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Abstract

This thesis investigates how pairwise combinatorial gene and stimulus perturbation
experiments are conducted and interpreted. In particular, I investigate gene per-
turbation in the form of knockout, which can be achieved in a pairwise manner
by SGA or CRISPR/Cas9 methods. In the present literature, I distinguish two
approaches to interpretation: the calculation of stimulus and gene interactions, and
the identification of equality among phenotypes measured for distinct perturbation
conditions. I describe how each approach has been applied to derive hypotheses about
gene regulatory networks. I identify conflicts and uncertainties in the assumptions
allowing these derivations, and explore theoretically and experimentally approaches
to improve the interpretation of genetic interaction data. I apply the approaches to a
well-studied gene regulatory branch of the DNA damage checkpoint (DDC) pathway of
Saccharomyces cerevisiae, and confirm the known order of genes within this pathway.
I also describe observations that seem inconsistent with this pathway structure. 1
explore this inconsistency experimentally and discover that high concentrations of the
DNA alkylating drug methyl methanesulfonate cause a cell division arrest program
distinct from a G1 or G2/M checkpoint or from DNA damage adaptation, that

resembles an endocycle.
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Overview

The aim of this thesis is to increase knowledge about hypotheses that may be derived
by analysis of pair-wise combinatorial gene and stimulus perturbation experiments. I
focus on hypotheses having the form of topologies with directed edges between gene
nodes. In the Introduction (Chapter 1), I identify conflicts or ambiguities in how
such hypotheses are derived among previous studies, as well as limits in applicability.

To address these problems, in Chapter 2, the assumptions of classical epistasis
analysis are formalized to examine if and how these assumptions can be adapted to
quantitative phenotypes. Classical assumptions nonetheless limit hypotheses to be in
the form of hierarchical topologies. In Chapter 3 the assumptions of epistasis analysis
are generalized to allow any acyclic topology to be hypothesized. In both chapters,
models of gene topologies are used to derive inference methods, which are then tested

on simulated or experimental datasets.

By applying the inference methods to data obtained for genes in the DNA damage
checkpoint (DCC) pathway, I identify a response to high doses of a DNA alkylating
drug (methyl methanesulfonate/MMS) that is inconsistent with the known biology
of the pathway. In Chapter 4, I conduct experiments to examine this inconsistency.
These experiments suggest that high drug dose causes cells to override a G2/M
checkpoint, which may explain how the frequency of cells in G1 increases as function
of MMS dose.

This thesis is written as a monograph, with deviation in structure owing to the
unique background information required to articulate the gap in knowledge addressed
in Chapter 4. Each of Chapters 2 through 4 has sections for summary, author
contributions, background, objectives, results, discussion and methodology. Chapter
5 is the Conclusion.
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Introduction



Summary

In this chapter, I introduce how pair-wise combinatorial gene and stimulus pertur-
bation experiments are conducted and interpreted. I distinguish two approaches to
interpretation: the calculation of stimulus and gene interactions, and the identification
of equality among phenotypes measured for distinct perturbation conditions. I
describe how each approach has been applied to derive hypotheses about how products
of genes regulate one another and the phenotype. I identify conflicts and ambiguities

in the assumptions allowing these derivations, which set the motivation for this thesis.

Epistasis is a pattern of phenotypic equality predicted by gene topology models
wherein genes function in a hierarchical manner to regulate a phenotype. Such models
are the basis for several methods developed to use the identification of epistasis to
infer or hypothesize how genes function in hierarchical pathways. These models and

methods are the focus of this thesis.
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1.1 Gene Interactions

Genetic interaction data are the phenotypic measurements of organisms having both,
one or none of two genes perturbed. Depending on the organism, genetic interaction
data may be acquired on the scale of millions of gene pairs. The data can be analyzed
in many ways, but ultimately the aim of all analyzes is to advance knowledge about
how the effect of a genetic perturbation depends on perturbations to other genes in

the genome. This dependency is known as a gene interaction.

Knowledge of gene interactions has importance for allowing a basic understanding of
how to predict phenotype from genotype [1], of genome evolution [2] and of how to
build synthetic genomes. The last is exemplified by the requirement of both essential
and non-essential genes in the first synthesized minimal genome [3], since deleting

particular combinations of non-essential genes can be lethal.

Knowledge of gene interactions allows discovery of previously uncharacterized gene
functions [4], and may be useful to design gene therapeutic treatments or improve
prediction of heritability of disease. In the case of polygenic disease wherein heritability
is not Mendelian, lack of knowledge of gene interactions is hypothesized to be a cause
of unpredictable heritability [5, 6]. In the case of a disease having a known single
gene cause (for e.g. childhood Mendelian disorders), discovery of suppressing gene
interactions provide knowledge about secondary mutations which may be targeted
because they suppress the effect of the disease causing-mutation [7]. In the case of
disease caused by acquired mutation(s), synthetic lethal gene interactions provide
knowledge about secondary mutations which may be targeted because they cause

death selectively in cells having the disease-causing mutation [8, 9].

Suppressing [10] and synthetic lethal [11-13] interactions represent the opposite

extremes of the phenomenon of gene interaction. When quantitative phenotypes



are the basis for genetic interaction data, gene interactions can be calculated within
these extremes. This calculation is described in §1.3. By this calculation, suppression
corresponds to an extreme positive gene interaction [14], whereas synthetic lethality
to an extreme negative gene interaction (Eq 1.10). An alternative sub-type of gene
interaction additionally has a pattern of equality among phenotypes. This pattern,
wherein a double gene perturbation has an effect that mimics the effect of perturbing
only one of the two corresponding genes, is known as epistasis. Suppressing gene
interactions, for example, can take the form of epistasis. The identification of epistasis

is described in §1.5.



1.2 Conducting combinatorial gene perturbation

experiments

I begin by describing how genetic interaction experiments are conducted. Several
advancements in array-based gene perturbation allow these experiments to be

conducted in high-throughput, in model organisms from FEscherichia coli to human.

While genetic interaction data can be generated for any organism, they are generated
on the greatest scale for Saccharomyces cerevisiae. S. cerevisiae is unicellular with a
short division time (~ 90 to 180 min), can be used to generate gene knockout strains
by a single PCR reaction and quick transformation protocol for gene replacement
[15] (~ 5h over 3 to 5 d) with high (~ 90%) efficacy [16], and arrays of strains
from a collection of all non-essential gene knockout strains [17] can be mated to
one another to obtain combinatorial gene knockout strains in high-throughput by
synthetic genetic array (SGA) technology [18] (< 1 mo). For example, [19] describe a
genetic interaction dataset generated by SGA consisting of 23 million combinatorial

gene interaction experiments.

While methods analogous to SGA have been designed for other unicellular organisms
(Schizosaccharomyces pombe [20, 21], E. coli [22]), alternative gene perturbation
strategies are required for model multicellular organisms. Combinatorial RNA
interference (RNAi) has been used to generate combinatorial gene perturbation
experiments in Caenorhabditis elegans [23], Drosophila melanogaster [24], Mus
musculus [25] and human [26] cells. RNAi, however, does not knockdown GFP
expression [27] or essential gene function [28] as effectively nor reproducibly as

nuclease-induced frameshift mutations within gene exon regions.

While numerous nuclease-based methods for gene knockout have been applied to

multicellular organisms, CRISPR/Cas9 is most readily adaptable to target specific



DNA sequences. The site-specificity of this RNA-nuclease complex can be modified
by alteration of an RNA-encoding sequence, guided by rules of DNA-RNA base
pairing, without requirement to alter the Cas9p nuclease-encoding sequence. In
contrast, alternative nuclease systems (meganucleases, zinc finger nucleases, transcrip-
tion activator-like effector nucleases) consist of multi-domain proteins and require
alteration of the DNA binding domain-encoding sequence to modify site-specificity

(see [29] for a review).

CRISPR/Cas9 has been applied to generate large (~ 20,000 to 142,000 gene pairs)
genetic interaction datasets for human cells [30, 31]. The CRISPR/Cas9 system
requires Cas9p protein and an RNA molecule (guide RNA or gRNA) encoding both
a Cas9p-binding region and a DNA-recognition region. This experimental design
allows multiple guide RNAs directed to different DNA sequences to be co-transformed
and co-expressed in individual cells. The CRISPR/Cas9 system has documented
off-target recognition [32, 33], and can result in variable genotypes. To reduce false
positive effects of perturbation owing to off-target effects, generally two replicates of a
perturbation condition are used, achieved by alternating the guide RNA sequence to
target unique sites within exon regions of the same gene. Notably, some studies have
reduced off-target effects by mutating Cas9p residues hypothesized to recognize DNA
non-specifically [34]. Nuclease-dead CRISPR/Cas9 can also be used to combinatorially
knockdown the expression of two genes [35], termed CRISPR interference (CRISPRi).



1.3 Calculation of stimulus and gene interactions

In the previous section, I summarized how gene perturbations could be conducted in
high-throughput for various model organisms. Gene perturbation experiments may be
followed by high-throughput phenotype measurements, which can take many forms.
For example, array-based fluorescence measurements by imaging, microscopy or flow
cytometry [36], allow quantification of estimates of transcriptional promoter activity
[37], or protein expression and localization [38], depending on the nature of the
fluorescent reporter and the measurement. The most common phenotype described
in the literature, particularly for S. cerevisiae, is fitness, estimated from imaged
colony size or measurements of turbidity of cell cultures over time. Gene interactions
are contextual to the phenotype from which they are identified, and several recent
studies overcome this problem by combining multiple distinct phenotypes to identify
gene interactions [39, 40]. In the present section, I formalize the definition of gene

interaction and its calculation from phenotypes.

Gene interaction can be defined as a calculated deviation from a null expectation.

For example, a multiplicative null expectation [41] is,

th _ TAy
TA(L’ TA:vAy

(1.1)

where T, is a phenotypic trait measurement of a wildtype haploid strain, and Ta,
Tay and Taza, are the measurements when the open reading frame (ORF) of gene
x, gene y or both genes are deleted, respectively. An alternative null expectation is

additive,

The — Tur = TAmAy - TAy~ (12)



Mani et al. [42] describe how these alternative null expectations can modify the
identification of gene interactions from the same datasets. For both definitions, the
null expectation can be paraphrased as a first gene deletion having an effect on the

phenotype that is the same regardless of a second gene deletion [41].

In the case of a multiplicative null expectation, a gene interaction I';, is calculated as

o TA:):Ayth

r,, — —1 1.3
Y TAITAy ( )

In the case of an additive null expectation, and when multiple replicate experiments
are available, linear regression can be applied to estimate a gene interaction (5; as

follows:

TX,)Y)=Fo+8x(1—X)+By(1=Y)+5/(1 - X)(1-Y) +e¢ (1.4)

where X,Y € {0, 1} indicates if the genes are deleted (zero) or not (one), and € is
an error term. In this equation (Eq 1.4), § coefficients are estimates of the effects
of gene deletions on a measured phenotypic trait 7'. Coeflicients can be estimated
by linear least squares regression of replicate T" measurements, for all perturbation

conditions.

The two definitions of gene interaction coincide, i.e. I'y, = (7, when I';, is based
on the log-transformation of both sides of Eq 1.1 and (; is calculated from log-
transformed T(X,Y) (for e.g. in [24]) wherein one replicate of each phenotype is

considered.

I refer to the set of four phenotypes considered in the calculation of a gene interaction

as genetic interaction data, as well as the replicates of these sets or of multiple sets



for different combinations of genes.

A stimulus-gene interaction can be calculated analogously [41], wherein the multi-

plicative null expectation is

0 1
TACE . TAQ:

0 10
th th

(1.5)

where T° and T denote the phenotypes in absence (zero) or presence (one) of a
stimulus. I note that the ratio of a phenotype measured with and without the stimulus

is analogous to the calculation of sensitivity S [43], i.e. S, = T2/T,.

In the case of a multiplicative null expectation, a stimulus-gene interaction I's, is

calculated as follows,

Tr 79
[s, = 2w wt _q 1.6
In terms of S, I's, is alternatively calculated as I's, = Sy¢/Saz — 1.

By simultaneously considering genetic interaction data acquired with and without
a stimulus, one can also calculate a stimulus-dependent gene interaction, from the

following multiplicative null expectation,

Swt _ SAy
SAx SAsz‘

(1.7)

This null expectation can be paraphrased as the expectation that a stimulus-gene
interaction should be the same regardless of whether a second gene is deleted. Based

on this expectation, a stimulus-dependent gene interaction I's,, is calculated as

follows [41],

10



~ 1. (1.8)

Note that the same calculation is derived from the alternative null expectation,
paraphrased as the expectation that a gene interaction should be the same regardless
of whether it is calculated from phenotypes measured when the stimulus is present
or absent. Alternative calculations and interpretations of stimulus-dependent gene

interactions are provided in [43] and [44].

In the case of an additive null expectation, and when multiple replicate experiments
are available, linear regression can be applied to estimate a stimulus-dependent gene

interaction d; as follows:

DX, Y)=Dy+6x(1=X)+61=Y)+6,(1-X)1-Y) +e (1.9)

where D(X,Y)=T(S=0,X,Y)-T(S =1,X,Y), and where S, X,Y € 0,1 and
€ is an error term. Notably, the definitions of §; and I's,, coincide when ¢; is
calculated from log(T') and I's,, is based on the null hypothesis corresponding to

log-transformation of each side of Eq 1.7.

11



1.4 Interpretation of gene interactions

In the previous section, I provided the calculation of gene interaction, stimulus-gene
interaction, and stimulus-dependent gene interaction. Regardless of whether each of
these calculations is based on additive or multiplicative null expectations, a calculated
interaction equal to zero exemplifies theoretically non-interacting genes. In the present
section, I describe how the calculation is interpreted to assign biological meaning

based on the magnitude, uncertainty and sign.

