified exclusively in absence of MMS, 15 are identified only in

the presence of MMS and 12 are identified in both environments.
Quantifying gene-environment interactions

To derive a neutrality function that incorporates environmental effects, it is noted that the
phenotypic impact of changing the environment should be independent of a gene deletion when
the mutated gene is not involved in the cellular response to this change. The principle of epistasis
can thus be extended to gene-environment interactions when it is assumed that genetic and
environmental perturbations can be modelled equivalently with respect to their impact on fitness,
an assumption frequently employed in chemical biology (see e.g., Hillenmeyer et al., 2008;
Parsons et al., 2004; Lehner et al., 2006). To quantify the strength of gene-environment
interactions analogously to that of genetic interactions, let the fitness defect caused by changing
environment from E1 to £2 be given by oW(wt, AE) = m(wt,E2)/m(wt,E1) in the presence of gene
X and by OW(X, AE) = m(X,E2)/m(X,E1) in its absence. When mutating gene X has no impact on
the environmental response, i.e. OW(wt,AE) = OW(X,AE), the absence of a gene-environment

interactions is marked by the equality:
W(X,E2)x W (wt,E)=W (X,E1)x W(wt,E2). 4)

Equation (4) describes a neutrality function parallel to Eq. (1) in which a genetic perturbation has
been substituted by an environmental perturbation to identify an interaction between a gene and
the environmental condition rather than between genes. Using relative growth rate fitness, the
expected growth rate of the mutant strain is in turn given by:

~ m(X,E1l)xm(wt,E2)

X2y = m(wt, E1)

©)
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Defining sensitivity as the ratio of growth rates in the two environments, S = m(E1)/m(E2), the
relative difference between the observed and expected growth rate of the doubly perturbed strain

can be written as:

_ m(X,E2) x m(wt,E1) e S(wt)

Ey 1. (6)
m(X,E1)x m(wt,E2) S(X)

We refer to Eq. (6) as the environmental sensitivity score (ES-score) since it quantifies the
relative change in sensitivity to a new environment caused by a single genetic perturbation.
Neutrality between gene X and the environmental change is inferred when deleting the gene has
no impact on sensitivity and &qv(X) = 0. Conversely, a non-zero ES-score implicates the gene in

the cellular response to the environmental perturbation.

To identify which of our TFs are involved within the cellular response to MMS, we
calculated ES-scores for the 26 single mutant strains (Fig. 3a). Seven of these mutants have P-
values indicating a significant interaction (P < 0.05), including rpn44, which displayed the
greatest effect (&ny = -0.31), and adriA, dal81A, fkh2A, swiSA, swi6A and pdriA, which
displayed mild effects (&, between -0.04 and -0.10). Noticeably, all displayed fitness defects in
the presence of MMS (Fig. 1). Conversely, not all strain associated with a fitness defect in the
presence of MMS are accompanied by a high ES-score. Since the ratio of sensitivities in Eq. (6)
may be expressed as a ratio of fitness values between the two environments, the relative impact
of the mutation must be different across the two environments for the ES-score to assume a
significant value. Consistent with this interpretation, with the exception of rfx/A, the eight
mutants that display fitness defects in the presence of MMS but have low ES-scores also display

fitness defects also in the absence of MMS (see Fig. 1).
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Figure 3. Analysis of environmental sensitivity scores.

(a) Mean ES-scores for the wildtype (wr) and the 26 single deletion mutants. Asterisks indicate
strains with statistically significant environmental sensitivity (P < 0.05). (b) Examples of
variation in ES-scores for selected deletion mutants following the introduction of a second TF

deletion. Grey squares indicate double mutants not assayed.
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Sensitivity-based epistatic analysis

Extending the definition of the ES-score in Eq. (6) to genetic backgrounds other than wildtype
enables the identification of genetic interactions that change dynamically between environments.
To demonstrate this, we note that the ES-score associated with deletion of gene X, in a strain that

lacks gene Y is given by:

. _mXY.E)xmY.E) | S¥) (7)
(XY, E)xm(Y,E2)  S(XY)

In Fig. 3b, we illustrate that the ES-scores associated with specific TF deletions can vary
considerably in the presence of a second TF deletion. In the plot, we include only the TFs with a
high number of fitness-based epistatic interactions to specifically highlight the variation of

environmental sensitivity across different genetic backgrounds.

To derive a neutrality function that incorporates environmental effects, we impose the
definition of epistasis by assuming that mutating gene Y should not affect the phenotypic impact
of mutating gene X when the two genes act independently. Considering the impact on sensitivity
following deletion of gene X as the phenotype preserved across different genotypes, it
immediately follows from the equality &.,v(X) = &n(X,Y) that the absence of epistasis is marked

by a sensitivity-based neutrality function where:

S(X,Y) x S(wr) = S(X) x S(Y). (8)
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Equation (8) is a direct analogue of the fitness-based neutrality function in Eq. (1) and the
strength of the interaction between genes X and Y can correspondingly be quantified by the
sensitivity-based epistasis score (S-Score):

g SN =S, | SEY)xSwt)
S(XY)., S(X) % S(Y)

1, ©)

where S(X,Y)ex 1s the sensitivity satisfying Eq. (8) expected under the null hypothesis that

epistasis is absent.

To compare and contrast the fitness- and sensitivity-based approaches, we identified the
45 most likely epistatic interactions using F- and S-scores, respectively. The results of
sensitivity-based analysis are summarized in Fig. 4a, which displays the histograms of S-scores
for all TF-TF pairs and the 45 interactions with the lowest P values. As in the fitness-based
calculation, the S-score distribution is centred at zero (median &e,= -0.007) and S-scores
associated with high-confidence interactions are located in the extreme tails of this distribution.
Of the 45 interactions, 37 have P values below 0.05, while the remaining eight have P values
between 0.05 and 0.07. The additional interactions are included only to allow for a comparison
of interaction sets of equal size. Interestingly, only half of the fitness-based epistatic interactions
(24/45) are among those also identified using sensitivity phenotypes (Fig. 4b). When a P value of
0.05 1s used as the significance threshold, 16 of the 37 interactions are identified exclusively by
the sensitivity-based method. Sensitivity-based epistatic analysis thus provides a perspective on
TF-TF interactions in the DNA-damage response that is significantly different from that

provided by fitness-based analysis.
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To further explore the differences between the two methods, we plot in Fig. 4c the
correlation between the absolute value of &, and the absolute change in &g across the two
environments. This plot demonstrates that the strength of F-scores associated with interactions
not identified by sensitivity vary little between the two environments. One example is the
interaction between the cell cycle regulators SWI6 and ASH1, which have a strongly alleviating
interaction in both environments (gz= 0.25 and 0.33, respectively), but has a low S-score (&en= -
0.06). In contrast to this, interactions identified solely by the sensitivity-based method involve an
apparent change in the epistatic relationship between the two genes following MMS treatment.
An example includes the interaction between the homologues, ACE2 and SWI5, which have
well-documented overlapping functions in cell cycle regulation (Voth et al.,, 2007). All
interactions highlighted by the sensitivity-based method involve a marked change in F-scores
between the two environments. For example, the four SWI6 interactions identified by both
methods have F-scores that are high in one environment and low in the other. This includes the
interaction between SWI6 and MSN4 interaction, which is weak in the absence of MMS (&g=-
0.03) and strongly aggravating in its presence (&i=-0.33), resulting in a high S-score (&en= 0.6).
Thus, sensitivity-based epistatic analysis allows for an assessment of the dynamic change in
epistasis following an environmental perturbation. This may improve the identification of
context-dependent regulatory relationships among genes, as well as the association of proteins to

physical complexes and pathways involved in the response to environmental change.
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Figure 4. Comparison of fitness- and sensitivity-based epistatic analysis.

(a) Histograms of sensitivity-based epistasis scores (S-Score) for all TF pairs (grey) and the 45
most likely epistatic interactions (red). (b) The number of epistatic interactions identified for
each TF categorized according to the methodology by which the interaction was identified. (c)
Correlation between the absolute S-score and the absolute difference in F-scores in the presence

and absence of MMS.
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Inferring regulatory relationships

To evaluate the utility of sensitivity-based epistatic analysis in identifying putative MMS-
dependent regulatory relationships, we compared sets of interactions identified by fitness- and
sensitivity-based epistatic analysis to datasets generated by Workman et al, 2006 describing the
loss of MMS-induced differential gene expression following TF deletion, referred to as genetic
buffering (Workman et al., 2006) or regulatory epistasis (Tan et al., 2008), as well as protein-
DNA interactions in the presence and absence of MMS. To ensure a fair comparison, we used a
set of sensitivity-based interactions identified with P < 0.05 and two sets of fitness-based
interactions identified in the presence of MMS. The first containing 27 high-confidence (HC)
interactions with P < 0.01, and the second containing 62 reduced-confidence (RC) interactions

with P <0.05. The results of this analysis are summarized in Fig. 5a.