In the first applications of SGA technology [45] with S. cerevisiae, synthetic lethal/sick
interactions could be identified in absence of a calculation of gene interaction. This
sub-type of interaction was identified for genes x and y from colony size phenotypes

T when

Taway = 0,{Taz, Tay} = T (1.10)

In this application, deleting gene  or y had no visible effect on colony size, but deleting
both genes resulted in a lethal/sick colony where growth was not detectable. Gene
interaction is not calculated in this application since the phenotypes are qualitative,

but is assumed to be infinitely negative.

Two genes having a synthetic lethal interaction have been interpreted to each have
a function allowing buffering of variation in the other gene’s function. This may
be explained by the genes having redundant (parallel) contributions to an essential
cellular process, or wherein genes contribute to a negative feedback regulatory loop
that allows homeostasis [46]. Interpretations of synthetic lethality may be extended

to quantified gene interactions deemed significantly negative.

12



Interpretations of quantitative gene interactions are often determined empirically and
statistically. Such interpretations can vary between studies, according to the genes
selected for analysis, biases in gene ontology annotations [47], and experimental design.
In the present section I aim to provide an idea of how the data can be interpreted, by
providing examples with a focus on interpretations allowed by the most comprehensive

and recent analysis of gene interactions conducted in S. cerevisiae.

I consider two steps to the interpretation of these data. The first step is the determi-
nation of an interaction value that is significantly different from zero. Interactions
may be calculated by Eq 1.1, Eq 1.4 or alternatives (for e.g. S-score in [48]). These
calculations are generally corrected for errors characteristic to the experimental design
and design of the perturbation strategy. For example, in the case where phenotypes
correspond to arrayed colony size and SGA is the perturbation strategy, errors
may include positions of colonies in an array, uncertainty in colony size estimates,
variations in time colonies are grown, and limitations when gene pairs are nearby on
a chromosome which do not follow Mendel’s law of segregation [49]. Alternatively,
when RNAi or RNA-guided nuclease is employed as the perturbation strategy, gene
pairs may be discounted due to off-target RNA-DNA annealing inferred by variance

in replicate gene interaction calculations.

The assignment of genetic interaction value as significantly deviating from zero
typically applies the assumption that most gene pairs do not interact. In high-
throughput studies, this assumption takes the form of significant values identified
as outliers on each tail of the distribution that consists of all calculated values (this
assumption may alternatively be incorporated earlier in the calculation of the gene
interaction [48]). Thresholds of significance vary, for example in [19] outliers are
identified to have a p-value < 0.05, and may additionally incorporate thresholds in

the calculated values.

13



Because the calculation of gene interaction alone does not incorporate assumptions
about how two gene functions interact, the interpretation of a significantly negative
or positive gene interaction has been allowed by combining the analysis of gene
interaction data and alternative empirical measures of gene product functions. Such
empirical data may include documented annotations of whether pairs of genes are
co-expressed, have a physical (protein-protein or protein-DNA) interaction, or have
shared gene ontology (GO) categorizations, such as in a biological process, complex
or cellular compartment [19]. Two methods are commonly used to determine if
gene interactions are reliable indicators of an interaction based on empirical data:
calculation of enrichment (hypergeometric test [19]) or predictive value (precision
calculated from true and false positives versus recall calculated from true positives

and false negatives [50]).

There are primarily two approaches to analyzing the relation between gene interactions
and empirical data. First is a similarity measure of two gene interaction profiles [50].
Similarity among profiles has the highest predictive value for pairs of genes having
annotated protein-protein interactions or the same biological process. In [19], for
example at the lowest recall value, precision is > 0.9 (maximum is one) for predicting a
protein-protein interaction or shared biological process from similarity between genes
profiles. A gene i’s interaction profile is the vector of gene interaction values between
7 and each other gene in the dataset. Similarity between profiles is often measured by
the Pearson correlation [19, 50]. High predictive value of profile similarity to identify
complexes or pathways has been explained by the assumption that two genes in the
same complex or pathway will are statistically more likely to have the similar patterns
of gene interactions with all other genes in the genome, compared to a randomly
selected pair of genes [51]. Thus large scale genetic interaction datasets are required

to allow this interpretation.

14



This similarity measure is also used as a distance measure to visualize and analyze gene
networks based on hierarchical clustering, wherein clusters may represent groups of
genes having a similarity measure above the a set threshold [19]. Thus gene interaction
profiles allow derivation of the connectivity structure of undirected gene networks.
The connectivity patterns in these networks can be interpreted by comparison to
hierarchical versus scale-free networks, for example which are derived from particular

assumptions (reviewed in [2]).

A second approach is to analyze the relation between gene interaction sign and
empirical data. A generalized interpretation of gene interaction sign has been that
positive or interactions allow identification of genes functioning in the same pathway,
whereas negative interactions identify two genes functioning in parallel or redundant
pathways [52]. While this is true for a fraction of gene pairs, gene interaction sign
alone does not definitively allow one to derive hypotheses about how genes function
in complexes or pathways (reviewed in [53]). This conclusion agrees logically with
the nature of gene interaction calculation, which does not make any assumptions

specific to how genes function.

In [19], the relation between gene interaction sign and empirical measures of shared
gene function are reported to be contextual to the biological process or complex
considered, and whether the genes are essential (perturbed by temperature sensitive
mutations) or non-essential (perturbed by gene replacement). This dataset corre-
sponds to 23 million gene interaction experiments, corresponding to > 90% (5416)
of genes in S. cerevisiae genome, which allowed identification of close to 1 million
significant gene interactions (~ 550K negative, ~ 350K positive). For essential
genes, a documented protein-protein interaction had high predictive value (50% of
physical interactions) for having a negative gene interaction. Negative interactions
among essential genes also had high predictive value of being in the same complex

if the complex was essential (63% of gene pairs in an essential complex also have a
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negative interaction). These trends were absent or weak for negative interactions
among non-essential genes or positive genetic interactions for any gene type. Positive
genetic interactions are statistically more likely to predict genes in distinct cellular
compartments (75-78% of genes with positive interactions). Nonetheless, if genes in
annotated complexes are specifically analyzed in terms of genetic interaction sign,
the most common trend is a given complex will be enriched for having predominantly
positive or predominantly negative interactions (43% of complexes). Whether a
complex is predominantly negative or positive can in part be predicted by whether
the genes are essential (predominantly negative) or correspond to a specific biological

process.
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1.5 Identification of phenotypic equality

In the previous section I summarized approaches to the interpretations derived from
the calculation of gene interaction. In the present section, I summarize an alternate
approach to analyze genetic interaction data, which is the identification of epistasis.
In the literature, epistasis is sometimes used interchangeably with gene interaction
[54]. In the present study I use the term epistasis to reflect a sub-type of gene

interaction which additionally has a pattern of phenotypic equality.

By this classical definition of epistasis [54-56], if one considers two genes X and Y,

gene X is considered epistatic to gene Y when

TAx = TA:):y 7é TAy and th 7£ {TAya TAza TAxy}a (111)

where T, is a phenotypic measurement of a wildtype strain, and Ta,, Ta, and
Thrqzny are the measurements when when gene X, gene Y or both genes are deleted,
respectively. Epistasis therefore marks a pattern of phenotypic equality between a

double deletion strain and a single deletion strain.

The identification of phenotype equality requires either a qualitative and unam-
biguously categorizable phenotype or a method to determine if two quantitative
phenotypes are statistically equivalent. Qualitative categorized phenotypes are
exemplified by study [55], which makes the distinctions between sets of phenotypic
outcomes such as {male, female, or hermaphrodite} or {alive, dead and engulfed by
neighbouring cells, or dead with persistent corpse}. In contrast, studies [43] and [57]
determine equality based on uncertainty of each phenotypic trait as estimated from

replicate measurements of quantitative phenotypes such as growth rate or colony size,
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respectively. St Onge et al [43] considered phenotypic traits Ta, and Taza, equal

when

ILLTAac - ILLTA:cAy

2 2
\/SeTAz + SeTAIAy

< 0.75, (1.12)

where pr, and sep, are the mean and standard error of replicate measurements
of trait T, respectively. Notably, this measure is similar to the calculation of a
z-score, i.e. the number of standard deviations z by which a value x deviates from a
population with mean p and standard deviation ¢ (z = (x — p)/o), or a t-statistic.
By an alternative calculation, Drees et al. [57] considered two phenotypes equal if
the confidence intervals of their medians overlapped. I apply the methods of Drees et

al. and St Onge et al. in Chapter 3.

Alternative approaches to the identification of epistasis arise when combinatorial
gene perturbation effects are estimated by linear regression (Eq 1.4). If I consider

two genes X and Y, gene X is considered epistatic to gene Y when

QI:_BY# _5X7{5X75Y7BI}7£0 (113>

where [ parameters are estimated and defined as in Eq 1.4 for two genes X and Y.
This equality can be paraphrased as the phenotypic effect of deleting gene Y (fy) is

negated when gene X is also deleted.

Equality between  parameters in Eq 1.13 has been determined indirectly by analyzing
the effect on model fitting when terms ; and fBy and cancelled out from the full

linear model [39, 58] (Eq 1.4).
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While the above examples present alternative statistical approaches to the identi-
fication of equality from a phenotype T measured multiple times under different
gene perturbation conditions, equality has also been identified from multiple distinct
phenotypes. For example, studies [58] and [59] consider the transcript levels obtained
by microarray (> 1500 genes) to identify epistasis, whereas [39] considers features
extracted from analysis of fluorescence microscopy images of antibody-stained cells
(> 20 features including cellular area, nucleus area, cell count, and mitotic cell count).
Notably, distinct phenotypes may be simultaneously considered to estimate gene
deletion effects with a linear regression model [58]. St Onge et al considered a ratio
of two phenotypes, measured in presence and absence of a stimulus, as the basis
for identifying epistasis. This is analogous to the identification of epistasis from

sensitivity (defined in §1.3).
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1.6 Interpretation of phenotypic equality

In the previous section I briefly summarized alternative approaches to the identification
of epistasis. In contrast to the calculation of gene interaction, epistasis can be predicted
based on specific assumptions about how genes function. The present section will
summarize these assumptions and how the identification of epistasis has allowed

inference of gene order and regulation in hierarchical pathways.

In a review in 1992 [55], Avery and Wasserman defined a generalized set of assumptions
about how genes function in pathways. Avery and Wasserman considered the
assumptions that a signal and two genes have Boolean (ON/OFF) activity, and
through activating or repressing regulation, the signal determines the activity of the
upstream gene, which in turn determines the activity of the downstream gene. They
assumed that the activities of the signal and the two genes determine the phenotype.

I will describe the assumptions in further detail in §2.1.

From their assumptions, Avery and Wasserman derived a set of rules to apply to
combinatorial gene and stimulus perturbation data to hypothesize which gene is
upstream, and whether the activity of the upstream gene represses or activates the

activity of downstream gene. I summarize the rules as follows:

o If deleting each gene affects the phenotype with or without the stimulus, but
not both (Rule 1), then

— If there is masking and if individual gene deletions affect the phenotype
in the same stimulus condition, then the masking gene is an upstream

activator (Rule 2),

— If there is masking and if individual gene deletions affect the phenotype

in the opposite stimulus conditions, then the masked gene is an upstream
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repressor (Rule 3).

where I have modified the rules to read gene deletion rather than full loss of function
mutation, masking is equivalent to epistasis as defined in Eq 1.11, and the stimulus
or signal is assumed to be controlled by the experimenter independent of the other
genes. A signal may be a third genetic perturbation or a change in environmental

condition such as addition of a drug or nutrient.

The rules reflect several conclusions. First, the interpretation of epistasis allows
distinct hypotheses when genetic interaction data are obtained with and without a
stimulus. If no stimulus is tested, only a subset of hypotheses can be determined,
i.e. the upstream gene is an activator. Second, the rule to interpret which gene is
upstream is different depending on how the upstream gene regulates the downstream
gene. Third, perturbation of the signal and the genes must cause a change in the
phenotype in comparison to an unperturbed organism, and perturbation of each
gene may cause a change in one stimulus condition only. Avery and Wasserman
emphasized that the assumptions and rules needed to be met by a dataset to make

their distinct hypotheses.

Aylor and Zeng extended the research of Avery and Wasserman to be applicable to
quantitative phenotypes. Avery and Wasserman described their rules in the context
of analyzing qualitative discrete phenotypes, for example cell engulfed versus cell
not engulfed, which allowed identification of epistasis in absence of statistical criteria
(see §1.5). Also, Avery and Wasserman had not formalized, in their assumptions,
how the signal and the genes regulate the phenotype. Aylor and Zeng addressed
these limitations by formalizing how the signal and genes function in a topology
diagram, requiring the following additional assumption: the quantity of a phenotypic

measurement is regulated by the activity of the downstream gene. Aylor and
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Zeng modelled continuous phenotypes representing combinatorial stimulus and gene

perturbation experiments by a linear regression model (Eq 1.4).

These extensions allowed Aylor and Zeng to propose a method for hypothesizing
whether genes function in one of sixteen topologies (permutations of Topologies 1
or 2 in Figure 1.1). The method consists of finding best-fit linear models for eight
phenotypes (permutations of the conditions wherein the signal and two genes are
present or absent/deleted) obtained by removing terms from Eq 1.4 when they are
insignificant. A hypothetical topology is determined by matching this set of best-
fit models to a set of corresponding models expected for one of sixteen topologies
based on their assumptions. Expected models were obtained largely by applying the

identification of epistasis analogous to Eq 1.4.
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Figure 1.1: Examples of hypotheses derived from genetic interaction data.
Topologies shown wherein gene X and Y regulate one another and a phenotypic trait
T are among the hypotheses derived from genetic interaction data. In the case of genetic
interaction experiments conducted in presence and absence of a stimulus S, the sign
of regulatory interactions may also be derived. Derivation of these various topologies
as hypotheses is reviewed in text. Symbols: arrow ending in circle, regulation may be
activating or repressing; number, arbitrarily assigned topology number
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The method of Aylor and Zeng is largely in agreement with the assumptions and rules
of Avery and Wasserman, albeit adapted to quantitative phenotypes. The following
paragraphs will describe methods which have disagreement with the assumptions or

rules of Avery and Wasserman.