We first evaluated if the three sets of genetic interactions are enriched in direct genetic
buffering whereby the deletion of one TF causes the loss of MMS-induced differential
expression of another. Within the buffering dataset, there is evidence for genetic buffering
interactions between 26 of the 316 TF pairs tested (P < 0.05). About one-third (9/26) of these
direct buffering events are also identified by the sensitivity-based analysis corresponding to a
significant 3.0 fold enrichment (P = 0.001, hypergeometric test). By contrast, the set of
interactions identified using fitness phenotypes displays no significant enrichment over a random
model (0.9 fold, P = 0.68 or 0.8 fold, P = 0.79 for the HC and RC sets, respectfully). In other

words, if genetic buffering of one TF by another is viewed as evidence for a putative regulatory
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relationship, the sensitivity-based analysis clearly outperforms a fitness-based model in

identifying such interactions.

To determine which genetic interactions are supported by physical interaction data, we
analyzed the Workman protein-DNA interaction dataset focusing on genes that are differentially
expressed following MMS treatment. We evaluated two scenarios where TF-DNA binding might
manifest as a genetic interaction in the presence of MMS — the direct binding of one TF to
another and the co-binding of two TFs to a common downstream gene. The analysis of direct
binding to differentially expressed TF genes (identified using P < 0.05) provides evidence for
putative regulatory relationships among 10 TF pairs. Four of these interactions are also identified
in sensitivity-based set of interactions corresponding to a significant 3.4 fold enrichment (P

=0.02, hypergeometric test). By contrast, neither of the fitness-based sets displays enrichment.

To investigate the second scenario, we performed a two-step analysis. First, for each TF
pair identified by sensitivity-based analysis, we perform a hypergeometric test by counting the
number of differentially expressed genes bound by each TF and the number of genes bound by
both. Here, the identification of differentially expressed genes uses a lower P-value (P < 0.01) to
reduce the false positive rate. Within the set of interactions identified from sensitivity analysis,
seven TF pairs display a significant enrichment in co-binding using a stringent cut-off of P <
0.01. To evaluate if this number of interactions is greater than expected from a random model,
we counted the number of genes bound by any combination of TF pairs using the same criteria.
This identified 46 TF pairs that are significantly enriched in co-binding among the 316 pairs
tested. A hypergeometric test of these frequencies indicates no significant enrichment (1.3 fold,

P =0.28). Similar values are obtained for the fitness-based sets.
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The most compelling evidence for the improved identification is offered by sensitivity-
based epistatic analysis is obtained by considering the totality of the Workman data. When direct
buffering, direct binding and shared target binding are all considered evidence for a putative
regulatory relationship among TFs, nearly 50% of the interactions identified by using sensitivity
phenotypes are supported by at least one line of evidence (18/37 interactions, 2.0 fold
enrichment, P =0.001). By contrast, the sets of fitness-based interactions show no significant
enrichment (Fig. 5a). Some of the identified interactions are well established in the literature.
One example is the interaction between FKH2 and SWI5, which, according to the
Saccharomyces Genome Database, share a number of genetic interactions with genes involved in
cell cycle progression. FKH2 is essential for the correct cell cycle periodicity of SWI5
transcription (Pic et al., 2004) and has been reported to prevent SwiS-specific activation of the
cell cycle gene CTSI (Voth et al., 2007). Another notable example is the interaction between
SWI6 and RPN4, which co-localize to several common genes and both buffers the mitochondrial
DNA repair gene DIN7 (Workman et al., 2006). The TFs also share 26 of 61 genetic interactions
with genes that have MMS-specific phenotypes and documented roles spanning numerous DNA
repair modules, including homologous recombination and post replication repair (Pan et al.,
2006). Existing genetic interaction data thus suggests that SWI6 and RPN4 are functionally
linked in the MMS-response, in agreement with our observation of dynamic MMS-dependent

genetic interaction between these genes.

To further compare the two methodologies, we calculated the true- and false-positive
rates at varying P value thresholds when direct buffering, direct binding and shared target
binding are all considered as evidence for a putative regulatory relationship. The results, which

are displayed in Fig. 5b, indicate that sensitivity-based analysis can improve the identification of
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regulatory relationships among TFs. Specifically, the sensitivity-based method identifies a higher
number of true positives than the fitness-based method at any false-positive rate. This
improvement becomes more evident when the predictive value, defined as the fraction of
correctly identified interactions, is plotted for P values usually considered to imply statistical
significance (Fig. 5¢). While the sensitivity-based method achieves a success rate of about 50%
for P values between 0.01 and 0.05, the success rate associated with the fitness-based method at

best is in the 25-35% range.
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Figure S. Statistical comparison of genetic interaction sets.

(a) Genetic buffering and genome-wide TF-DNA binding data (Workman dataset) is taken for
evidence of putative regulatory relationships among TFs. R gives the ratio of frequencies and P
the probability of observing this or a greater ratio by chance. Boldface is used to indicate
statistically significant enrichments (P < 0.05) within the genetic interaction sets relative to the
frequency (hits/N) of interactions within the Workman data. Enrichment is analyzed in four
categories: (1) Genetic buffering of one TF by another, (2) Direct binding of one TF to the gene
encoding another, (3) TF pairs that bind to the same target gene(s), (4) interactions supported by
any of the categories (1)-(3). The number of hits in the Workman dataset among the 316 pairs
tested for each category are 26, 10, 46 and 77, respectively. (b) Comparison of true- and false-
positive rates associated with each methodology. (¢) The predictive value of the fitness- and
sensitivity-based methods at different P value thresholds. The predictive value is defined as the

fraction of correctly identified interactions.
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Inferring functional complexes and pathways

To explore if sensitivity-based epistatic analysis can be used to identify functional complexes
and pathways, we conducted hierarchical clustering of S-score profiles (see Methods). Clustering
of S-scores calculated for the TF dataset did not yield meaningful results (data not shown)
presumably due to the diverse and only partially overlapping roles of the different TFs in the
MMS response. As an alternative, we analyzed a dataset generated by St. Onge et al., 2007
describing the fitness of 349 mutants carrying single- and double-deletions of 26 genes

displaying fitness defects in MMS.

The hierarchical clustering of S-scores, displayed in Fig. 6a, yields a grouping of the 26
genes that is consistent with known functional modules within the DNA damage response. These
include members of the Rad6 epistasis group (RADS5, RAD18 and HPRS5), which functions within
the post-replication repair (PRR) pathway (Friedl et al., 2001; Pfander et al., 2005), the Shu
complex (SHUI, PSY3, CSM2 and SHU?2) involved in promoting the formation of homologous
recombination repair (HRR) intermediates (Mankouri et al., 2007), the Rad52 epistasis group
(RAD54, RADS51, RADS57, RAD55, RAD2 and RADS59) involved in homologous recombination
(Symington, 2002), as well as the Rtt101-Mms1 ubiquitin ligase (Zaidi et al., 2008) and the
Mus81-Mms4 recombination factor (Ehmsen and Heyer, 2008). As expected, the genes within

these clusters have MMS-enhanced alleviating interactions with one another (negative S-score).

Interestingly, the sensitivity-based clustering places SGS/ within the Rad52 epistasis
group in agreement with previous findings (Baldwin et al., 2005), but also appears to separate
this group into two different components — one comprising RAD54, RAD51, RAD57 and RAD55

and the other comprising RAD52 and RADS59. The former group are members of the Rad51-
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dependent HRR pathway and function in parallel with members of the Shu complex to generate
HRR intermediates processed by SGSI (Mankouri et al., 2007). The latter group is known to
have additional functions in single stranded annealing not shared by the other members of the
group (Symington, 2002). It may therefore not be surprising that RAD52 and RADS59Y cluster
farther from the Shu genes and that SGS1 clusters together with RAD54, RADS51, RAD57 and
RADSS. 1t is, however, interesting that hierarchical clustering of S-scores may be able to resolve
how the different groups of genes act together within the MMS response. It is also interesting
that the group comprising R77107, which is grouped with Mms22-dependent repair in agreement
with previous findings (Baldwin et al., 2005) SLX4, CLA4, and MAG1 display strong aggravating
interactions with members of the group comprising SGS1, the Shu complex genes and the genes
the in Rad51-dependent and independent HRR. This suggests that R7T107, SLX7, CLA4 and
MAGI may function in parallel to the main HRR pathway. In the case of SLX4, this is consistent
with the finding that the Slx4 and Sgsl are part of functionally redundant endonuclease

complexes (Fricke and Brill, 2003).