Drees et al. [57] proposed a method to analyze quantitative gene perturbation
data that involved a statistical analysis of epistasis (§1.5). They described 75
possible patterns of relations among four phenotypes representing combinatorial gene
perturbation data. Among these, they report 18 patterns to allow the hypothesis
that gene X is an upstream activator of gene Y (Topology 3 in Figure 1.1), and an
analogous 18 patterns to allow the hypothesis that gene Y is an upstream activator of
gene X (Topology 4 in Figure 1.1). In each case, six of 18 patterns correspond to Rules
1 and 2 of Avery and Wasserman, for example the pattern Toy > Tagay = Taz > Thay

allows the hypothesis that gene X is an upstream activator of gene Y.

For the same hypothesis, the remaining twelve of 18 patterns disagree with the Rules.
I note the following disagreements. First, in one subset, the effect of deleting gene
X has no effect, e.g. Tyr = Tazay = Taz > Tay. This pattern disagrees with Rule
1. In a second subset, there is no masking gene, e.g. Thy < Thzay < Trz < T,
therefore not reflecting Rule 2 nor 3. In a third subset, there is no masking gene
and additionally deletion of gene Y has no effect, e.g. Tyt = Tay < Trazay < Taq,
thereby additionally disagreeing with Rule 1. In the case of these twelve patterns,
it is unclear what assumptions allow one to derive the same hypothesis as Rule 1
and Rule 2, yet from these alternative phenotypic patterns, as the authors did not

describe their assumptions.

Two additional studies, similarly to Drees et al. [57], identify epistasis from quantita-
tive combinatorial gene perturbation phenotypes to derive hypotheses about gene

functions. First, Fischer et al. [39] generated a combinatorial gene knock-down
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dataset wherein pairs of gene transcripts were targeted by RNAi. They used these
data, after log transformation, to estimate the effects of gene perturbation effects with
a linear regression model (Eq 1.4). Fischer et al. [39] identified epistasis according
to Eq 1.13 by analyzing whether 5y = +8x or 5; = £y was better explained by
the data by their criteria. When gy = —fy was a superior explanation, gene X was
hypothesized to be an upstream activator of gene Y and when ; = Sy, gene X
was hypothesized to be an upstream repressor of gene Y. While the former case is
analogous to Rule 2 of Avery and Wasserman, i.e. the masking gene is hypothesized
to be an upstream activator of the second gene for data obtained in one stimulus

condition, the later case marks deviation.

Fischer et al. presents numerous deviations from the rules and assumptions of Avery
and Wasserman. First, RNAi results in variable reduction of gene expression, whereas
the assumptions of Avery and Wasserman are that perturbations cause complete
loss or gain of gene function. The reduction of expression in high-throughput RNAi
experiments has been estimated by quantitative RT-PCR, wherein Horn et al. [24]
report transcript levels are reduced by > 60% for 83% of 192 RNAi experiments. A
second deviation is the hypothesis of Fischer et al. [39] that a masking gene is a
repressor of a downstream gene. This does not represent any of the rules of Avery and
Wasserman, which require experiments in two conditions to hypothesize a repressing
relationship between two genes, and additionally disagrees with hypotheses derived
from gene interaction calculations. It is not clear to the author what assumptions

are required to derive the inference rules of Fischer et al [39].

A study by Battle et al. [60], similarly to Fischer et al., examined quantitative
genetic interaction data obtained for one stimulus condition. Battle et al. [60] identify
epistasis when the data deviate less from the expectation value for epistasis (Eq 1.11)
relative to two alternative expectation values. The alternative is either a multiplicative

null expectation for gene interaction (Eq 1.1, see [36] for details), or an expectation

25



for partial epistasis. Wherein the expectation for epistasis is best explained relative
to these alternatives, the masking gene is hypothesized to be downstream of the
second gene. Therefore, Battle et al. interpret the genes to function in the opposite

order as hypothesized by Rule 2 of Avery and Wasserman.

The hypotheses derived from the two alternatives to epistasis also represent deviations
from previous studies. The first alternative, partial epistasis, is identified when genetic
interaction data obtained for genes X and Y are best explained by the expectation

that

TAz . TAy

Tazay = 0.5( =
wt

+ max(Tag, TAy)) (1.14)
where Tazay, Taz, Tay and T, are as defined previously. If this expectation best
explains the quantity of Taza,, Battle et al. hypothesize the genes to function in
Topology 5 or 6 in Figure 1.1, which are indistinguishable since gene order is not
hypothesized. The second of two alternatives is the multiplicative null expectation,
which if best explains the data, allows one to hypothesize genes function according

to Topology 7 in Figure 1.1.

The study by Battle et al. presents many advances to the interpretation of genetic
interaction data. First, it presents a synthesis of interpretations from both phenotypic
equality and gene interaction calculations. Second, the study provides a method
to estimate the architecture of large networks that incorporate hypotheses from all
combinatorial gene perturbation analyses considered in a genetic interaction dataset.
Nonetheless, the assumptions that allow their derived hypotheses are not clear to the
author, particularly in the case of epistasis and partial epistasis, wherein the former

hypothesis contradicts the rules of Avery and Wasserman. I address this ambiguity

26



in Chapter 3, wherein I analyze how well Battle et al’s alternative expectation values

meet genetic interaction data simulated with formalized assumptions.

1.6.1 Interpretation of phenotypic equality among sensitiv-

ity phenotypes

In the previous section, I provided examples of quantitative epistasis analysis for
genetic interaction datasets obtained for one condition. In contrast, Avery and
Wasserman’s review indicates that additional hypotheses may be discerned when two
conditions are analyzed. St Onge et al. [43] analyzed quantitative epistasis from
genetic interaction data obtained in conditions with and without a DNA alkylating
agent (0.002% v/v methyl methanesulfonate, MMS). In this study, they selected a set
of 26 genes with hypothesized functions in the response to DNA damage to generate
combinatorial gene deletion experiments. They reported over 50% of these genes
had significant effects on the phenotype, growth rate, both in presence and absence
of MMS. Therefore Rule 1 of Avery and Wasserman is not met in this study, and

implying a subset of Avery and Wasserman’s assumptions is not met.

St Onge et al [43] provided an alternative method to derive hypotheses from their
dataset. They identified quantitative epistasis from sensitivity phenotypes as described

in §1.3. A gene X is epistatic to gene Y when

SAxAy = SAx 7& SAya Swt 7é {SAxAya SAxa SAy} (115)

where S is as defined previously. Because S is the ratio of a phenotype obtained
for the same genotype, in presence and absence of the stimulus, the analysis of .S

does not allow one to distinguish whether Rule 2 or Rule 3 is applicable. If epistasis
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based on S is identified, St Onge et al hypothesized that the epistatic gene is an
upstream activator of the second gene. It is not clear how modified assumptions from
Avery and Wasserman would allow one to derive this hypothesis, and the underlying
assumptions were not stated by the authors. I note that hypotheses made in this

study, however, are supported by known functions of genes considered.

St Onge et al. [43] additionally consider a pattern of phenotypic equality wherein a

masking gene cannot be identified,

Sazay = Saz = Say # Swt.- (1.16)

In this case, they hypothesize that genes X and Y function as a unit, for example in
a protein complex. This hypothesis may be illustrated as Topology 8 in Figure 1.1.
While this hypothesis was supported by known functions of the genes considered, it

is not clear what assumptions underly this hypothesis.

28



1.7 Thesis motivation

In the previous sections, I introduced several approaches to interpret how genes
regulate one another from the analysis of genetic interaction data. Avery and
Wasserman’s rules and assumptions are well-cited as evidence that these data may
allow derivation of specific hypotheses about how genes functions in pathways. While
these assumptions and rules are relatively well-defined, they are not met in more
recent quantitative studies or in studies applying incomplete loss of function gene
perturbations. In Chapter 2 I analyze how modifications to the assumptions of Avery
and Wasserman affect the hypotheses one can derive. Numerous studies provide
alternative interpretations compared to Avery and Wasserman, and in some cases
contradictory interpretations. Because these studies do not report the assumptions
underlying their interpretations, it is not clear which interpretation one should use. In
Chapter 3, T consider one such method, by Battle et al. [60], for hypothesis generation
in the form of hierarchical and non-hierarchical topologies, which I test on simulated

and experimental stimulus and gene perturbation data.

The motivation for Chapter 4 emerges from the analysis of experimental perturbation
data generated for genes in the DNA damage checkpoint in Chapter 3, and will be

articulated therein.
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1.8 Objectives

e The first objective is to develop a method for quantitative epistasis analysis
that extends previous developments [41, 55, 58] and to benchmark this method

on experimental data (Chapter 2).

o The second objective is to develop a method that generalizes epistasis analysis
by allowing inference of any acyclic topology, and to determine the theoretical
and practical limitations of this method on simulated and experimental data in

relation to an alternative published method [60] (Chapter 3).

o The third objective is to conduct biochemical, cell division and gene expression
experimental assays to test several alternative hypotheses that may explain
repression of DNA damage-responsive transcription by high doses of DNA
alkylating drug (Chapter 4).
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2

Quantitative epistasis analysis
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Summary

I describe a novel gene topology model that encapsulates a subset of assumptions of
the classical epistasis analysis of Avery and Wasserman, while allowing modifications
to improve applicability of classical assumptions to quantitative phenotypes. The
model allows development of a method to infer topologies by comparing model-derived
expected trait patterns to experimental data obtained for a well-characterized eukary-
otic network. These advancements are important because of extensive application of

classical epistasis analysis in biological research.

Contributions

The founding analyzes and experiments described in this chapter are published [61].
Dr. Theodore Perkins, Dr. Mads Kaern, Jacob Parker and I contributed to model and
method development. Dr. Mads Kern and I contributed to testing the method. Dr.
Mads Keern, Dr. Cory Batenchuk, Katy Morin and I contributed to experimental data
analysis. Dr. Mads Kern, Dr. Cory Batenchuk, Mila Tepliakova, Katy Morin and I
contributed to experimental design. Mila Tepliakova, Katy Morin and I performed
the experiments. Mila Tepliakova, Dr. Vida Abedi, Simon St-Pierre and I contributed

to DNA construct and strain generation.
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2.1 Background

Genetic interaction data can be analyzed to derive hypotheses about how gene
products influence one another and the phenotype(s) considered. Classical epistasis
analysis allows hypotheses about the order of gene functions relative to the phenotype,
i.e. which of two genes is upstream of the other, and the nature of the regulatory

function, i.e. if the upstream gene is a repressor or activator of the downstream gene.

Epistasis analysis requires the data to meet several criteria. However, these criteria
were initially designed for qualitative phenotypes, and subsets of criteria are not
applicable to quantitative ones. It remains an open question whether the assumptions
underlying classical epistasis analysis can be fully adapted to quantitative genetic

interaction datasets yet still allow equally powerful hypotheses.

This problem was illustrated by Aylor and Zeng [58], who formalized the assumptions
of classical epistasis to enable analysis of quantitative microarray data, and found
that subsets of hypotheses could no longer be derived. In particular, gene order could
not be determined if neither gene was a repressor. In the present study, I begin by
examining the assumptions of classical epistasis analysis and the work of Aylor and

Zeng [58].

To address ambiguities in the interpretation of epistasis among previous studies,
Avery and Wasserman [55] described four assumptions to predict epistasis and derive
hypotheses about gene functions by classical epistasis analysis (Table 2.1). The
assumptions describe the expectations for how a signal-responsive pathway with two
genes regulates a phenotype. The assumptions also describe expectations for how
perturbation experiments are conducted to deduce if genes function according to the
assumptions. Of particular importance in the present study is the assumption that

the activity of the stimulus and each gene can be ON or OF F, with no intermediate
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levels of activity (Assumption 3), and the assumption that the activity of the signal
determines the activity of an upstream gene, which determines the activity of a
downstream gene (Assumption 4). The activities of this signal and the two genes are

assumed to determine the phenotype (Assumption 2).
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Table 2.1: Assumptions made by Avery and Wasserman [55] to derive rules for epistasis
analysis

A signal state can be determined by the experimenter
(1) independent of the genotype and phenotype. The signal

state affects the phenotype.

During the experiment, the signal and the two genes are

the sole determinants of the phenotype.

The signal and the two genes are ON or OFF, there are

no intermediate levels of activity.

In the wildtype, the signal determines whether the
upstream gene is ON or OFF, the upstream gene in

turn determines whether the downstream gene is ON or

OFF.
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Avery and Wasserman defined rules for epistasis analysis, derived from their assump-
tions (Table 2.1). The rules correspond to hypotheses for gene order and the sign
of the regulatory signal between the two genes, that are determined by identifying
mutually exclusive patterns among phenotypes from eight experimental conditions.
The conditions correspond to the pairwise combinations of perturbations to a stimulus
and each of two genes. To accommodate the assumptions, gene perturbations must
cause complete loss of function (e.g. gene knockout, OFF) or complete gain of
function (e.g. gene overexpression, ON). I summarize the rules below, contextualized

to gene deletion perturbations for two genes X and Y,

o If deleting each gene X or Y affects the phenotype under a condition with or
without the stimulus, but not both (Rulel), then

— If epistasis is detected, and if each gene deletion affects the phenotype
in the same stimulus condition, then the epistatic gene is an upstream

activator (Rule2).

— If epistasis is detected, and if each gene deletion affects the phenotype in
the opposite stimulus condition, then the epistatic gene is downstream of

a repressor (Rule3).
where epistasis was defined as follows,

o If deleting gene X or Y produces a different phenotype from the wildtype and
from each other, and if deleting both genes produces a phenotype that looks
like one of the phenotypes produced by deleting a single gene X, then X is
epistatic to Y.