The clusters obtained using S-scores differ from those obtained by St. Onge et al, 2007
using fitness-based epistasis scores. Both analyses correctly identify the functional relationships
between RADS5 and RADIS8, all members of the Shu complex, four members of the Rad52
epistasis group (RAD52, RAD51, RADS55 and RADS57), the linkages between RTT107, RTT101
and MMS22, as well as those between MMS4 and MUSS81. However, the fitness-based clustering
failed to reveal the functional relationship between HPR5 and members of the Rad6 epistasis
group (RADS5 and RADIS8), the involvement of RAD54 and RAD59 with other members of the
Rad52 epistasis group, as well as the upstream role of Sgsl in processing HRR intermediates

generated by Shu complex and the Rad51-dependent HRR pathway. Notably, while analysis of

Page |42



fitness phenotypes performed by St.Onge et al, 2007 identified an alleviating interaction between
HPR5 and both RADS5 and RADIS8, the use of sensitivity-based clustering appears to better
capture the interplay of HPRS5, with both the Rad6 pathway (see Fig. 6a), consistent with the
observation of direct physical interactions between HPR5 and both RADS5 and RAD18 (Pfander

et al., 2005).

To further compare the two methods, we evaluated their ability to correctly recover
interactions among genes encoding multi-component protein complexes. Within a positively
regulated pathway where X acts upstream of Y, deleting the upstream gene is expected to mask
the phenotypic effect of deleting downstream gene (Avery and Wasserman, 1992). This
phenotypic masking can be detected if Wxy = Wx or Sxy = Sx. In terms of epistasis scores, this
corresponds to & = Wi/ Wy-1 when fitness phenotypes are used, and to &ep= &nv(Y) = Sw/Sy-1
when sensitivity phenotypes are used. For encoding different components of a physical complex,
it 1s further expected that & = W/ Wx-1 and gen= Swi/Sx-1, corresponding to co-equivalence

among mutant phenotypes.

Figure 6b compares the fitness- and sensitivity-based methods in recovering phenotypic
masking among protein complex genes. We focussed on three putative multi-component protein
complexes involving members of the Rad6 epistasis group (RAD5/RADIS/HPRS), the Shu
complex (SHUI, PSY3, CSM2 and SHU2) and 3 members of the Rad51 HRR pathway
(RAD51/RAD57/RADSS5). The genes within each complex are annotated as interacting physically
with one another according to the BioGRID database (Stark et al., 2006) and define a set of 24
directional interactions displaying phenotypic masking; two for each of the 12 gene pairs. Full
data is provided in Additional File 3. We defined phenotypic masking as an alleviating
interaction (P < 0.05) where the difference between respective single- and double- deletion
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mutants for fitness (Ay, = |&ui - W Wy+1| and Ay = |&xc - Wa/ Wxt1]|) or sensitivity-based (Az,
= |&en- Env(Y)| and Ay )= |Een- Eenv(X)|) measurements are below a certain threshold (Ay,). By
applying this approach to test for phenotypic masking between all 636 directional interactions,
the sensitivity-based identification outperforms that based on fitness phenotypes (Fig. 6b). This
is more clearly demonstrated in Fig. 6¢, which shows the fraction of masking relationship
recovered when Ay, is less than 10%. Indeed, for A, = 0.1, the sensitivity-based approach
recovers 92% (22/24) of the predicted interactions, including those between Rad5 and Rad18, all
the members of the Shu complex, as well as the putative complex involving Rad51, Rad55 and
Rad57. By contrast, the fitness-based approach recovers only the interactions among members of

the Shu complex, which accounts for less than 60% of the predicted relationships.
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Figure 6. Inference of functional modules and complexes relationships.

(a) Hierarchical clustering of S-score profiles. Red bars indicate genes in the Rad5 epistasis
group, members of the Shu complex, the Rad51-dependent and independent branches of the
Rad52 epistasis group, members of the Mms22-dependent pathway and the Mms4/Mus81
endonuclease complex. The orange bar highlights the clustering of genes in the Shu complex
with the Rad51-dependent pathway and Sgs1 (see text for details). Grey squares indicate double
mutants not assayed. (b) Comparison of true positive and false positive rates for fitness- and
sensitivity-based identification obtained by varying the threshold (A,,) used to establish
equivalence between single- and double-deletion phenotypes (see text). (¢) Comparison of true
positive rates for fitness- and sensitivity-based identification at different values of the

equivalence threshold.
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Conclusion

We have presented a method that extends conventional fitness-based epistatic analysis to
specifically identify genetic interactions that are dynamically modulated in response to an
environmental perturbation. The identification of such interactions may provide several
advantages by allowing a focus on pathways responding specifically to a given environmental
perturbation (Onge et al., 2007). Noticeably, within the TF dataset analyzed, as few as ~50% of
the interactions identified using fitness phenotypes are also identified using sensitivity. These
interactions represent linkages among transcriptional regulators that change in a response-
specific manner. Thus, combining the two approaches may enable the segregation of genetic
interactions within pathways involved in specific cellular responses, and interactions associated
with core processes preserved across environments. This conclusion is supported by the analysis
of genome-wide profiling of MMS-induced changes in transcription and protein-DNA
interaction data. This analysis demonstrates a clear enrichment in putative regulatory
relationships among TF pairs identified by sensitivity-based epistatic analysis, a result not
afforded by the analysis of fitness phenotypes. Moreover, our analysis of epistasis within known
DNA damage repair pathways confirms that quantifying the environmental dependency of
genetic interactions can be used to associate genes with different functional groups, physical
complexes and pathways. By applying this principle across a larger dataset encompassing
additional environmental conditions, we anticipate this methodology could aid in deciphering the

dynamics of gene networks.
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Integrating physical and phenotypic data into comprehensive and accurate models of
regulatory networks and pathways remains a major challenge in systems biology (Beyer et al.,
2007). The mapping of biomolecular interactions and transcriptional profiling provide
fundamental insight into the substantial remodelling of gene regulatory networks that take place
following environmental perturbations. However, it is not always clear if and how observed
changes in the physical interaction network manifest at the physiological level. This can be
clarified using the phenotypic information provided by sensitivity-based epistatic analysis since
the dynamically modulated interactions identified by this method are likely to reflect the
remodelling of network architecture in response to environmental cues. As such, the method may

have important applications in the inference and analysis of biological networks.
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Methods

Strains.

Double gene deletion mutants were generated as described (Tong and Boone, 2007). To
construct a single-deletion “starter” strain library, the TF-encoding open reading frames were
deleted using a PCR-based gene replacement strategy conferring uracil prototrophy or
kanamycin resistance. Kanamycin-resistant single-deletion mutants derived from strain BY4741
(MATa his3A leu2A metl5SA ura3A) were obtained from Open BioSystems. Uracil prototrophic
strains were derived from strain Y7092 (MATa canlA:STE2pr-LEU2 lypIA ura3A0 leu2AO

his3A1 met15A0, kind gift of Dr. Kristin Baetz).

Growth Assays.

Glycerol stocks maintained at -20°C were thawed at 4°C and 20l used to inoculate 380ul YPD
media, containing 10g/1 yeast extract (Wisent), 20g/l of Bactopeptone (Fisher), 20g/1 of dextrose
(Fisher) and 0.042 g/l adenine (Sigma), followed by incubation overnight at 30°C under
continuous shaking (250rpm). 20ul aliquots were subsequently diluted with 280ul YPD and the
optical density at 600nm (OD) measured using a PerkinElmer Victor3V 1420 Multilabel Counter
following incubation at 30°C for 1.5 hours. The OD was then adjusted to ~0.16 by dilution with
fresh YPD, and 35ul added to 35ul YPD or 35ul YPD supplemented with 0.015% MMS (Sigma)
in a 384 well plate. Each well was overlaid with a 6ul layer of light mineral oil (Sigma) to

minimize evaporation. Growth curves were estimated by measuring OD at ~15 minute intervals
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for 10 hours at 30°C in no less than 19 and 4 replicates for single- and double-deletion strains,
respectively. A custom Matlab script was used to calculate growth rates from OD values in the
range from 0.1 to 0.4, and obtained between 60 and 360 minutes after inoculation by fitting to an
exponential growth model. Following manual inspection, growth rate estimates were computed
based no less than 10 (-MMS) or 12 (+MMS) data points. A decreased OD window was used in
a few cases to allow for the analysis of strains with slow initial growth. Single mutant growth
rate were estimated from double mutant data using the following procedure. For each TF, a set of
growth rates pu(X) = w(X)... u(X) was calculated from Eq. (1) under the hypothesis that

epistasis with each of the other TFs is absent, i.e., (X)) = m(X,Y;)xm(wt)/m(Y;) where Y; refers to

the second TF deleted. The single mutant growth rate is then estimated by the median of z(X).

Statistical analysis.

Statistical significance was assessed using parametric bootstrapping. Simulated data, consisting
of random numbers drawn from distributions with the same mean and variance as the
experimental data was used to estimate the probability of observing an epistasis score as
extreme, or more extreme than the observed epistasis score by chance under the null hypothesis
that epistasis is absent. The null hypothesis was imposed on the simulated data by drawing the
appropriate double mutant growth rate from a distribution with a mean (my) given by the growth
rate expected in the absence of epistasis and a variance given by mg*x(cv,” + cv,”) where cv; and
cv; are the coefficients of variation associated with the measured double mutant growth rate and
the median coefficients of variation of all double mutant growth rates, respectively. P-values for

each epistasis score was computed based on 300000 trials.
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The assignment of fitness-based epistasis to specific environments (E£7, -MMS; E2, +MMS) was
based on the P values in the two environments. Interactions were associated with the absence of
MMS if Pyvs < 0.01 and Piyus > 0.01, to the presence of MMS if Pyvs > 0.01 and Payivs <
0.01, and to both environments if Pyms < 0.01 and Pamvs < 0.01. The P values associated with
protein-DNA interactions and loss of differential expression in TF deletion strains were provided

by Dr. Trey Ideker and analyzed as described (Workman et al., 2006).

Hierarchical clustering.

The analysis was performed in the R programming language using the pvclust package with
default parameters (correlation-based measure of dissimilarities between objects, and

agglomeration based on averages) (Suzuki and Shimodaira, 2006).
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Brief communication

Gene expression noise varies with genomic position and is a driving force in the evolution
of chromosome organization. Here, we performed a systematic analysis of chromosomal
position effects by characterizing single-cell gene expression from euchromatic positions
spanning across a eukaryotic chromosome. We demonstrate that position primarily
modulates the size of transcriptional bursts rather than their frequency, and that the

histone deacetylase Sir2 plays a role in this process.

Cells display considerable variability in gene expression due to fluctuations in the rates of
gene activation, transcription and translation(Kaern et al., 2005; Mcadams and Arkin, 1997;
Raser and O'Shea, 2005). In eukaryotes, slow promoter kinetics can result in transcriptional
bursting and high cell-to-cell variability (noise) as multiple mRNAs are synthesized in rapid
succession at irregular intervals(Blake et al., 2003; Zenklusen et al., 2008). This phenomenon is
thought intimately linked to gene position(Becskei et al., 2005; Singh et al., 2010) through
spatial variation in the recruitment and retention of transcription factors, nucleosomes and
chromatin remodeling complexes. However, high-throughput studies of noise in the expression
of endogenous yeast proteins (Newman et al., 2006; Bar-Even et al., 2006) failed to provide
strong support for this hypothesis, presumably due to the masking of position effects by gene-
specific variables. Consequently, it remains unclear to what degree gene expression is modulated

across the chromosomal landscape, and what factors contribute to these effects.
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To characterize the relationship between gene position and gene expression
independently of gene-specific variables, we integrated reporter cassettes at 128 euchromatic loci
along chromosome III in budding yeast Saccharomyces cerevisiae (Fig. 1a). We characterized
reporter expression driven by promoters with two contrasting architectures(Cairns, 2009). The
promoter of the ADH1 gene (Pappi) Was selected as an example of a “covered” promoter, which
regulates gene expression through SAGA(Bhaumik and Green, 2002) and a consensus TATA-
box occupied by nucleosomes(Krogan et al., 2004). Both of these features are hallmarks of high
transcriptional noise (Zenklusen et al., 2008; Newman et al., 2006). The promoter of ACTI
(Pact1) 1s an example of a contrasting “open” promoter architecture that maintains a structure
unfavorable to nucleosome deposition through the presence of an Poly(dA::dT) tract and a
binding site for the DNA bending protein Rebl(Angermayr et al., 2003; McLean et al., 1995).
Structures which allow the promoter to be constitutively active, and anticipated to result in

relatively low gene expression noise (Cairns, 2009).

We quantified reporter gene expression in single cells by flow cytometry. For each
position, we calculated the population-average expression and gene expression noise from
single-cell measurements (see Supplemental Methods). Interestingly, expression driven by Pappi
was bimodal (Fig. 1b) at two positions located between the heterochromatic regions of the left
telomere and the silenced HML mating type loci. A similar effect, attributed to the existence of
two distinct expression states, was recently observed in an engineered system when two
interacting silencing gradients flank a reporter expression cassette (Kelemen et al., 2010).
However, for Pacri expression at the same positions (Fig. 1c), and in all other cases, the
distributions of reporter fluorescence were unimodal and consistent with fluctuations around a

unique expression state.
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Average expression and expression noise are both subject to considerable variation across
the chromosome for both open and covered promoters (Fig. 1d,e) with Papy; displaying the
highest coefficient of wvariation. Nevertheless, expression noise is significantly correlated
between the two promoters (p = 3.9x10”, Supplementary Table 1), suggesting that the observed

position effects are linked to variation of a common, promoter-independent factor.

To putatively identify such factors, we compared our data to polymerase Il occupancy
and histone modifications across chromosome III (Liu et al., 2005). We observed significant
correlations between our data and euchromatic positions within regions depleted in polymerase II
binding or acetylation of histone lysines H3K9, H3K14 and H4K16 targeted by the histone
deacetylase Sir2 (Imai et al., 2000) (Supplementary Table 1). Notably, expression noise is
negatively correlated with polymerase binding (Fig. 1f, p = 5.1x10® for Pacr1, p = 2.9x10™ for
Papni) and H4K16 acetylation (Fig. 1f, p = 3.8x10"° for Pacri, p = 2.4x10™"° for Papmi).
Additionally, regions with the lowest polymerase binding or the highest apparent Sir2 activity
are robustly enriched in low expression or high noise positions for both promoters
(Supplementary Fig. 1). These regions, which accounts for most of the observed correlations, are
predominantly located adjacent to heterochromatic regions where it is well established that Sir2

has high activity.
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Figure 1. Variation in reporter expression and expression noise across chromosome IIL

(a) Experimental design. A cassette containing a fluorescent reporter gene downstream from
Papnor Pacri replaces the KanMX cassette used to delete non-essential chromosome I1I genes.
(b) Bimodal fluorescence histograms for Papm; expression at positions near the left telomeric
region. Red curves illustrate the de-convolution of the histogram into two underlying
distributions. (¢) Unimodal fluorescence histograms obtained for Pact) expression at the same
positions. (d) Population-average Pacri expression (blue) and Papp; expression (red) as a
function of chromosomal coordinate. (e) Noise in Pac) expression (blue) and in Pappy
expression (red) as a function of chromosomal coordinate. (f) Relative polymerase Il occupancy
(blue) and relative acetylation of H4K 16 (red) as a function of chromosomal coordinate (see

Supplemental Methods).
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To gain insight into the mechanistic origin of chromosomal position effects, we examined
a stochastic model of stochastic gene expression (Fig. 2a) to determine which of four different
scenarios best account for our experimental observations. In this model, transcriptional burst size
is given by the average number of mRNA synthesized once the promoter is active and is defined
as the ratio of the mRNA synthesis rate (ky) and the promoter deactivation rate (ko). The
frequency of the bursts is determined by the promoter activation rate (ko). The first scenario
(Model A) corresponds to the absence of transcriptional bursting. In this model, expression noise
is determined primarily by fluctuations in the number of mRNA molecules and is independent of
how position modulates mRNA synthesis. The three additional scenarios correspond to position-
dependent modulation of transcriptional bursting by different mechanisms. In models B and C,
position is assumed to modulate burst size through kv and ko, respectively. In model D, burst
frequency is modulated through k,,. These different scenarios can be distinguished since they
predict different dependencies between noise and average expression (see Supplemental

Information).

The measured dependency between noise and average expression can be fitted well to the
model where the rate of mRNA synthesis varies across the chromosome (» = 0.96 for Pscr; and 7
= 0.91 for Papui, Fig. 2b). For Papy; expression (Fig. 2b, insert), cross-validation indicates that
the models involving variation of burst size explain the data significantly better than that
involving variation of burst frequency (p = 5.8x10” for Model B versus D, and p = 0.018 for
Model C versus D). In fact, the burst frequency model performs no better than the model where
transcriptional bursting is absent (p = 0.51 for Model D versus A). For Pacr1 expression, the four
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models perform equally well (data not shown) suggesting that the low expression noise
associated with this promoter is due to the absence of transcriptional bursting. A result

anticipated for an open promoter construct.