The rules therefore allow hypotheses about gene order and inter-gene regulatory
function from interpretation of qualitative or discrete phenotypes which can be easily

categorized. For example, Dictyostelium discoideum amoeba undergo a developmental
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program in response to starvation which is accompanied by morphological changes in
a transition from a unicellular to multicellular form. Deletions of genes with encoded
functions in the PKA pathway cause obvious morphological defects that have been

amenable to classical epistasis analysis [62] (Figure 2.1).
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Figure 2.1: Phenotypes exemplifying classical epistasis analysis. Souza et al.
[62] conducted epistasis analysis by examining the imaged morphological changes over
time following starvation of Dictyostelium discoideum which in the wildtype marks a
transition from unicellular (left) to multicellular form (right). Mutating pufA (pufA-) yields
a morphological pattern which looks like the pattern when both yakA and pufA are mutated

(pufA-,yakA-), i.e. pufA is epistatic to yakA. Reproduced from [62] with permission of the
source journal Development.
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To derive an analogous analysis for quantitative phenotypes, Aylor and Zeng [58]
adapted the assumptions and rules and made several important advancements to the
analysis of epistasis. First, Aylor and Zeng [58] incorporated the assumption that a
signal and two genes with Boolean activities function in a hierarchy to derive sixteen
possible pathways in which a stimulus S and two genes, X and Y, regulate a trait
T'. This number represents the possibilities that X or Y is upstream, and that each
of three edges between S, X, Y and T may be activating or repressing (Figure 2.2,
edges 1, 2 and 3). This advancement formalizes the classical assumptions as pathway

diagrams.
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Figure 2.2: Hierarchical topologies used to interpret epistasis in previous
studies. Studies [55] and [58] considered a signal S and two genes X and Y with Boolean
activity to function in a hierarchical pathway regulating a phenotypic trait 7. Avery and
Wasserman [55] considered the edges 1 and 2, whereas Aylor and Zeng considered the edges
1, 2 and 3 [58]. The remaining edges (4-5, dotted lines) are consistent with the assumptions
of Avery and Wasserman but were not explicitly considered. Symbols: edge ending in circle,
may be activating or repressing.
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Second, Aylor and Zeng [58] used quantitative and statistical estimates of gene
perturbation effects to infer one of the sixteen pathways. Specifically, quantitative
trait values, obtained by DNA microarray experiments, were regressed using a linear
model as in Eq 2.1. This model incorporates estimates of the wildtype phenotype [y,
the effects of individual gene deletions (Sx, Oy ), and the effect of a gene interaction
(Br), approximating the deviation from the assumption that the effect of deleting
both genes will be additive. Estimation of these terms by regression requires multiple
measurements of a quantitative trait value 7" under all possible conditions wherein

each gene is deleted or not, as follows

T(X,Y)=06+Bx(1—=X)+ B (1=Y)+5(1-X)1-Y) +e (2.1)

where XY € {0,1} indicates if the genes X and Y are deleted (zero) or not (one),

respectively, for a given phenotype measurement, and € is an error term.

To infer one of sixteen pathways, Aylor and Zeng compared Eq 2.1 estimated by
regression of experimental traits, to Eq 2.1 theoretically predicted for each pathway.
Whereas the estimated equation had dropped terms based on statistical significance,
theoretical equations had dropped terms based on predicted effects to perturbations
of genes in a given pathway. To make an inference, these two reduced models of

equation Eq 2.1 must match.

I briefly summarize Aylor and Zeng’s [58] method to derive predicted equations for
a pathway. For each of sixteen pathways, Aylor and Zeng predicted four equations
corresponding to the four possible gene perturbation conditions. Notably, they
did not consider the perturbation of a stimulus, and rather assumed each pathway
could have two possible states in the wildtype: one wherein the upstream gene X

is ON, and a second wherein X is OF F'. This state determines the Boolean states
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of the downstream gene Y and the trait 7', depending on the regulatory edges in
an unperturbed pathway. These states then determine if a perturbation effect is
expected to have a significant effect on the phenotype, i.e. perturbation causes a
change in trait from ON to OF'F or vice versa. For example, for a pathway wherein
X represses Y, which activates T' (i.e. X 1Y — T) and X is ON in the wildtype,
deleting Y is expected to have no effect (5y = 0) since it is already OF'F (Table 2.2).
Similarly, deleting both Y and X is expected to have no effect relative to wildtype
since the effect of deleting X cannot be propagated to the the trait when Y is deleted
(i.e. Br = —fx). Notably, this latter scenario corresponds to epistasis, when the effect
of deleting one gene is masked or cancelled out by the effect of deleting a second gene.
A Dbest-fit model for these four conditions incorporates all coefficients predicted to be
non-zero, i.e. T'= [y + Bx + B;. If a best-fit model for a pathway is unique among
the sixteen possibilities, the pathway may be inferred as a hypothesis for how genes

function.
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Table 2.2: Trait equations predicted from a hierarchical pathway by Aylor and
Zeng [58]. See text for interpretation. Symbols: WT', condition where no genes are deleted;
AX or AY, condition where hypothetical gene X or Y is deleted; AXAY, condition where
both hypothetical genes are deleted. Adapted from [58].

State of X in WT' | Genotype Topology T Best-fit model
XAY =T
ON wT ON 4 OFF — OFF Bo
ON AX OFF 4ON — ON | By + Bx
ON AY ON 4AOFF — OFF Bo Bo + Bx + Br
ON AXAY | OFF410FF — OFF Bo
OFF wT OFF 4ON — ON Bo
OFF AX OFF 4ON — ON Bo
OFF AY OFF 4OFF — OFF | By + By Bo + By
OFF AXAY | OFF AOFF — OFF | By + By
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By extending such derivations to all sixteen pathways, Aylor and Zeng [58] made a
number of important conclusions. First, pathways differing in the sign of regulation
from the downstream gene to 7" had indistinguishable best-fit models. Similarly, this
distinction was not made by the Avery and Wasserman rules. Second, Aylor and
Zeng [58] could in some cases make an inference in absence of knowing the state of
the signal. In contrast, Avery and Wasserman’s rules had stricter requirements on the
detection of perturbation effects in at least one stimulus condition. Finally, pathways
having a positive regulatory edge between the two genes yielded indistinguishable
best-fit models when X was upstream of Y versus when Y was upstream of X. This
indicates that gene order cannot be identified for a subset of pathways. In contrast,
the analogous distinction could be made by Rule 2 of Avery and Wasserman described
above. It is not clear why Aylor and Zeng’s adaptation of the Avery and Wasserman

rules to quantitative phenotypes eliminated the ability to infer a subset of pathways.

By re-examining the Avery and Wasserman assumptions one can identify logical
discrepancies between the assumptions of Avery and Wasserman and Aylor and Zeng.
In particular, the assumptions of Avery and Wasserman do not indicate how the signal
and two genes influence the phenotype. In contrast, Aylor and Zeng specify that the
activity of the downstream gene in a pathway will determine the phenotype (Edge 3
in Figure 2.2). Indeed, there are two additional ways the trait can be regulated which
are in full agreement with Avery and Wasserman’s assumptions, but not considered
by Aylor and Zeng. These correspond to the feedforward edges from the signal or the
upstream gene to the trait (Figure 2.2, Edges 4 and 5).

The assumptions of Avery and Wasserman and Aylor and Zeng have a commonality
which reduce applicability to quantitative data. In particular both studies consider
gene activity to be ON or OFF, and activity to be determined by the state of an
upstream gene’s activity or an upstream stimulus. These assumptions result in the

rule wherein gene perturbation has an effect in only when the stimulus is ON or OFF,
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since deleting a gene with an activity that OF'F is expected to have no effect on a

phenotype.

In contrast to this rule, previously published studies [41, 43] that quantify the signal-
dependency of gene perturbation effects report that a significant number of gene
deletions (50-67%) yield significant perturbation effects both in presence and absence
of a signal. These results therefore mark inapplicability of the assumptions of both
Aylor and Zeng and Avery and Wasserman to these data. Such inapplicability would
require modifications to the assumptions about gene activity used to derive expected

phenotypes for different pathways.

In the present chapter, I describe a model to derive expectations for quantitative
genetic interaction data that aims to address the limitations of these previous studies.
Specifically, the model (1) considers gene activity to have a quantitative influence
on a theoretical trait, (2) allows all feedforward influences in agreement with Avery
and Wasserman’s assumptions, and (3) allows gene activity to encompass a signal-
dependent component and a basal-component. These modifications are important
as they address limitations in one or both previous methods, respectively, towards
deriving expectations for quantitative genetic interaction data that allows gene

topology inference.

The structure of the present chapter is as follows. First, I describe a topology
model that incorporates the above-described modifications. Second, I describe how
this model can be used to derive an algorithm for topology inference applicable
to experimental genetic interaction data. Third, I describe benchmarking of this
algorithm, with experimental data obtained for a well-studied biological network of

genes in S. cerevisiae encoding functions in galactose metabolism.

46



2.2 Objectives

e The first objective is to analyze the effects of modification to Avery and
Wasserman’s original assumptions to develop a topology model for deriving theo-
retical, quantitative phenotype expectations for hypothetical genetic interaction

experiments.

e The second objective is to develop a topology inference method by analyzing

how model-derived expectations can have topology-specific patterns.

e The third objective is to benchmark the inference method, by applying the
method to experimental genetic interaction data obtained for a well-characterized

eukaryotic network.
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2.3 Results

2.3.1 Model to derive theoretical perturbation phenotypes

I begin by describing the model in Figure 2.3 which I use to derive theoretical,
quantitative phenotype expectations for the effects of combinatorial stimulus and
gene perturbations. In this hierarchical topology model, there is a signal S, which
can be ON or OFF, and two genes, X and Y, which can be present (functional) or
absent /deleted (non-functional). For the reader’s reference, symbols used throughout

the chapter are listed in Table 2.3.

In the model, S, X and Y can influence a quantitative theoretical phenotype p in a
signal-dependent (o influences) or signal-independent manner (« influences). These
influences are determined by the states of two sets of Boolean variables for each gene.
These variables correspond to whether the signal-dependent activity of a gene is ON
or OFF (grey squares, Figure 2.3) or if the signal-independent activity of a gene is
ON or OFF (white squares, Figure 2.3), respectively. Signal-independent influences
correspond to the influence of basal gene activity whenever a gene is not deleted. In
contrast, signal-dependent influences correspond to the additional activity of a gene
when it is activated by the signal or the signal-dependent activity of its upstream

gene.
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Figure 2.3: Hierarchical topology model. The model encompasses five Boolean
variables (squares) and six quantitative influences (o and o parameters) (a; not shown) on
a theoretical phenotype p according to Eq 2.3. The signal state S and the signal-dependent
activities of the two genes Xg and Yg regulate one another in a hierarchical topology.
Symbols: white squares, Boolean variables determined by signal and gene perturbation
states of a given experiment; grey squares, signal-dependent Boolean variables dependent
on topology, signal and gene perturbation states; black directed edge, indicates state of
upstream Boolean variable determines state of downstream Boolean variable; edge ending
in circle, can be negative or positive regulation; green directed edge, quantitative influence
on p from a Boolean variable.
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Table 2.3: Descriptions of symbols used. Symbols referred to throughout text are
provided with corresponding descriptions for ease of reference. Notably, descriptions
provide quick reference and do not replace formal definitions provided in text. A: symbols
related to the topology model to derive theoretical trait expressions. B: symbols related to
the hypothetical or measured effects of signal or gene perturbations on an experimental
phenotypic trait.

A | Description
X, | Theoretical signal-dependent activity of gene X (Boolean)
Y, | Theoretical signal-dependent activity of gene Y (Boolean)
p Theoretical trait
¢ | Difference of p between two conditions of the signal
po | p when the signal is absent and both genes X and Y are deleted
ax | Signal-independent quantitative influence of gene X on p
ay | Signal-independent quantitative influence of gene Y on p
ay | Signal-independent quantitative influence of the interaction between genes X
and Y on p
os | Quantitative influence of the signal S on p that is independent of genes X and
Y
ox | Quantitative influence of gene X on p that is independent of gene Y
oy | Quantitative influence of gene Y on p
B | Description
T | Experimental trait
Bo | Quantity of T" when no gene is deleted and the signal is absent
0| Quantitative effect of deleting gene i when the signal is absent
? Quantitative effect of deleting gene 5 when the signal is absent
Y | Quantitative effect of the interaction of genes i and j when the signal is absent
+ | Quantitative effect of the signal
! | Quantitative effect of deleting gene i when the signal is present
; Quantitative effect of deleting gene j when the signal is present
1| Quantitative effect of the interaction of genes i and j when the signal is present
5" | Difference of 8 between two conditions of the signal
D | Difference of T' between two conditions of the signal
0o | Quantity of D when no gene is deleted
0; | Quantitative signal-dependent effect of deleting gene ¢
0; | Quantitative signal-dependent effect of deleting gene j
0; | Quantitative signal-dependent effect of the interaction between genes i and j
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By considering that a gene may have signal-independent activity, the model allows
deviations from previous methods [55, 58] having the strict assumption that gene
activity is only ON or OF F'. Nonetheless, by considering that genes have a separate
signal-dependent activity, the model also retains certain assumptions of these previous
methods in the form of the hierarchical pathway, wherein the signal determines the
state of the upstream gene’s signal-dependent activity Xg, by activation or repression,
which in turn determines the state of the downstream gene’s signal-dependent activity
Ys, by activation or repression. Ys then determines if the pathway will have an
influence the trait (oy). This hierarchical signal-dependent pathway has all the edges
described in the model of Aylor and Zeng [58], as well as the additional feedforward
influences from the signal og or the upstream gene og to the trait, that were not

previously considered.

The deviation from strict ON/OFF gene activity, while maintaining a signal-
dependent hierarchical pathway, corresponds to conservation of Assumption 4 of
Avery and Wasserman, but not Assumption 3. In the model, Assumption 4 (Table
2.1) is encompassed by Eq 2.2. In this equation, Boolean variables Xg and Ys denote
the signal-dependent activities of the genes, respectively. The values of these variables
are determined by whether the genes are deleted (Boolean variables X or Y are zero),
the nature of upstream signal-dependent regulation (activating or repressing), and

the states of upstream signal-dependent variables (S or Xg) according to Eq 2.2,

X-(1—-29) ifSisa repressor,
X(59,X) =

XS otherwise.