To further investigate the hypothesis that variation in burst size contributes to
chromosomal position effects, we quantified the impact of the Sir2 inhibitor, nicotinamide,
across the chromosome (Fig. 2¢), as well as the effect of Sir2 deletion on Papy; expression from
five randomly chosen positions (Fig. 2d). Unsurprisingly, nicotinamide treatment had the
greatest impact on positions associated with high Sir2 activity (Supplementary Fig. 2), in
agreement with the hypothesis that Sir2 attenuate expression in regions adjacent to
heterochromatin. Moreover, the effect of nicotinamide on noise measured across the
chromosome is consistent with the modulation of burst size (Fig. 2c, Supplementary Figure 3).
Specifically, for Papy; expression, modulation of kv or ko 1s significantly better at predicting
the effect of nicotinamide treatment compared to a model where ko, is varied (p = 2.7x10™’ for
Model B versus D, and p = 3.7x10™* for Model B versus D, Fig. 2c, insert). This is further
substantiated by the effect of Sir2 deletion on gene expression noise, which can be accurately
predicted by variation in burst size, but not by variation in burst frequency (Fig. 2d). It is noted,
however, that significant variations across loci persists after the deletion of Sir2 (Fig. 2d, insert),

indicating that Sir2 is not the only factor contributing to position effects.

Interestingly, our finding that chromosomal position modulates burst size rather than
frequency is consistent with the finding that the chromatin structure established by Sir2 is
permissive to promoter activation, and suppresses mRNA synthesis by inhibiting the recruitment

of factors necessary for transcript elongation(Sekinger and Gross, 2001). Moreover, while Sir2 is

Page |58



typically viewed as restricted to heterochromatic regions, systematic analysis has documented
widespread binding of Sir2 across eukaryotic regions, including ACTI and ADHI at their native
loci, and many other highly transcribed genes(Tsankov et al., 2006). Therefore, it seems
reasonable to hypothesize that the position effects we observe for the ACTI and ADHI promoters
are due to variation in mRNA synthesis rates and are linked to variation in Sir2 activity across
the chromosome. However, both the mechanism involved in Sir2-mediated transcriptional
silencing and the extent of Sir2 activity outside heterochromatic regions remain controversial.
Additional experiments, such as single mRNA counting (Zenklusen et al., 2008; Ghandi et al.,

2010), are needed to clarify these issues.
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Figure 2. Chromosomal position effects are consistent with modulation of transcriptional

burst size.
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(a) Four different models predict different relationships between noise 7 and population-average
expression < p>. The constants ko, and ks represents promoter activation and deactivation rates,
ky 1s the rate of mRNA synthesis, &p is the rate of protein synthesis per mRNA, and yy and yp are
mRNA and protein decay rates, respectively. The fitting constants are defined by: C; = kp/(ym +
vp), Ca = knkp/(ymyp), To = Yp/YM, T1 = kon/YM, T2 = kott/Yp (se€ Methods). (b) Full curves illustrate
the fit to Model B. Broken curves indicate the 95% confidence interval. Insert displays
comparison of model fits to Papp; data. Curves fitted to Model A and D overlap. (¢) Full and
broken curves illustrate the fit to Model B to data obtained in the absence and presence of the
drug. Insert displays how different models fit the Papp; dataset. Curves fitted to Model A and D
overlap. (d) The effect of Sir2 deletion is consistent with modulation of burst size but not its
frequency. Papu) expression was characterized for five loci (A: YCR020C; B: YCL030C; C:
YCLO037C; D: YCRO60W; E: YCL064C) in the presence (blue) and absence (red) of Sir2.
Curves fitted to Model A and D overlap. Insert displays the effect of Sir2 deletion on the average

expression. Position E near heterochromatin is most severely affected.
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Supplementary materials and methods

Strain generation.

Promoter-reporter expression cassettes were obtained by inserting a PCR-amplified
yEGFP into the pRS406 vector backbone (Stratagene) using Sacl and EcoRI. The endogenous
Pacri and Papp; promoters were isolated from genomic DNA (strain BY4741) by PCR
amplification of a 1kb region upstream of the ACTI or ADH] start codon, and inserted into the
modified pRS406 vector using BamHI or Xhol and EcoRI. The resulting vector
(Supplementary Fig. 5) was designed such that reporter expression following chromosomal
integration is shielded from distal upstream effects by an URA3 expression cassette and a CYCI
transcriptional terminator positioned upstream of the reporter cassette. Promoter sequences were

confirmed by sequencing.

Genomic integration of the reporter-expression cassette was achieved by PCR-mediated
gene replacement of the KanMX cassette used to generate the deletion library in the parental
strain BY4741 (Open Biosystems). Successful integrations were confirmed by testing uracil
prototrophic strains for the loss of kanamycin resistance by replica plating onto YPD plates
containing 2 mg/ml G418 . PCR confirmation of 15 randomly selected strains confirmed for loss

of kanamycin resistance yielded an efficiency of 100%.

Loci selected for integration include all but one none-dubious euchromatic open reading

frames (ORFs). The only ORF not analyzed is YCLO73C, which encodes a protein of
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unconfirmed function, since the corresponding deletion mutant is not available. We employed
stringent criteria to mitigate gene deletion effects and experimental error (see below). Therefore,
data was not available for all loci in triplicate. For Pact expression no data was not available for
the following ORFs: YCL073C, YCRO03W, YCR020W-B, YCR028C and YCRO53W. For
Papy expression no data was available for the following ORFs: YCLO76W, YCLO75W,

YCLO073C, YCR107W, YCR053W, YCR020W-B, YCR002C and YCL034W.

Media and growth conditions.

Strains were arrayed in a 96-well plate format and stored at -20 °C in YPD media
supplemented with 15% w/vol glycerol. Prior to analysis, plates were thawed on ice for 1 hr and
20 pL aliquots inoculated into 400 pL. YPD supplemented with 42 mg/l adenine. Following ~17
hours of growth at 30°C and continuous shaking (250 rpm), optical density at 600 nm (ODgqo)
was measured using a Victor3V 1420 Multilabel Counter (PerkinElmer). Each sample was
subsequently diluted to an ODgpp of ~0.006 and incubated for an additional 6 hours. Samples
were supplemented with 5 mM of nicotinamide (Sigma) prior to incubation when applicable.
This concentration was previously shown in Ref. (Bitterman et al., 2002) to inhibit Sir2 activity

in vivo.

Flow cytometry and data processing.

Flow cytometry was carried out on a 1024-channel Beckman Coulter FC 500 MPL
System equipped with a custom 96-well plate loader. A 20 mW Argon laser provided excitation

at 488 nm and fluorescence emission (FL1) was collected through a 52515 nm band-pass filter.
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Typically, 30000 events were recorded for each sample. Three replicates were analyzed for most

samples.

Extrinsic variability was minimized by analyzing only events within a narrow forward-
scatter (FS) and side-scatter (SS) gate capturing a small fraction of the total cell population (see
e.g., Becskei et al., 2005; Newman et al., 2006). Correspondingly, the smaller the gate, the larger
is the uncertainty in the estimate of the mean FL1 signal and its variance. Additionally, since
FS/SS values varies across different genetic background, cells captured by narrow gate at a fixed

location will not consistently correspond to the most representative sampling of the population.

To circumvent these issues, we calculated, the mean FL1 signal and its variance for
events with identical FS and SS values acquired within an elliptical auto-gate capturing 80% of
all events measured on the same day for the same promoter. This methodology, results in up to
~10° estimates for each point on a 1024-by-1024 grid of FS and SS values. The mean overall
signal and its variance were subsequently calculated as the weighted average of individual
estimates. This greatly reduces the extrinsic component of the noise (Supplementary Fig. 6).
The impact of sample-specific effects (e.g., gene deletion effects or the strain generation errors)
were mitigated by excluding samples with a low event count (<5000) or with less than 40% of

events within the FS/SS autogate from further analysis.

To correct for autofluoresence (AF), we treated AF and yEGFP fluorescence as
independent random variables. With this assumption, population-average FL1 signal attributable
to the average protein abundance < p> is given by < p> = <pFL1>—<PAF> where subscripts FL1 and

AF refer to the raw FL1 signal for yEGFP expressing and non-expressing strains, respectively.
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The noise associated with variation in protein abundance among them is then given by
. 2 k) 2 2 2 . .
the equation 77° = (O'FU —O'AFX p> where o~ terms are the variances of the raw FL1 signal for

yEGFP expressing and non-expressing strains. Noise estimates from samples with an average
FL1 value less than three standard deviations above autofluorescence were excluded from further

analysis.

Enrichment analyses.

Enrichment analysis was performed in Matlab. Loci within low expression (LE) and high
noise (HN) regions were identified when the number of measurements within the 20"
(expression) or the 80™ percentile (noise) acquired across a three-loci moving window was
greater than that expected under a random model (hypergeometric test, p < 0.01). The position of
loci within identified regions are displayed in Supplementary Fig. 1a (low expression) and

Supplementary Fig. 1b (high noise).