Y (1-X,) if X, is a repressor,
Y;(XS,Y) =

Y X, otherwise.
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where S, X,Y € {0,1} denote if the signal is present (one) or absent (zero), if the
upstream gene X is present (one) or deleted (zero), or if the downstream gene Y is

present (one) or deleted (zero), respectively.

Influences of the signal and genes in the topology depend on five Boolean variables in
a manner dependent on the topology and on the state of signal and gene perturbation
according to Eqs 2.2 and 2.3. In the model, we assume each influence contributes
independently to the quantity of the theoretical phenotype (Eq 2.3) in addition to
the basal phenotype quantity that is independent of the genes and the signal (pg).

p(S, X.Y)=pot+ax(X)+ay(Y)+ar(X-Y)+0s(S) +ox(Xs) +oy(Ys). (2.3)

where a;; accounts for non-additivity of the basal influences of # and y whenever both

genes are not deleted.

The model in Figure 2.3 encompasses four possible regulatory topologies, differing in
the whether the edge from the signal to Xg is activating or repressing, and whether
the edge from Xg to Ys is activating or repressing (Eq 2.2). For each of four possible
regulatory topologies, I derive p for the eight hypothetical perturbation conditions
(Table 2.4). These conditions correspond to whether the signal is present or not, and
each gene is deleted or not. The derivations consist of quantitative predictions for
trait values for the topologies if genes and stimuli function as assumed by the model.
While one can observe certain patterns, for example the double gene deletion effect
should be the same for a given signal condition independent of the topology, patterns

of p useful for topology inference are not immediately obvious.
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Table 2.4: Definitions of p for eight perturbation conditions for each of four
topologies. Explanation of derivation provided in text.

(1) (2)

S S

4 1

Xg Xg

\ !

Yq Ys
p(S, X,Y)
p(0,1,1) ar + po + ax + ay ar+ po+ax +ay +ox + oy
p(ov 0, 1) po + ay po + ay
p(O,l,O) po—l—OzX p()—i-OéX—l—UX
p(0,0,0) Po Po
p(1,1,1) | ar+po+ax+ay+os+ox+oy ar+po+ax +ay +os
p(l,o,l) pPo+ay +og pPo+ay +og
p(1,1,0) po+ax +os+ox o+ ax +og
p(l,0,0) pPo+ o0s pPo+ os

(3) (4)

S S

i 4

Xg Xg

1 1

Ys Ys
p(S,X,Y)
p(0,1,1) ar + po+ax +ay +oy ar+pot+ax +ay +ox
p(0,0,l) Po+ oy + oy Po+ oy + oy
p(O,l,O) pPo + ax potax +ox
p(0,0,0) Po Po
p(1,1,1) ar+po+ax +ay + 05+ ox ar+ po+ ax +ay +o0s+ oy
p(l,o,l) pPo+ ay +0g+ oy pPo+ ay +0g+ oy
p(l,l,()) pot+ax +os+0x Pot+ ax +og
p(1,0,0) Po +0g Po + 03
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2.3.2 Derivation of theoretical perturbation effects

Hypothetically, such patterns may be achieved by isolating individual perturbation
effects. One approach to isolate individual perturbation effects is achieved by
considering the linear regression model (Eq 2.4) to estimate experimental effects of
signal and gene perturbation on a measured trait 7. While deletion effects can be
isolated by alternative means, linear regression has the advantage of considering all

perturbation conditions and replicate data in one model (see Discussion), as follows:

T(S,i.4) = o+ (1= ) (1= 1) + 81— 1) + 81— )1 - ) -

+8- (B4 81— i)+ 81— )+ B )1 =) +e

where S,7,5 € {0,1} denote if the experimentally determined stimulus S is present
(one) or absent (zero), and if two hypothetical genes i and j are deleted (zero) or
not (one), respectively, and € is an error term. These perturbation conditions are
analogous to those used to derive p, with the exception that it is not known which of

genes ¢ and j is upstream of the other or whether they function in a topology.

Eq 2.4 is analogous to regression performed by Aylor and Zeng [58] with the exception
that Eq 2.4 encompasses all perturbation conditions in one model. In Eq 2.4, each
genetic perturbation is associated with two [ parameters, representing the effect
of perturbation when the stimulus is absent (3%) or present (3'). Parameters (3;
estimate the deviation from the assumption that the two genes’ perturbation effects
are additive, and therefore represent the gene interaction terms. In the model, the
basal trait influence (5y) is independent of other gene and stimulus perturbation
effects, and correspondingly, the effect of the stimulus alone (3}) is independent of

other gene perturbation effects.
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To isolate the theoretical definitions of isolated [ perturbation effects, one can equate
definitions of T and p for each of eight perturbation conditions and four topologies.
This is achieved by arbitrarily setting gene ¢ as the upstream gene X, and gene j as
the downstream gene Y, as well as setting the error term € to zero. This allows one

to solve for the eight 5 parameters for each topology (Table 2.5).
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Table 2.5: Definitions of 5 parameters for each of four topologies

of derivation provided in text.

. Explanation

(1)

—Qp — ax
—Qy — Qy — 0y
ar
O'S—I-O'X_(J'y
Oy —Qx —0x —Qy
—Qaj — Qy
ay — Oy

S S
! 1
Xs Xs
) 3
Ys Ys
60 or+ po+ax + ay ar+potoax +ay +ox + oy
ZQ —Q7 — Oy —Qy —OQx —0x — 0Oy
jQ —Q7 — Ay —Q — Ay — 0Oy
? g ()é]+0y
é 05+ 0x + oy 0s —0x — Oy
il —Qy —OQx —0x — Oy —Qy — Ox
]1 —Qar — Qy — 0y —ar — Qy
]1 Oé]—FO'y (67
(3) (4)
S S
! 1
Xs Xs
1 1
Ys Ys
60 or+ po+ax +ay + oy or+pot+oax +oy +0x

Oy —OQx —0x — Of

—ay — Qy
ar — Oy
JS—Jx+0y
—ay — ax

—Qy — Qy — Oy
oy
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2.3.3 Inference of gene order using sensitivity phenotypes

Although theoretical predictions of § parameters are simplified compared to the
consideration of p alone, this approach is insufficient to reveal rules of inference as
derived by Avery and Wasserman. One does, however, observe that the theoretical
values of 3, parameters (k € {7, 7, [}) have a pattern wherein one of {39, 5}} is equal
to a sum of o and ¢ influences and the other is equal to the sum of corresponding
« influences only. This pattern suggests that perturbation effects can be further
simplified by examining the change in gene perturbation effects between the two

signal conditions.

To examine this possibility, one can consider a theoretical trait ¢, equal to the
difference between p of the two signal conditions. Specifically, ¢(X,Y) = p(0, X,Y) —
p(1,X,Y). Analogous treatment of the experimental trait is D(i,7) = T7(0,4,j) —
T(1,4,7), wherein regression of D would allow one to estimate the signal-dependent

effects of genetic perturbations (§) (Eq 2.5) as follows:

D(i,5) =00+ 0;(1 — i) + 6;(1 — 5) + 0;(1 —4)(1 — j) + €. (2.5)

where 7, 7 and € are defined as in Eq 2.4.

To derive theoretical trait definitions for  parameters, one can equate ¢ and D to
solve for the four § parameters for each topology (Table 2.6). To achieve this, I
arbitrarily set gene ¢ in Eq 2.5 as the upstream gene X and € to zero, as performed

above for the analysis of § parameters.
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Table 2.6: Definitions of § parameters for each of four topologies. Explanation
of derivation provided in text.

(1) (2)

S

! 1
Xs Xs
{ 4
Ys Ys

50 —0g—0x — 0Oy | Ox —0g + 0y

(51- ox + oy —0x — Oy
5]‘ Oy —0y
(S] —0y Jy
(3) (4)
S
0 1
Xs Xs
1 1
Ys Ys

do | oy —0x —0g | Ox — 05— Oy

0; 0x — Oy Oy —0x
(Sj —0y Oy
(5[ Oy —0y
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The theoretical definitions of § parameters reveal predictions of quantitative epistasis.
When analyzing 0 parameters, quantitative epistasis takes the form of §; = —d; where
0; # 0;. Because I arbitrarily set j as the downstream gene to derive theoretical
definitions of ¢, the model therefore predicts that for all topologies the effect of the
downstream gene (§;) will be masked when both genes are deleted (i.e. §; = —d;,9; #
d;) (Table 2.6). This prediction contrasts that of Avery and Wasserman, whose rules
reflect the upstream gene is masked for a subset of topologies, but agrees with the
rules described by St Onge et al. [43] for the interpretation of epistasis identified
from sensitivity phenotypes. Sensitivity phenotypes are analogous to d parameters
(see §1.3), and therefore the model in Figure 2.3 provides a set of assumptions which

explain cases where the rules of St Onge et al. are expected to work.

I note that this pattern of masking depends on the assumption that oy is non-zero
(Table 2.6). This requirement to detect masking is consistent for all topologies, because
in all cases 0; = ¢0; when ox = 0 and therefore the effect of deleting the upstream
gene cannot be distinguished from that of the downstream gene. The consequence
of this finding can be related to Avery and Wasserman’s assumptions. If the model
in Figure 2.3 had maintained all previous assumptions to derive quantitative trait
predictions, one would consider oy the only quantitative influence of the signal and
genes, and ¢ parameters would not allow gene order inference. The contrast between

derivations of the two sets of Assumptions is considered further in Discussion.

2.3.4 Inference of topology

While the consideration of § parameters in the previous section allows the identification
of gene order, it does not allow one to distinguish topologies. To test an alternative
strategy to distinguish topologies, I reconsider observation that a pair of § parameters

deviate predictably when compared between two signal conditions.
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This predictable pattern suggests that if one considers an alternative parameter,
', that represents the difference in gene perturbation effects across conditions yet
maintains information about the signal state of each § parameter. In contrast, this

information is lost when considering § parameters.

The parameters 5 maintain information about signal state as they are obtained from
[ parameters by conditional subtraction. To obtain a parameter for each signal state
2 €{0,1}, B = B; — B} if B} is defined by a parameters only, otherwise 3, = 37 — 37.

By this definition, 5,’5 is equal to zero or is defined by ¢ parameters only (Table 2.7).
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Table 2.7: Definitions of ' parameters, obtained from conditional subtraction of 3*
and 3°. Explanation of derivation provided in text.

(1)

S S
1 1
Xg Xg
\J 3
Ys Ys
Z/-O 0 —0x — 0Oy
;0 0 —0y
,IO 0 Oy
ﬂ;l —0x — Oy 0
ﬁ;l —0y 0
111 Oy 0
(3) (4)
S S
! 1
Xs Xg
1 1
Ys Ys
;0 0 Oy —0Xx
;»O —0y 0
IIO 0 —0y
;1 Oy — Ox 0
5}1 0 —0y
/Il —0y 0
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Theoretical definitions of 5 parameters reveal a pattern of predictions useful for
topology inference (Table 2.7). Specifically, each of four topologies has a unique set

of predicted 8" parameters that is equal to zero.

Theoretical definitions of 3 also reveal predictions of quantitative epistasis. In
contrast to the patterns observed for § parameters described above, the patterns of 3’
resemble the rules for gene order as described by Avery and Wasserman. Specifically,
if genes have a non-zero perturbation effect (8) in the same signal state, the masked
gene is the downstream gene (Topologies 1 and 2). In contrast, if genes have a non-
zero effect in different signal states, the masked gene is the upstream gene (Topologies
3 and 4). I note that these statements however have opposite theoretical requirements.
The influence oy must be non-zero for the first statement, yet equal to zero for the

second statement.

These opposite requirements for identifying epistasis correspond to a requirement for
a topology have a feedforward loop from the upstream gene to the trait in order to
infer Topology 1 or 2, yet the requirement for a topology to lack this feedforward loop
in order to infer Topology 3 or 4. I note that that the inability to infer gene order
for Topology 1 and 2 in absence of a feedforward loop is consistent with the model
and results of Aylor and Zeng [58]. This consistency suggests that the requirement
can be made obvious by formalizing assumptions about gene topology functions in a

quantitative model.
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2.3.5 Method for topology and gene order inference

In the present section, I amalgamate the predictions of theoretical phenotype patterns
discovered in the previous section to outline a step-wise algorithm to infer gene
order and topology from genetic interaction data obtained by quantitative phenotype
measurements of signal and gene perturbation experiments. The algorithm therefore
involves first a calculation of ¢ and 5 parameters by linear regression of experimental
phenotype measurements using Eqs 2.5 and 2.4, respectively, followed by the identifi-
cation of theoretically predicted patterns among corresponding experimentally-derived

parameters.

Notably, the theoretical predictions cannot be directly compared to experimental
parameters without additional considerations. First, in the case of theoretical
parameters, there is knowledge of which § parameter is defined by o and o parameters
versus o parameters only. Because this information is absent in experimentally-derived
[ parameters, one must assume there might be a quantitative difference between
parameters of the two signal states. In particular, I consider the assumption that a
B% parameter equal to o and o parameters will be greater in absolute magnitude than
the corresponding 37 predicted to be defined by a parameters only. This assumption

allows a rule for obtaining 8 from experimentally-derived § parameters:

Bi— B 18] < 1B,

Bi — B otherwise.

where k € {i,j,I} and z € {0, 1}.

The second consideration specific to experimental parameter analysis is the iden-

tification of epistasis. From theoretical parameters, epistasis is identified when
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trait expressions are equivalent in terms of a and ¢ variables. In contrast, from
corresponding experimental parameters, identification of epistasis can only be iden-
tified from the magnitudes and signs of § or 3 parameters estimated by linear
regression. These parameters are quantities having experimental uncertainty. To
address the problem of identifying epistasis in this case, I consider the assumption
that experimental parameters representing theoretically equivalent parameters will
deviate less in absolute magnitude than experimental uncertainty, measured as the
standard error of parameters. This assumption is described in more detail in Methods

and compared with alternative assumptions in Discussion.