Regions de-enriched in polymerase occupancy or Sir2-mediated histone acetylation
(H3K9, H3K14 and H4K16) were identified by analyzing a 12.5 kb window surrounding the
native open reading frame. Loci were classified as de-enriched in polymerase activity or as
enriched in Sir2 activity when the number of measurements within the 25 percentile was greater
than that expected under a random model (hypergeometric test, p < 0.005). The identified
regions are displayed in Supplementary Fig. 1¢ (low polymerase activity) and Supplementary
Fig. 1d (high Sir2 activity). Data for this analysis was generated by Liu et al.(Liu et al., 2005) In
all cases, low polymerase or high-Sir2 regions are associated with LE and HN across both

promoters (hypergeometric test, p< 0.05).To ensure robustness of this analysis, we
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systematically characterized the effect of varying the percentile cutoffs by £5%, the size of the
moving window by £2.5kb and critical p values by a two-fold increase or decrease. Consistent

fold enrichment was observed for both polymerase and Sir2 activity as illustrated in

Supplementary Fig. 1e and Supplementary Fig. 1f, respectively.

The loci most affected by nicotinamide treatment were identified using a similar
approach. In this case, however, the loci-specific effect was determined by evaluating the
deviation from the average effect of nicotinamide treatment. First, the average effect of
nicotinamide was fitted to a linear model (Supplementary Fig. 2a). Next, the deviation from
this trend was determined by examining the residuals of this fit (Supplementary Figs. 2¢ and
2d). The positions within the 80™ percentile of the residuals for average expression or the 20™
percentile of the residuals for expression noise were classified as those most affected by the
treatment. These positions are significantly enriched in positions that also have high Sir2 activity

(Supplementary Fig. 2e).

Model discrimination.

We consider the steady state dependency of noise 77 on average protein abundance < p> for the

model in Fig. 2a. The model predicts that the average protein abundance is given by:

k .
(p)= "ok [1 - J Eq. (S1)
}/M 7/P on

Page |66



where £, is the rate of mRNA synthesis, kp is the rate of protein synthesis per mRNA, &, is the
promoter activation rate, ko is the promoter deactivation rate, and y, and yp are the rates of
mRNA and protein decay, respectively. The maximal average protein abundance is given by pmax

= kMkp/}/M/]/P.

The intrinsic noise is given by (see Raser and O'Shea, 2004):

ok 1 N 7M7/Pkoﬂ'(7/M +Yp kot kﬂ”) Eq. (S2)

n = .
7M +7/P <p> kon(j/M +7P)(7/M +kaﬁ'+konX7P+k0ﬁ+k0")

In the following, we consider four different variants of the dependency in Eq. (S2): Fast

promoter kinetics (Model A), and modulation of &y, (Model B), k. (Model C) or k,, (Model D).

For Model A, fast promoter kinetics are achieved by assuming that k,; + k,, >> 1. This
assumption yields a noise dependency that is independent of how the promoter kinetic constants

are modulated whereby:

k1
! 7M+7P<p>

C
—L, Eq. (S3)
(p)

and C; = kp /(7M+ }/P).
For Model B, varying k), only impacts the noise through variation of the average protein

abundance. Correspondingly, the noise given by Eq. (S2) assumes that ks and k,, are constant

across chromosomal positions. This dependency can be written as:
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Tl(1+TO)(T1+forz+1)(ro+rl+forz) <p>+ 0 q. (54)

+

where the three time-scale parameters are given by to = ¢/, T1 = kow/ yar and 12 = k,y/ yp, and Cy

is a constant defined by these parameters.

For Model C, the noise dependency can be obtained by first expressing k. in terms of the
average protein abundance in Eq. (S1), then inserting the resulting function into Eq. (S2). The

result is given by:

[1@1]{5»1J &)

~ + , Eq. (S5)

Tgelege] Pl

where C; = pmax and the approximation is valid when 1o <<'1.

e
77 -
< (p)

For Model D, where k,, impacts gene expression noise, a similar approach yields a noise

dependency given by:

o GGl o (5

P et o) W (e ]

Eq. (S6)

where C; = pmax and the approximation is valid when 1o << 1.
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Experimental data were fitted to the noise dependencies predicted for the four different models
using robust nonlinear least squares implemented using Matlab “fit” function. The assumption
that tp << 1 has minimal impact on the goodness of fit (data not shown). Estimated parameter

values are given in Supplementary Table 2.

We discriminated among different models by examining the logarithmic error ratios (LER)
defined for two models X and Y whereby LER = log(SSE}/SSEy) and SSE is the sum squared
error. The p values associated with the null hypothesis that the two models perform equally well
was calculated by “50x2” cross-validation for the chromosomal-wide datasets. Briefly, the loci
were split randomly into two sets of equal size, one for training and one for validation. For each
split, the four models were fitted to the training loci data and the SSE calculated from the
validation loci data. A second SSE was calculated by swapping the training and validation loci,
and the process repeated 50 times to obtain a distribution of LER and its standard deviation. An
LER that is consistently positive throughout this process indicates that model Y performs better
than model X. The resulting p values were calculated with the Matlab ztest function using
estimated values of the mean LER and its standard deviation (Supplementary Table 3). The
mean LER and its standard deviation were calculated similar for the Sir2 deletion data using

“leave-one-out” cross validation.
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Supplementary Figure 1: Analysis of low expression and high noise regions

PACTW

(a) The position of loci within regions identified as low expression (LE) for the two promoters.

(b) The position of loci within regions identified as high noise (HN) for the two promoters. (¢)

The positions of loci identified as enriched in depletion of polymerase binding or depletion of

Sir2-mediated histone acetylation (H3K9, H3K 14 and H4K16). (e) Fold enrichment of LE and

HN loci within regions of low polymerase binding. (f) Fold enrichment of LE and HN loci

within regions of high Sir2 activity. Error-bars represent standard deviations calculated by

systematic variation of the parameters used to classify loci. The details of the enrichment

analysis are provided in Methods.
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Supplementary Figure 2: Effects of nicotinamide treatment

(a) Correlation between population-averaged expression in the presence and absence of SmM
nicotinamide. The slopes are 1.92 and 1.05 for Papu; and Pacti population-averaged expression,
respectively. (b) Correlation between gene expression noise in the presence and absence of SmM
nicotinamide. The insert is an enlargement of the Pacr; data. The slopes are 0.86 and 0.96 for
Papm1 and Pacr noise, respectively. (¢) Loci-specific effects of nicotinamide on average
expression (see Methods). (d) Loci-specific effects of nicotinamide on gene expression noise. (e)
Enrichment of loci most affected by nicotinamide treatment within regions of high Sir2 activity.
Error bars represent standard deviations calculated by systematic variation of the parameters

used in the statistical analysis.
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Supplementary Figure 3: Impact of nicotinamide on fitted model parameters for PApmi.

The four models were fitted to data obtained from untreated samples only (blue) and all samples
(red). The error-bars indicate 95% confidence intervals. Asterisk indicates a statistically
significant change in the parameter value (t-test,p<0.05). The absence of a statistically significant
difference in the fitted parameters indicates that the model obtained using untreated samples can
account for the effect of nicotinamide treatment. All parameters were normalized to unity for the
untreated data. Actual parameter values are given in Supplementary Table 2. Only the parameter

C) is shown for Model D (see Supplementary Table 2 for details).
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Supplementary Figure 5: Extrinsic noise reduction

Reduction of extrinsic noise for (a) Pacti and (b) Papui expression. Blue points are noise
measurements without forward- and side-scatter gating. Red points are noise measurements
within a fixed 80% autogate when cells are grouped by their forward- and side-scatter channel
values and average expression and noise are obtained as the weighted average of the mean and

the noise within these groups (see Methods). Broken curves are fits to Model B.
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a Pyc11/Papmi correlations

r p value
Average 0.29 1.50E-03
Noise 0.51 3.90E-09
b P,ct1 noise correlations

r p value
Polll -0.48 1.50E-08
H3K14Ac -0.52 4.10E-10
H3K9Ac -0.6 1.20E-13
H4K16Ac -0.63 3.80E-15
¢ P.pm noise correlations

r p value
Polll -0.32 2.90E-04
H3K14Ac -0.35 7.70E-05
H3K9Ac -0.45 2.50E-07
H4K16Ac -0.64 2.40E-15

Supplemental Table 1: Correlation coefficients and p values

Correlation coefficients  and p values associated with the null hypothesis of no correlation for

different experimental datasets. (a) Correlations between average expression and expression

noise for the two promoters. (b) Anti correlations between RNA polymerase II binding and

histone acetylation for noise in Pact; and Papu; expression respectively.
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a Papu; data untreated samples

C CI Cyor G, CI /T CI T Cl
Model A 1.70  +0.05 - - - - - -
Model B 0.21 +0.02 0.95 +0.05 - - - -
Model C 0.64 +£0.07 46.11 £19.28 3.04 =+0.36 - -

Model D 1.70 +1.22  40.00 NA - - 3.9E+04 +2.0E+07
b P,pu1 data all samples
C1 CI C() or C2 CI ’Ul/To CI T CI

Model A 1.93 +0.04 - - - - - -
Model B 0.21 +0.01 0.94 +0.05 - - - -
Model C 0.72  +0.05 66.73  £19.63 342 £0.27 - -
Model D 2.88  +£0.60  40.00 NA - - 4.7E+04 +3.8E+07

Supplemental Table 2: Fitted model parameters for P,opp expression

Cl is the confidence interval. The confidence interval for C; is not applicable (NA) since the
parameter is fixed at the lower bound for the maximal average protein abundance. Note that the

value of 15 is unconstrained.
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a Pycr1 data untreated samples

Slow versus fast kinetics Size versus frequency K versus
Model B Model C K, Model B Model C kot
Mean 4.1E-02 -5.5E-03 -6.9E-04 4.2E-02 -4.8E-03 -4.7E-02
Stdev 1.0E-01 7.0E-02 1.8E-03 1.0E-01 7.0E-02 6.2E-02
p-value 6.6E-01 4.7E-01 3.5E-01 1.0E-01 4.7E-01 7.8E-01
b Papy; data untreated samples
Slow versus fast kinetics Size versus frequency K versus
Model B Model C K, Model B Model C K.,
Mean 5.5E-01 4.5E-01 -2.5E-05 5.5E-01 4.5E-01 -9.4E-02
Stdev 1.4E-01 2.2E-01 8.8E-04 1.4E-01 2.2E-01 1.3E-01
p-value 5.8E-05 1.7E-02 5.1E-01 5.8E-05 1.8E-02 2.4E-01
c P,pu; data prediction of treated samples
Slow versus fast Kinetics Size versus frequency K versus
Model B Model C Model D Model B Model C K,
Mean 1.7E+00 1.6E+00 5.0E-05 1.7E+00 1.6E+00 -5.4E-02
Stdev 1.3E-01 1.2E-01 2.0E-05 1.3E-01 1.2E-01 8.4E-02
p-value 2.7E-37 3.7E-46 6.0E-03 2.7E-37 3.7E-46 2.4E-01

Supplemental Table 3: Model discrimination using chromosome-wide data

The mean and standard deviation (stdev) associated with the log error ratio (LER) associated
with different model comparisons (see Methods). The p-value is associated with the null
hypothesis that the mean LER deviated from zero and was obtained using a one-sided z-test.
Slow versus fast kinetics refers to the testing of Model A against Model B, Model C and Model
D. Size versus frequency refers to testing Model D against Model B and Model C. kv versus ks
refers to testing of Model C versus Model B. (a, b) Comparison of how well different models fits
to data obtained for untreated data for Pacr; and Papy; expression, respectively. (¢) Comparison

of how well different models are able to predict the effect of nicotinamide treatment.
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4. General Discussion

Sensitivity-Based Epistatic analysis

Throughout our epistatic analysis of the DNA damage response in S.cerevisiae, we have
developed a method that explicitly indentifies epistatic interactions with a dynamic component.
We have demonstrated that such effects can be captured by extending the neutrality function
between a gene and its environment (Hillenmeyer et al., 2008; Lehar et al., 2007; Parsons et al.,
2004) to incorporate additional genetic backgrounds. This results in a sensitivity-based neutrality
function (SxyxS,; = SxxSy) from which departure is indicative of a genetic interaction that
changes in response to an environmental perturbation. The identification of genetic interactions
with dynamic components may differ significantly from those identified in a single environment.
Noticeably, in our dataset only ~50% of the interactions identified by the conventional fitness-
based approach in the presence of MMS are also identified using sensitivity. These interactions
represent dynamic functional relationships that are likely to be modulated in a response-specific
manner. Thus, combining the two approaches may enable the segregation of genetic interactions
representing response-specific linkages between regulatory functional pathways, and genetic

interactions associated with core processes preserved across most environments.

While certain of the interactions gained through this analysis are associated with well
documented regulatory interactions, such as those between Swi5 and Fkh2 (Pic et al., 2000) and
Swi5 and Ace2 (Voth et al.,, 2007), others represent novel findings which require further

investigation into their role within the DNA damage response. This includes the interaction
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between Msn4 and Swi6 which has little to no impact in the absence of DNA damage, but was
severely aggravating in its presence. While Msn4 activity is intimately linked with the chromatin
regulator NuA4 (Mitchell et al., 2008), and Swi6 has equally been documented to physically
interact with many of its subunits according to the Biogrid Database (Stark et al., 2006)
including Eafl, Eaf3, Eaf6, Eaf7, Epll, Swc4, Yaf9, and Yng2, we believe this interaction may
reflect loss of function of NuA4. We believe that this aggravating interaction may reflect one of
two NuA4 dependant mechanisms. Either 1) presence of either of the two TFs is sufficient to
maintain NuA4 functionality within the DNA damage response or 2) NuA4 functionality buffers
for the loss of one of the two transcriptional regulators. Hypotheses which should be investigated

in future studies.

Integrating information on response-specific functional relationships among cellular
regulators may provide clues to the dynamic modulation of genetic networks in response to
external stimuli. In fact, the transcriptional regulators investigated in this study were chosen
because of the comprehensive dataset made available by Workman et al., 2006. This dataset
includes information on genome-scale protein-DNA interactions in the presence and absence of
MMS, as well as information on the loss of MMS-induced differential gene expression following
TF deletion, referred to as genetic buffering or regulatory epistasis (Tan et al., 2008). From these
experiments, direct TF-TF interactions in which one TF binds to or regulates expression of
another are anticipated to result in a "dynamically" regulated epistatic interaction. Within our
transcriptional network direct TF-TF interactions inferred from both protein-DNA or genetic
buffering experiments serve as an accurate predictor of a sensitivity-based interaction. A result
not shared by fitness-based epistatic analysis. From the Workman datasets, TF co-binding to

differentially expressed targets should equally highlight epistatic interactions with a dynamic
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component. While no enrichment in such co-binding events was observed within the fitness-
based dataset, only a slight enrichment was observed for sensitivity-based interactions. The lack
of a strong overlap between these two datasets may in part reflect the observation that few of the
targets differentially bound across environmental condition are differentially expressed
throughout the DNA damage response. Indeed, when we plot the number genes differentially
bound by a given TF against the number of genes it buffers (Workman et al., 2006), no
correlation is observed between the two datasets (Figure D1). As such, it is assumed that only a
small portion of the interactions inferred from co-binding to differentially expressed targets
manifest a functional consequence on the expression profile. While co-binding information on its
own does not provide strong support for sensitivity-based epistatic interactions, integrating this
information with direct TF-TF interaction accounts for ~50% of the interactions. An enrichment
not obtained when the fitness-based approach is analyzed were only ~25% are supported by one
on the lines of physical evidence. This observation would suggest that while co-binding to
differentially expressed targets is not the primary determinant of a dynamically regulation, such

information provides support an important fraction of our interactions.
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Figure D1. Number of genes differentially bound by a given transcription factor as a

function of the number of genes it buffers.

Genes differentially bound refers to the sum of genes identified as only expressed in one of the
two environmental conditions. Data illustrated represents the response for our 26 TFs in response

to MMS as defined by Workman et al., 2006.
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While our TF dataset did not encompass physical complexes specifically identified as
involved within the DNA damage response, we next applied our analysis to a previously
published dataset generated by St.Onge et al, 2007. This dataset comprises a set of 26 core
regulators involved within the DNA-damage response for which extensive protein-protein
interaction datasets are publically available (Cherry et al., 1998). To perform this analysis, we
utilized both sensitivity and fitness phenotypes to identified physical complexes using two
distinct methodologies. The first methodology, defined as epistatic score profiling, was
implemented under the assumption that genes involved in the same physical complex should
share a similar pattern of epistatic interactions. Interestingly, hierarchical clustering of
sensitivity-based epistatic profiles allowed recapturing near complete network hierarchy within
the DNA damage response. The sensitivity-based methodology improved complex identification
over its fitness counterpart not only by identifying a greater number of physical complexes, but
also by improving coverage within these complexes as a greater number of subunits were
appropriately sub-classified. This includes HPR5 involvement with members of the Rad6
epistasis group (RADS5 and RADIS8), RAD54 and RADS59 function within the Rad52 epistasis
group, as well as the upstream role of Sgsl in the processing HRR intermediates, as well as
identification of the MMSI-RTT101 functional complex. The second methodology, defined as
co-equivalence testing, is the more classical approach. Through this methodology, physical
complexes are inferred when the phenotype of the double mutant is equivalent to that of the
single mutant. Through this analysis, we demonstrated that sensitivity-based analysis provides a
certain improvement in that it greatly reduces the equivalence threshold utilized to identify

functional complexes.
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From these analyses, we have demonstrated that sensitivity-based epistatic analysis certainly
enables the identification of dynamically regulated genetic interactions. However, certain caveats
are associated with this methodology. Noticeably, propagation of error is a major limitation of
our methodology. While the traditional fitness-based methodology is associated with the

measurement of four parameters (W, W5, W, 5 and Wj,r), the sensitivity-based methodology

inherently doubles the number of parameters as measurements must be performed across
environmental conditions. This in turn decreases the statistical significance of a given interaction
and impedes interaction identification. A second issue associated with this methodology is that
the sign of the interaction is not associated with a distinct network state, contrary to the more
traditional fitness based analysis. For example, genes which operate within the same pathway or
complex can be associated with an aggravating or alleviating sensitivity-based interaction
depending on which environmental condition the complex is active. If the complex is active only
in the presence of the environmental perturbation, an aggravating sensitivity-based interaction is
inferred. If the complex is active only in its absence, an alleviating sensitivity-based interaction

is inferred.