By incorporating the two above-described considerations and suggested compensating
assumptions, one can obtain a step-wise method to infer gene order and Topology
from measurements of combinatorial signal and gene perturbation experiments. The
algorithm considers as input a dataset corresponding to all replicate experimental trait
measurements 1" for eight conditions corresponding to the eight possible combinations
wherein each of two hypothetical genes ¢ and j is deleted or not, and wherein an
experimental stimulus is present or not. The steps of the algorithm for each input

dataset are as follows:

1. Estimate 0 parameters by linear regression (Eq 2.5) of T

2. Infer gene 7 upstream of j if §; = =y, 6; # —dr, and d;, 95,67 # 0.

3. Estimate [ parameters by linear regression (Eq 2.4) and calculate ' parameters
(Eq 2.6).

4. If Step 2 failed because §; = 0; = —0r, infer gene ¢ upstream of j if in one
condition z € {1,0}, 87 # 0, 87 # 0, and B;Z = 0.

5. If Step 2 or Step 4 is successful, order ; and /3’;- variables according to which
gene is upstream, as in Table 2.7.

6. Infer Topology 1 to 4 if the pattern of zeros of ordered 8 is equivalent to a
pattern in Table 2.7.
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7. If Step 6 is successful, identify the sign of oy from d; according to the theoretical
definition of d; in the inferred Topology in Table 2.6.

In the final step of the method, the inference made in Step 6 is applied to deduce
the sign of the edge between the inferred downstream gene and the phenotype.
Therefore one can make a further distinction between one of eight topologies, rather
than four. Because one of two genes may be upstream, there is a total of sixteen
possible topologies inferred from a given set of experimental data. The step-wise
method includes several requirements which must be made for the inference of a
topology, including the statistical significance of ¢ and 3 regression coefficients and

the identification of theoretically-predicted patterns among significant coefficients.

The inference of an additional edge in Step 7 marks the ability of the algorithm
to deduce additional quantitative information about topology edges in addition to
inference of the topology alone. In Step 7, the magnitude and sign of the edge from
the inferred downstream gene to the trait (oy) can be deduced directly from the
experimental estimate of d;, since for any topology the theoretical definition of d; is
equal to either oy or —oy (Table 2.6). Analogously, one can deduce the magnitudes
and signs of all & and o influences for a pathway if Steps 1 through 6 of the method
are successful for a given dataset. In Table 2.8 I provide the calculation for each of
these influences from [ parameters obtained from experimental data. The calculation
of each influence is topology-specific with the exception of py and og. This is not

surprisingly as these are topology-independent variables in the model of Figure 2.3.
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Table 2.8: Definitions of @ and o parameters. Parameters can be calculated from (5
parameters estimated from experimental data, when experimental data allow the inference
of topology and gene order. This Table describes the calculation when gene i is inferred as
the upstream gene. Topology numbers (1) through (4) are as defined in Table 2.7

(1) (2)
Po Bo+ 87 + 58 + B} Bo+ 87 + 57 + B}
ax —B; — B —B; — Bi
ay —5(1) _5]0 —511 _5}
or 5(1) 511
os | By — By + 81— B+ B} = B)+ 8} | By — By + B — B+ B — 5+ 5
ox Bl =B+ 5 = B Br =By — B+ B}
oy B — ! Bl — 0
(3) (4)
Po Bo+ 87 + 58 + B} Bo+ 87 + 57 + )
ax —B7 — B —B; — B;
Qy —5? _5]1' —511 _5]0
or 5? 511
os | By =Bl + B =B+ B =B +Bj | By — B+ B — B+ B =B +5;
ox Bl —Br+ B — B Br =By — B+ B;
Oy 5;—5? 5})—5}
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In this section, I have defined criteria which theoretically should allow one to infer one
of sixteen possible pathways from experimental data. Inference requires the estimation
of 8 and ¢ parameters by linear regression of experimental traits, followed by a step-
wise analysis of these parameters. In the following section, I apply this algorithm to

a well-characterized metabolic and gene-regulatory network in S. cerevisiae.
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2.3.6 Inference method benchmarking

To benchmark the method described in the previous section, I consider an experimental
dataset [61] obtained for strains of S. cerevisiae having individual or double deletions
of eight GAL genes. This highly connected set of genes is considered one of the best
understood eukaryotic networks. GAL genes encode functions for galactose-induced
transcription (Figure 2.4B) or galactose metabolism (Figure 2.4A). The dataset
consists of experimental replicate phenotype measurements for wildtype and gene

deletion strains cultured in presence or absence of galactose (2% v/v) as the stimulus.

The dataset consists of two alternative quantitative phenotype measurements for all
strains and stimulus conditions. Rate of exponential population growth (min=1!) is
estimated from culture absorbance measurements over time, whereas mean cellular
expression level (arbitrary fluorescence units) is estimated from flow cytometry
measurements of cellular fluorescence by flow cytometry. Wildtype and GAL gene
deletion strains have a Pgar10—yFEGF P expression cassette at the ade2 locus (Figure
2.4C), allowing estimation of galactose-induced transcription. Details of cell culture

conditions and trait measurements are provided in Methods (§2.5.1).
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Figure 2.4: Schematic of intracellular functions encoded by eight GAL genes.
A. Model of Leloir metabolic pathway adapted from [63]. Gal2p permease or other hexose
transporters (HXTs) import galactose. GallOp mutarotase and epimerase (*) [64], Gallp
galactokinase, and Gal7p uridyl-transferase activities sequentially convert intracellular
galactose to glucose-1-phosphate. B. Model of galactose-induced transcription adapted
from [65]. Gal3p, if bound to intracellular galactose and ATP (not shown), relieves Gal80p
inhibition of DNA-binding protein Galdp, allowing de-repression of transcription of seven
GAL genes. The model considers protein dimerization of Gal80p, Galdp and Gal3p, as well
as two positive (Gal2p, Gal3p) and one negative (Gal80p) feedback loops on transcription.
Gal6p is hypothesized to negatively regulate transcription of GAL1/10, GAL7 and GAL2
[66] (not shown). Symbols: gal, galactose; gluc, glucose; -P, -phosphate.
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The phenotypes of individual gene deletions (Figure 2.5) deviate from the Avery
and Wasserman assumptions. Such deviations justify the need for the inference
method developed. First, phenotypes of the various genotypes cannot be categorized
into qualitative groups, regardless of whether growth or (Figure 2.5A) or expression
(Figure 2.5 B) is the phenotype. This finding indicates the requirements to have
quantitative predictions for topology inference, and to assign statistically significant
deviation, relative to wildtype, for categorizing whether a deletion has an effect on a
given phenotype in a given condition. I test the assignment of significance by two
methods, t-test (p < 0.05) and 90% confidence intervals (Figure 2.5). While the
confidence intervals allow more conservative assignment of significance, most deletion

effects are significant by both measures.

The above-described analysis of statistical significance reveals a second deviation
from the Avery and Wasserman assumptions, that is the finding that gene deletions
have effects in both stimulus conditions. For the growth phenotype, five of eight genes
have significant effects in both conditions (t-test, Figure 2.5A). For the expression
phenotype, deletion of GALS80 has a significant effect in both conditions (t-test,
Figure 2.5B).

Growth phenotypes in the dataset are therefore more likely to deviate from Avery
and Wasserman’s assumptions than expression for the same genotypes. This may
due to growth reporting on less specific biological processes compared to expression,
or due to bistability of the GAL gene regulatory network [67] regulating expression.
The conditions of galactose in the dataset correspond to concentrations wherein the
network is estimated to be monostable OFF or monostable ON [68], respectively,
which may reduce sensitivity to non-specific genetic perturbation. Notably, bistability
is hypothesized to exemplify developmental regulatory networks [69], for which Avery

and Wasserman'’s rules were contextualized [55].
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Figure 2.5: GAL gene deletion phenotypes deviate from Avery and Wasserman
assumptions. We find two deviations. First, deletions yield changes in phenotype which
cannot obviously be categorized into distinct qualitative groups. Second, some second
deletions have effects in both conditions of the stimulus. Replicate growth rate data (A) or
gene expression data (B) of each single GAL gene deletion strain are compared to wildtype
data in the corresponding condition and phenotype to determine if deletion has a significant
effect. We indicate if both (**) 90% confidence intervals (90% CI = pu =+ o * z, z = 1.645)
and t-test (p < 0.05) result in significance, or t-test alone (*). Symbols: gal, galactose; o,
standard deviation; bar height, mean (u) of replicate data; error bar, o.
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To benchmark the method, I consider 28 true positive topologies. These topologies,
schematized in Table 2.9 correspond to one topology per gene pair in the dataset,
obtained from previous literature. The regulatory edges may be direct (e.g. Gal80p
regulation of Galdp) or indirect (e.g. Gal80p regulation of Gallp). I exclude multiple
topologies possible when genes have feedback edges or multiple functions. For example,
Gall0p mutarotase and epimerase functions are required in different steps of the
metabolic pathway, yet we consider the mutarotase function (GAL10 upstream of
GALL1) to be the true positive because this function occurs most upstream (Figure
2.4A). T consider true positives to be the same for both phenotypes. While assigning
the regulatory edge from the downstream gene to p is clearly defined by positive or
negative gene regulatory functions for the expression phenotype, the assignment is less
clear for growth since I anticipate that gene perturbation effects on growth may occur
through many alternative bioprocesses involving both positive and negative regulation.
To obtain true positive edges in this case, I consider gene i to be an activator of
p if the literature-derived function of gene i is to enhance galactose-induced gene
expression or galactose metabolism, and otherwise I consider gene ¢ to be a repressor.
With these criteria, all GAL genes with the exception of GAL6 and GALS0 are
considered activators of p, and the edge from the downstream gene to p in the true

positives is consistent for both phenotypes.

To benchmark the above-described algorithm I analyze each step of the algorithm
towards inferring these true positive interactions. I first estimate 0 parameters for
each pair by linear regression (Step 1). Steps 2 and 4 of the method require criteria for
determining if regression parameters are significantly different from zero. I consider
parameters are significant with a p-value less than 0.05 (t-statistic). I ensured p-values
were not related to failure of the assumptions of linear regression, by inspection of

residuals.
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By this criterion of significance, more gene pairs can be analyzed for growth phenotypes
than for expression. For growth, ¢; is significant for all genes, and d; is significant
for 23 out of 28 gene pairs (Figure 2.6A). The five gene pairs with insignificant d;
are GAL3/GALS0, GAL6/GAL80, GAL10/GAL80, GAL2/GALS, and GAL2/GAL4.
For expression, 14 of 28 gene pairs can be analyzed (Figure 2.6B), as §; = 0 for GAL1
and GALG6 genes, thereby excluding any gene pairs including these genes for further

analyses.

Among gene pairs which can be analyzed in Step 2 (i.e. §;,d;,0;r # 0), I tested if
epistasis could be detected. The identification of epistasis, i.e. §; = —d; or §; = —dy,
requires a criterion for equality. While many criteria are possible, I consider the
assumption that a threshold for epistasis detection should be based on measurement
noise and parameter estimation error of regression, and that the identification of
epistasis should not be biased towards datasets with high measurement noise. This
allows a single threshold for each phenotypic dataset, determined from the data and
in this sense is not biased or arbitrary. I first analyze the data with these assumptions,
in later sections, I will analyze how the threshold for epistasis detection influences

the rate of true positive topology inference.

With these assumptions, gene ¢ is identified as epistatic to gene j (i.e. §; = —dy)

when

|0 + 01 "
maz(|0;],16,]) — "

(2.7)

where i, is the mean of all relative standard errors (rse) among significant ¢; values
for a given phenotype, rse = ses, /|0;], and segs, is the standard error of §; obtained

by regression analysis.
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With this criterion for epistasis detection, the majority of significant gene interactions
in the network exhibit epistasis. For the growth phenotype, the epistasis threshold is
a deviation less than 13% (p.se = 0.13), allowing 18 of 23 gene pairs to be considered
epistatic (Figure 2.6A). For expression, the epistasis threshold is a deviation less than
20% (urse = 0.20), allowing six of 14 gene pairs to be considered epistatic (Figure
2.6B) and three of 14 gene pairs to be considered co-equal.

Co-equality reflects the case where —d; = 6; = 6; and therefore neither gene may be
inferred as upstream (see Step 2 of method). In the model (Figure 2.3, co-equality by
this measure is predicted to occur when the upstream gene influences the phenotype
solely by influencing the downstream gene (i.e. ox = 0, Table 2.6). St Onge et al. [43]
identified co-equality analogously, from the analysis of sensitivity phenotypes, and
found 9/10 co-equal identifications in their dataset were gene pairs were documented
to function in the same physical complex. Indeed, the three co-equal relationships
identified in the present dataset correspond to those among genes GAL3, GAL/4
and GALS80, which are hypothesized to function as a complex [65] (illustrated in
Figure 2.4B). Notably, co-equality for these genes is only identified by expression
phenotypes. For growth phenotypes, the method infers that these genes either do
not exhibit epistasis (GAL3/GALS0) or exhibit epistasis rather than co-equality
(GAL4/GAL80,GAL}/GALS3).
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Step 4 of the method provides means to infer gene order even when genes exhibit
co-equality. Following Step 3, i.e. estimation of S parameters by linear regression and
calculation of 3" parameters required for topology inference, I analyzed the extent to
which co-equal gene pairs could be ordered based on 3 parameters. Indeed, two of
three such gene pairs can be ordered, namely GALS is inferred upstream of GALSO0,
and GALS0 upstream of GAL4. One of three gene pairs does not allow gene order to
be inferred, namely GAL3 and GAL/ because all 8 terms are non-zero in the same
stimulus condition, characteristic of Topology 1 or 2 (Table 2.7). Therefore a total of
18 gene pairs can be analyzed by Step 5 for growth, and a total of 8 gene pairs for

expression.