Integrating physical and phenotypic data into comprehensive and accurate models of cellular
regulation remains a major challenge in systems biology (Beyer et al., 2007). The mapping of
biomolecular interactions and transcriptional profiling provide fundamental insight into the
substantial remodeling of gene regulatory networks that take place following environmental
perturbations. However, it is not always clear if and how observed changes in the physical
interaction network manifest at the physiological level. The phenotypic information provided by

sensitivity-based epistatic analysis may prove useful for the analysis of complex gene regulatory
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networks. Having demonstrated that this methodology provides the mapping of dynamically
changing genetic interactions, this methodology may generate important clues that can assist in
the identification of pathways and modules more likely to be active within a given network
model; a feat not accomplished by physical interaction datasets nor fitness-based genetic
interactions. As such, we anticipate future studies will implement this methodology to analyze a

wide range of phenotypes raging from fitness to gene expression studies.

Chromosomal position effects

Having completed this first project by the end of the first year of my master’s degree, I next
sought to finalize a second project which investigated how chromosomal positioning modulates
transcription kinetics. By cloning two contrasting promoter architectures across an entire
chromosome, we have systematically mapped how chromosomal positioning modulates gene
expression. The first important conclusion was that while a promoter dynamically regulated by
nucleosome structure (Papmi) varied significantly across positions, the promoter associated with
a constitutive open chromatin structure (Pacri) was also associated with significant positional
effects. A result unanticipated under the hypothesis that the elements which resist nucleosome
positioning in open promoters should in principle buffer against positional effects if genome
positioning potentiates its effects by regulating the frequency of gene activation. This
observation would in turn suggest that the factors which mediate positional effects may impact a

step in gene transcription more-or-less independent of promoter activation.

To further develop this notion, we fit the relationship between mean expression and noise for
the two promoters to theoretical models for eukaryotic gene expression. A key difference in the

correlation between mean expression and noise for the two promoter is the asymptotic limit for
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noise. To investigate which parameters could accurately recapture this difference, we derive
theoretical models describing the absence of transcriptional bursting, as well as three models
which simulate the effects anticipated when chromosomal position modulates transcriptional
bursting through variation in the rate of transcription (k,), promoter activation (k,,), or promoter
inactivation (k,;). All four models accurately recapture the trend for Pacti. A result which
suggests that transcriptional bursting is absent for this promoter. In contrast, models where the
rate of transcription (k) or promoter inactivation (ko) accounts for chromosomal positioning
effects improve the trend established for Papy;. While the number of mRNA produced per burst
is determined by the ratio between these two parameters, a theoretical approach in turn supports
the notion that transcriptional burst size rather than burst frequency, is primarily targeted by

chromosomal positioning effects.

To investigate the factors which contribute towards such effects, we integrated our analysis
with high-throughput information describing histone post-translational modifications.
Interestingly, genes with low expression and high noise appear to be enriched in low levels of
H3K3, H3K14 and H4K 16 acetylation. Events which are associated with the function of Sir2, a
histone deacetylase. A result somewhat anticipated as low expression high noise regions are
primarily located adjacent to the HML and telomeric domains; well documented targets of the
Sir2 histone deacetylase (Sauve et al., 2006). It is however surprising that Sir2 has the potential
to impact gene expression from both covered (Papni) and open (Pacri) promoter constructs. An
observation which suggests that that Sir2 may bypass the elements in the open promoter
construct which prevent nucleosome deposition. Consistent with this notion, Sir2 activity
establishes a chromatin structure that is permissive to PIC formation and polymerase recruitment

but prevents full length mRNA synthesis (Sekinger and Gross, 2001; Gao and Gross, 2008). An
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experimental result which in our simulations would be associated with a variation in Km, and
would impact a step independent of the nucleosome free region generated by the DNA sequence

elements present in the Actl promoter.

To validate the hypothesis that Sir2 modulates chromosomal positioning effects by varying
transcriptional burst size, we characterized the effects of nicotinamide treatment, a well
documented inhibitor of Sir2 functionality (Sauve et al., 2006). Addition of nicotinamide had
widespread effect on noise and gene expression driven by both promoters constructs, affecting
more than 40% of loci tested for each promoter. The resulting correlation between gene
expression and noise mimics the trend established through our positional analysis. A result which
suggest that Sir2 may function as a global regulator of transcriptional burst size across the
genome, consistent with the notion that Sir2 is polymerase recruitment but prevents full length

mRNA synthesis (Sekinger and Gross, 2001; Gao and Gross, 2008).

Such widespread effects differ from the typical description that Sir2 functions predominantly
within the mating type locus (HML/HMR), telomeric regions and rDNA in yeast (Sauve et al.
2006). While loci surrounding these regions were most affected by nicotinamide treatment (other
than HMR which is not silenced by Sir2 in our genetic background), many other regions were
significantly affected. Consistent with this observation, ChIP-Chip analysis performed on Sir2
demonstrated its widespread binding throughout the genome, including at approximately a
quarter (244/1013) of the most frequently transcribed genes (Tsankov et al., 2006). Noticeably,
both Actl and Adhl appear to be bound by Sir2 according to the Chip-ChIP study (Tsankov et
al., 2006), whereby the promoter of Adhl is equally bound by both Rapl and Abfl (Bird et al.,
2006; Hae Yong Yoo et al., 1995), well documented regulators which recruit Sir2 proteins to

silenced loci (Huang, 2002). Interestingly, early studies assessing the impact of Sir2 over-
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expression within the cell noted a global decrease in acetylation levels of histones H2B, H3 and
H4 (Braunstein et al., 1993). While histone acetylation is primarily associated with euchromatic
domains, this study suggests that over-expression of Sir2 may have additional functionality

within the cell consistent with its widespread binding across the genome.

To confirm that our observation is not attributed to pleiotropic effects associated with
nicotinamide treatment, we next sought to validate our observation through Sir2 deletion. This
analysis was performed by monitoring the impact of Sir2 deletion on a subset of loci where the
Papm construct cloned. This analysis in turn sought to provide a direct link between Sir2 activity
and its potential to modulate transcriptional burst size across the genome. While the construct
located adjacent to the HML locus (YCL064C) was associated with the greatest effect, all strains
were associated with an increase in gene expression and a decrease in transcriptional noise
following Sir2 deletion. Once again, fitting to theoretical models demonstrate that this response
is best captured by models where it is assumed that transcription burst size is regulated by Sir2.
Through this analysis, we have not eliminated the possibility that the trends established are
associated with indirect effects inherent to Sir2 deletion such as an increase in extrinsic noise due
to cell cycle progression. Although extrinsic noise should in principle impact the asymptotic
limit for noise, real-time measurement of single cell mRNA counts in the presence and absence

of Sir2 may be required to further substantiate our hypothesis.

The observation that transcriptional burst size, rather than burst frequency, is modulated
across chromosomal positions has important implication in the forces driving genome
organization. In previous analysis of chromosomal organization, it was observed that essential
gene clusters are associated with nucleosome depletion (Batada and Hurst, 2007). The authors in

turn suggest that nucleosome depletion promotes the formation of essential gene clusters, as their
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migration towards regions dynamically regulated by chromatin structure may have a negative
impact cell viability. However, as many of these promoters contain elements which resist
nucleosome deposition, this observation may merely reflect the consequence of such clustering,
rather a selective force driving migration towards such regions. Through our analysis, we
observe that chromosomal positioning effects effectively bypass the elements which induce an
open promoter structure. As such, it seems plausible, if not likely, that essential genes selectively
migrate towards open chromatin regions to ensure an adequate burst size. Consequently, covered
promoters may migrate towards specific regions to modulate gene expression in a process
bypassing promoter structure thereby allowing for a greater complexity in gene regulation across

environmental conditions.
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