Following ordering of 8° parameters by Step 5, I determined if patterns among ordered
" parameters matched one of four pathways (Step 6), and used this information to
identify the sign of the edge corresponding to oy in the model (Step 7). In the case
that topology could be inferred, I compared the inferred gene order and topology to
the corresponding true positive, for each phenotype (Table 2.9).
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Table 2.9: Schematic of GAL gene topologies and their inference. Inference of
gene order (A) and topology (B) when growth rate is the trait. Inference of gene order
(C) and topology (D) when gene expression is the trait. Results reflect inference when
the equivalence threshold is set to the mean rse (see Methods). Symbols: S, signal; T,
phenotypic trait; v/, correct inference; v'*, correct inference of gene order by 3’ terms; X,
wrong inference; blank, inconclusive inference.

n Topology A B|C D
1 | S— GAL10 —- GALI —- T | X V

2 S — GAL2 — GAL1 - T | v V

3 S — GAL3 — GAL1 —-T | v V

4 S — GAL) — GAL1 —-T | v V

5 S — GAL6 4 GAL1 — T

6 S — GAL1 — GAL7 —-T | v V

7 S+ GALSO 4 GAL1 — T

8 | S— GAL2 —» GAL10 - T |v Vv | Vv V
9 | S— GALS —» GAL10 - T |v Vv | Vv V
10| S— GAL4 — GAL1I0O - T |v v | Vv V
11| S— GAL6 41 GAL10 —- T | X X

12| S — GAL10 — GAL7T —- T | v V

13| SH GALSO 4 GAL10 — T

14| S — GAL2 — GAL3 —T X V
15| S— GAL2 — GAL, — T X Vv
16| S— GAL2 — GAL6 AT | v X

17| S — GAL2 — GAL7 —T

18| S— GAL2 4 GALSO 4T

19| §— GALS — GAL) —-T | v V v
20 S — GALS — GAL6 41T | v X

21| S — GALS — GAL7T - T | v V

22| S — GAL3 4 GALSO 4T vE O/
23| S— GAL) — GAL6 1T | v X

24| S— GAL) — GAL7T —-T | v Vv | Vv V
25| SH GALSO 4 GAL) — T NS
26| S— GAL6 4 GAL7 - T | X X

27| S GALS0 4 GAL6 AT

28 | SH GALSO 4 GAL7 — T
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For growth phenotypes (Table 2.9A,B), 17 of 18 epistatic gene pairs have 3° parameters
which match the pattern of one of four topologies. The gene pair corresponding
to GAL4 and GALS0 has parameters inconsistent with any topology we model.
Therefore a total of 11/28 gene pairs (40%) are false negatives for one of many
reasons, including non-significant § parameters (5/11), no epistasis detected (5/11),
or inconsistent 3° parameter pattern (1/11). Among the gene pairs where an inference

could be made, ~ 65% correspond to correct gene order and topology.

The majority of wrong inferences (5/6) correspond to gene pairs with GAL6. No
topology involving GALG6 is inferred correctly, either the inference is wrong or no
inference can be made. The function of GALG6 is therefore not supported by the present
analysis or the dataset. I note that GALG6 is not as extensively characterized as the
other GAL genes considered. The previous study from which I based determination
of true positive topology [66] involving GAL6 had conducted analyses of transcript
levels of GAL2,GAL1,GAL7 (Northern blot) or reporter expression driven from a
Paari/cario promoter, and found in all cases transcripts were higher when GALG6
was deleted relative to wildtype, allowing the conclusion that GALG6 is a repressor
of transcription of these metabolic genes of galactose metabolism. However, the
measurements in the previous study were made between 20 and 36 h following change
in growth medium from a glucose to galactose carbon source. This contrasts the
dataset I analyze, wherein reporter expression was measured at 6 h following a
change in growth medium from a raffinose to raffinose plus galactose carbon source.
Additionally, the Pgari/cario is bidirectional, and the strains in the dataset I consider
correspond to the direction of expression of GALI(0 whereas the previous study had
used the direction corresponding to expression of GAL1. The inability to infer
previously suggested functions of GAL6 may therefore be explained by differing

experimental designs.
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If T exclude topologies with GAL6 as true positives, only one error in inference is
detected by analysis of growth phenotypes. I note that this error is nonetheless still
consistent with known biology of the network, namely that GALI0 encodes a protein
with both mutarotase and epimerase activities. Whereas mutarotase activity is a
metabolic step upstream of GALI, epimerase activity is downstream of GAL1. The
method infers the latter scenario (Table 2.9A). Had I considered this alternative gene
order as the true positive, there would be zero false inferences based on growth, and
57% true positives inferred. I note that the remaining false negatives often correspond

to topologies with GALS0, none of which can be inferred by growth phenotype.

In contrast, a subset of topologies involving GALS80 can be inferred correctly by
expression phenotypes. These topologies correspond to the correct inference among
genes GALS3, GAL/ and GALS(O. Of the eight gene pairs for which gene order
and topology could be inferred, most are correct (6/8). I note that the two errors,
corresponding to wrong order among GAL2, GAL3 and GAL4 are nonetheless
consistent with known biological functions of these genes, which include feedback
loops. Specifically, GAL2 encoded galactose permease activity is upstream of GALS
and GAL4, however GALZ2 is also downstream of GALS and GAL4 since the activities
of these genes are required for transcription of GAL2. The method infers the latter
scenarios. Had I considered these alternative gene orders as true positives, there would
be zero false inferences based on expression, and 38% true positives inferred when
topologies with GALG are excluded. False negatives (13) are due to non-significant §
parameters (7/13), failure to detect epistasis (5/13) or to resolve co-equality (1/13)

by analysis of 3 parameters.
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2.3.7 Impact of threshold for epistasis detection

The results reported in the previous section are based on detection of epistasis by a
threshold determined using Eq 2.7. I anticipate that modifying the threshold may
substantially change these results. To analyze the effect of epistasis threshold on
inference, I re-analyzed the data at 21 possible thresholds representing increments
of 5% in the range of 0% deviation among § parameters to 100% (Figure 2.7), and

calculated the number of true positive topologies that are inferred correctly.
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Figure 2.7: Phenotype influences topology and gene order inference success.
Fraction of topologies with gene order correctly inferred based on growth (A), gene expression
(B), or combined results (C). Fraction of topologies with edge signs inferred correctly based
on growth (D), gene expression (E), or combined results (F). True positives are illustrated
in Table 2.9, excluding any topology with GAL6. Symbols: vertical dotted line, equivalence
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threshold determined by Eq 2.7 with corresponding inferences in Table 2.9A-D.
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This analysis of epistasis threshold modification illustrates several trends. First, no
inference can be made when the threshold is zero (Figure 2.7A-F). This indicates
measurement and biological noise must be taken into account when analyzing
phenotypic equivalence. Second, I find the inference of topology can only be improved
as the threshold is increased (Figure 2.7D-F). In contrast, I find the correlation
between correct inference of gene order and equivalence threshold depends on the
type of gene regulation (Figure 2.7A-C). For negative inter-gene regulation (Topology
3 or 4) the number of correct inferences increases as a function of threshold, whereas
for positive inter-gene regulation (Topology 3 or 4) the number of correct inferences
is biphasic, having a maximal chance of correct gene order inference when the
threshold is at an intermediate level between zero and 100%. This may be explained
by increased thresholds corresponding to increased rates of identifying co-equality
(0y = —9; = —0;, which can be resolved to determine gene order by alternatively
analyzing 8  parameters in topologies with negative inter-gene regulation but not
positive regulation (Step 4 of method). Even in case of positive inter-gene regulation,
identification of correct gene order is not sensitive to changes in threshold in the

range between ~ 10 and 80% deviation (Figure 2.7A-C).

The analysis of epistasis threshold modification additionally shows that phenotype
influences inference success. Specifically, correct topology and gene order are more
likely to be inferred for positive inter-gene regulatory topologies when growth is the
phenotype, whereas correct inferences for negative inter-gene regulatory topologies
are more likely when expression is the phenotype. Notably, this trend was also
present for a single threshold (Table 2.9), however, the modification of threshold
indicates this trend is threshold-independent. The trend may, however, be specific
to the genes used for benchmarking. Specifically, regulation among genes encoding
metabolic functions is positive, and deletions of these genes have greater effect on

growth, whereas regulation among transcriptional regulators is primarily negative,
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and deletions of these genes have greater effects on the expression phenotype. All
together, the highest chances of correctly inferring gene order and topology are

obtained by combining the results from both phenotypes (Figure 2.7C,F).

2.3.8 Deducing a network from pairwise inferences

By considering the inference of gene order and topology from combined results from
growth and expression phenotypes, the highest rates of correct inferences are near
the threshold based on uncertainty in d§; values (Eq 2.7, Table 2.9). At this threshold,
for each respective phenotype, the majority of errors correspond to false negatives,
wherein no inference can be made. Upon examination of the gene pairs, I find false
negatives primarily correspond to indirect regulatory relationships. For example, the
indirect regulation of GALI, GAL7 or GAL10 transcription by Gal80p cannot be
inferred from analysis of either phenotype (Table 2.9A-D). There is a possibility that
such indirect relationships could be deduced by combining all inferences corresponding

to direct relationships in one network.

To analyze the extent to which these indirect relationships could be deduced from
inferences the method can make, I incorporated all edges inferred in Table 2.9A-B or
Table 2.9C-D into a large gene network N. To simplify these networks, I examined the
transitive reduction of N (Ng). Transitive reduction maintains reachability among
nodes in the original network, while minimizing the number of edges. While Ng
obtained for each individual phenotype (Figure 2.8A-B) fails to capture all true
positive relationships, Ng obtained from N wherein edges from inferences from both
phenotypes does contain nearly all true positive relationships (Figure 2.8C). If 1
consider alternative orders of GAL2 relative to genes with transcriptional regulatory

functions, alternative order of GAL10 explained by epimerase function, and exclude
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topologies with GALG, one can recover all gene pair inferences correctly without false

negatives.
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Figure 2.8: GAL gene networks are obtained by transitive reduction. A
Transitive reduction of graph consisting of inferences of Table 2.9A&B. B Transitive
reduction of graph consisting of inferences of Table 2.9C&D. C Transitive reduction of
graph consisting of inferences of Table 2.9A-D. D-F. Quantitative influences deduced from
inferred topologies may be disagree with networks obtained by transitive reduction. The
topology inferred for GAL80 and GAL4, when p is the expression phenotype (D), does not
disagree since feedforward influences og and oy are insignificant (95% confidence interval).
For the same phenotype, the topology for GAL/ and GAL10 (E) would be in disagreement
since the majority of influence of the signal is propagated by the feedforward influence of
GAL) (0x). For this gene pair wherein growth is the phenotype, the inferred topology
is the same but the quantitative influences are different in magnitude and sign (F). o
parameters are calculated from Table 2.8. Symbols: gal, galactose stimulus; dotted line,
influence that is not significantly different from zero (95% confidence interval).
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Transitive reduction nonetheless poses problems in the assumptions to derive Ny
in relation to the assumptions used to infer topologies for gene pairs. Specifically,
for the inference of topologies wherein the upstream gene is an activator (Topology
1 or 2), the feedforward loop from the upstream gene to the phenotype must be
non-zero in order to infer gene order (i.e. ox # 0, Tables 2.6 and 2.7). In contrast,
the assumptions of transitive reduction allow one to obtain a network by minimizing

edge count while maintaining reachability, therefore removing every feedforward loop.

The contradiction between the assumptions of the inference method and transitive
reduction may depend on the gene pair. Because the method allows for influences in
inferred topologies to be quantified, one can assess the extent to which a feedforward
influence is required to explain a given set of perturbation phenotypes. For example,
in the case of the topology of GAL4 and GALS0 inferred from expression phenotypes,
signal-dependent feedforward influences are insignificant (ox, os ~ 0, 95% confidence
interval), therefore agreeing with the assumption of transitive reduction. In contrast,
for the topology of GAL4 and GAL10, the feedforward influence on expression (ox)
is over four fold greater than the influence of the linear pathway (oy ), and therefore
a network obtained by transitive reduction would fail to accurately represent the
influences among genes and the phenotype. A further complication may be that
feedforward influences of inferred topologies are different in sign and magnitude when
obtained from different phenotype data. This is exemplified by the topologies inferred
for GAL4 and GAL10 (Figure 2.8E-F). Such conflicts complicate the formation of
a network which combines inferences from both phenotypes (for e.g. Figure 2.8C).
Notably, to form the network in Figure 2.8C, I excluded any edges wherein there was

disagreement between the inference of the two phenotypes.
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2.4 Discussion

In this chapter, I described a topology model (§2.3.1) developed in [61] that allows
the interpretation of quantitative epistasis even when previously described models are
not applicable. Specifically, because this model allows genes to have basal activity,
the model allows interpretation of phenotypes that cannot be analyzed by Avery and
Wasserman’s rules nor Aylor and Zeng’s method. Additionally, because the model
formalizes the additional two possible feedforward influences of genes on a phenotype,
the model allows interpretation of gene order in positive regulatory pathways that

cannot be achieved with Aylor and Zeng’s method.

By formalizing the assumptions to derive theoretical phenotype expressions from
the topology model in §2.3.1, I showed how rules for inference of topology and
gene order emerge. This analysis increases knowledge about the assumptions that
may be consistent in different previously published methods for analyzing epistasis.
For example, I showed how the rules of Avery and Wasserman and St Onge et al.
are related. Specifically, both sets of distinct rules can be derived from the model
described in §2.3.1, but for distinct phenotypic parameters. To isolate the rules of
Avery and Wasserman, one must examine 3 parameters, whereas to isolate the rules
of St Onge et al. one must examine § parameters. To maximize the ability to infer
gene order and topology, the inference method I describe in §2.3.5 incorporates the

analysis of both A and § parameters.

In addition to allowing such clarification, the model described increases the applicabil-
ity of gene topology inference to quantitative genetic interaction data. Specifically, no
previous methods had allowed genes to have basal activity and therefore significant
effects of gene perturbation independent of the stimulus condition. The analysis I
describe is applicable in this case, and recent quantitative datasets indicate that these

effects are prevalent in quantitative datasets. In general, I assume that quantitative
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phenotypes are more sensitive to smaller perturbations than qualitative phenotypes.
In addition, the previous method of Aylor and Zeng could not be applied to infer
gene order in positive regulatory pathways, whereas the method I describe can allow

such an inference.

While a subset of assumptions are modified, the model of §2.3.1 maintains several
assumptions originally described by Avery and Wasserman, and extended by Aylor
and Zeng. Specifically, the signal and genes are assumed to function in a hierarchical
topology. In a hierarchical topology, each gene activity is assumed to be determined by
a single upstream input. Because I did not test modification of these assumptions in
the present chapter, the extent to which the theoretical phenotype patterns I describe
may be modified or mimicked by a model incorporating alternative assumptions is
not clear. I test modification of the assumption that topology is hierarchical in the

following chapter of this thesis.

Because several assumptions of classical epistasis analysis are maintained, the method
is limited in similar ways. For example, because of the assumption that gene
perturbation causes full loss gene function, one cannot infer topologies with feedback
edges. Similarly, because only two genes are considered per topology, one cannot
infer multiple alternative topologies among the same genes, which may be possible
when genes encode multiple functions corresponding to, for example, multiple protein

domains or enzymatic active sites, or feedback loops.

I illustrated these limitations in the context of the experimental dataset used to
benchmark the inference method. The network of eight GAL genes I consider is
documented to contain at least three feedback loops, and one gene with multiple
enzymatic functions (GAL10). To isolate true positive topologies for the purpose of
benchmarking, I assumed that among the possible topologies that may be inferred for

two genes, the true positive consists of the topology having the order and regulatory of
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functions of the genes which is documented to occur first in the network after addition
of the stimulus (i.e. extra-cellular galactose). In the inference results, however, I
found the rule was not consistent, wherein a subset of our true positives having
multiple possibilities was correctly inferred (GAL80/GAL4, GAL80/GALS3) but not
the other subset (GAL2/GAL4{,GAL2/GAL3,GAL1/GAL10).

False negatives often corresponded to indirect regulation between genes in the known
network. To determine if these edges could be recovered, I integrated all pairwise
inferences into one network, followed by transitive reduction of this network. With
this analysis, I found one could obtain nearly all true positives when the network
incorporates edges inferred from both phenotypes. This also illustrated a number
of problems that arise when integrating pairwise data into a global network. In
particular, transitive reduction automatically removes all feedforward edges in a
network. In contrast, the inference method requires a feedforward edge to infer gene
order whenever the inter-regulatory function is positive, i.e. most inferences for the
GAL network. In addition, the calculation of feedforward influence ox indicates that
for some pathways, the magnitude of the feedforward influence contributes more
to the phenotype than the influence that propagates through the downstream gene
(oy), indicating that feedforward is essential to accurately reflect the dataset. In
these cases, transitive reduction is limited as it makes no attempt to assess when a

feedforward loop should be maintained or not in a larger network.

Battle et al. [60] developed a method to obtain large networks from genetic interaction
data that may address part of this problem. In particular, presence of a feedforward
edge in a larger network is maintained based on phenotypic expectations for this
topology relative to a topology lacking a feedforward loop, thus allowing the formation
of network structure based on agreement with experimental data. I explore the utility

of Battle et al’s method in the next chapter of this thesis.
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2.5 Methodology

2.5.1 Strain generation

All strains in the library are derived from haploid S.cerevisiae strain BY4742 [70]
(Open Biosystems), which I refer to as the autofluorescence strain. The wildtype strain
was generated by replacing the ade2 locus of BY4742 with an expression cassette
reporting on galactose-induced transcription. The cassette has the transcription
promoter (-1 to -668 bp relative to GAL10 start codon) of the GAL10 gene (Pgario)
fused upstream of DNA encoding green fluorescent protein (yEGFP3) [71] and the
terminator of ADH1 (Tapu1, +922 to 41213 bp relative to ADH1 start codon +1),
downstream of DNA encoding a histidine expression cassette (Pgjs3-HIS3-Ty1s3)
(-188 to 4864 bp). The HIS3 expression cassette and reporter cassette were assembled
in a plasmid by standard restriction digest and bacterial cloning protocols, by Simon
St-Pierre. Single gene deletion strains were generated by gene replacement of entire
open reading frames (ORFs) of the wildtype. Combinatorial gene deletion strains
were generated by gene replacement of ORFs of a single gene deletion strain having
a different GAL gene deleted. Specifically, the first GAL gene was replaced with a
Geneticin drug resistance cassette (Prgpi-KANMX-Trpr), and the second gene with
a cassette conferring uracil prototrophy (Prgpri-URAS-Trpr1). Gene replacement was
conducted by standard methods as described in [15]. Briefly, cells were transformed
with DNA consisting of the replacement cassette with 40 bp on the 5" and 3’ flanking
ends homologous to the 40bp region directly upstream and downstream, respectively of
the ORF to be replaced. DNA for transformation was obtained by PCR amplification
of plasmid DNA with 60 bp primers. A detailed description of the transformation

protocol used is provided as supplementary information in [72].
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DNA sequences

yEGFP3 from [71]:
ATGTCTAAAGGTGAAGAATTATTCACTGGTGTTGTCCCAA
TTTTGGTTGAATTAGATGGTGATGTTAATGGTCACAAATT
TTCTGTCTCCGGTGAAGGTGAAGGTGATGCTACTTACGGT
AAATTGACCTTAAAATTTATTTGTACTACTGGTAAATTGC
CAGTTCCATGGCCAACCTTAGTCACTACTTTCGGTTATGG
TGTTCAATGTTTTGCTAGATACCCAGATCATATGAAACAA
CATGACTTTTTCAAGTCTGCCATGCCAGAAGGTTATGTTC
AAGAAAGAACTATTTTTTTCAAAGATGACGGTAACTACAA
GACCAGAGCTGAAGTCAAGTTTGAAGGTGATACCTTAGTT
AATAGAATCGAATTAAAAGGTATTGATTTTAAAGAAGATG
GTAACATTTTAGGTCACAAATTGGAATACAACTATAACTC
TCACAATGTTTACATCATGGCTGACAAACAAAAGAATGGT
ATCAAAGTTAACTTCAAAATTAGACACAACATTGAAGATG
GTTCTGTTCAATTAGCTGACCATTATCAACAAAATACTCC
AATTGGTGATGGTCCAGTCTTGTTACCAGACAACCATTAC
TTATCCACTCAATCTGCCTTATCCAAAGATCCAAACGAAA
AGAGAGACCACATGGTCTTGTTAGAATTTGTTACTGCTGC
TGGTATTACCCATGGTATGGATGAATTGTACAAATAA.

2.5.2 Cell culture

Cell culture experiments were designed to gather gene expression and growth rate
measurements in parallel. From a solid agar plate with appropriate selection, single

colonies of each strain in the library were used to inoculate 400 ul yeast peptone
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media with raffinose as the carbon source (YPR) media in a 96 deep-well plate.
This plate of stock cultures contained two replicates of wildtype, autofluorescence
and each single gene deletion strain, and one replicate of each combinatorial gene
deletion strain. Following 48 h growth (30°C, 250 rpm shaking), stock culture plates
were stored at 4°C for four days, to be used for four replicate experiments. For
each experiment, 60 ul of each stock culture was used to inoculate 400 ul YPR
in a deep-well plate. After 16 h growth (30°C, 250 rpm shaking), cell density of
cultures was estimated by absorbance (596-604 nm light, Victor 3V Plate Reader,
Perkin Elmer). Following absorbance measurement, each culture was divided into
two, corresponding to conditions without (YPR) or with the galactose stimulus (YPR
with 2% w/v galactose, YPRG). The use of raffinose as a neutral carbon source in
galactose-induced transcription experiments is reported previously in [67, 73]. For
each condition, a given culture in a well had a total volume of 300 ul and absorbance
adjusted to approximately 0.15. After 3 h growth, absorbance of each culture was
re-measured and re-adjusted to an absorbance reading of 0.02 in a volume of 750
ul. To obtain growth rate measurements, a 300 ul aliquot of each adjusted culture
was transferred to a 100-well plate. The remaining cells were grown for 3 h (30,
250 rpm shaking) and were then used for gene expression measurements. Four such
experiments resulted in eight measurements of each autofluorescence, wildtype and
single gene deletion strain, and four measurements of each double gene deletion strain,

for each condition.

Growth media

Yeast peptone medium with raffinose as the carbon source (YPR) contains the
following in HyO: 10 g/l yeast extract (Wisent), 20 g/l bacteriological peptone
(Wisent, Cat. no. 800-157-LG), 20 g/1 raffinose, and 0.084 g/l adenine hemisulfate
(Sigma, Cat. no. A9126). Adenine is added because strains have the ADE2 gene
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deleted. Yeast peptone medium with raffinose and galactose as the carbon source

(YPRG) contains the ingredients of YPR and 20 g/1 galactose.

2.5.3 Population growth rate measurements

Growth rate was estimated from time-lapse measurements of cell culture absorbance
of light between 450 nm and 580 nm, acquired in a specialized 100 well plate (Growth
Curves USA) maintained at 30°C without shaking, in a spectrophotometer equipped
with an incubator (Bioscreen C Analyzer, Growth Curves USA). Measurements were
acquired every 15 minutes for 22 h. Absorbance measurements over time were fit
to an exponential growth model Abs(t) = Abs, - e*! with parameters estimated by
minimizing the sum of squared residuals, where Abs(t) is the absorbance measurement
at time t (min), Absg is absorbance of the first time point considered in a given fit,
e is Euler’s number, and k is the rate (min~!) by which Abs increases by a factor
e. Fitting was performed using a custom script in MATLAB (The MathWorks, Inc.,
Natick, Massachusetts, United States) by Mads Kern and Cory Batenchuk. The
phenotypic growth rate measurement used for inference corresponds to the estimate

of k.

2.5.4 Reporter gene expression measurements

Single cell fluorescence corresponding to GFP emission was acquired by a flow
cytometer (Beckman Coulter FC500) with a 488nm excitation laser. Cell green
fluorescence is estimated as the Log Pulse Height of a signal corresponding to 510-550
nm filtered emission. I obtained a minimum of 60,000 events per sample. Of these
events, some were filtered to limit analysis to cells of similar size and morphology.

Events were filtered based on Log Height Pulse of signals corresponding to forward
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(FS) and side-scattered (SS) 488nm light. For each sample, analysis was limited to
50% of acquired events per sample belonging to 2D FS-SS area that maximized event
density per area. These filtered events were linearized and normalized. I consider the
mean of these filtered events to be the quantitative gene expression trait (arbitrary
units) for a given sample. Flow cytometry data analysis was conducted with custom
(Mads Karn) and open source scripts for reading FCS files (fca_readfcs.m, Ver 1.5,
2006-2009, University of Debrecen, Institute of Nuclear Medicine, Laszlo Balkay).
All scripts are written in MATLAB (The MathWorks, Inc., Natick, Massachusetts,

United States).

2.5.5 Theoretical trait derivation

Symbolic computation (MATLAB 2017a, The MathWorks, Inc., Natick, Massachusetts,
United States) was used to derive theoretical traits as well as expectation values for

parameters of linear regression equations (Tables 2.4 to 2.7).

2.5.6 Linear regression of trait measurements

I obtained 8 parameters and corresponding standard errors by linear least squares
regression of 7" according to Eq 2.4 with 48 degrees of freedom where T = loga(T,.)p)
and T, is a gene expression or growth rate measurement, as described above). 1
obtained 0 parameters and corresponding standard errors by regression of D according
to Eq 2.5, having 24 degrees of freedom. Linear regression statistics were obtained
using the MATLAB function regstats.m (The MathWorks, Inc., Natick, Massachusetts,

United States).
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2.5.7 Transitive reduction of gene networks

Gene networks in Figure 2.8 A-C were obtained by forming a graph N representing
the network of all inferred directed edges for a given phenotype (Figure 2.8A-B)
or both phenotypes (Figure 2.8C). Since inferences may differ between phenotypes,
I applied the following rules: (1) if an edge or gene order cannot be inferred for
one of two phenotypes, incorporate the edge that can be inferred in N; (2) if the
inferences obtained for the two phenotypes differ in gene order or sign of edge, exclude
this edge in N. I performed transitive reduction of N with a MATLAB function
(transreduction.m, MATLAB 2017a, The MathWorks, Inc., Natick, Massachusetts,
United States).
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3

Generalized epistasis analysis
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Summary

I describe how the the rules of epistasis analysis in Chapter 2 can be generalized
to allow inference of any acyclic topology from quantitative genetic interaction
experiments. This analysis increases knowledge about how discernible alternative
topology models are for such experiments, both theoretically and in practice. This
advance is important because these data are extensively gathered and interpreted

without thoroughly tested methodologies.

Contributions

The founding analyses presented in this chapter are published [74]. I performed initial
testing and analysis of Battle et al’s method [60]. Dr. Theodore Perkins developed
the model and derived equivalence classes. Dr. Mads Kern developed the model and
generated simulated data. Dr. Mads Kaern and I tested the model predictions on
the simulated data. For the experimental dataset, Dr. Mads Kearn, Mila Tepliakova
and I designed the experiments. Mila Tepliakova, Daniel Jedrysiak and I contributed
to strain generation, and I conducted the experiments. Dr. Mads Keern developed
algorithms for flow cytometry analysis. I extended [74] by performing the analyses

described in this chapter, with the advice of Dr. Mads Keern.
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3.1 Background

Genetic interaction data can be used to propose hypotheses about how gene product
activities regulate each other and the phenotype for which the data is obtained.
Such hypotheses can take the form of topology models with directed edges between
gene nodes. It remains an open question whether a topology inferred from genetic
interaction data represents the most accurate hypothesis, or if there are alternative
topologies that explain the data as well or better. Encompassed in this question is
the problem of how certain assumptions influence the set of topologies considered as

plausible hypotheses in various studies.

To illustrate this problem, Azpeitia et al. [75] simulated genetic interaction data with
the assumptions that gene activities regulate one another through cyclic Boolean
networks. When one is blinded to original assumptions of the simulation and instead
considers the assumptions of classical epistasis analysis, one wrongly infers the cyclic
network to be acyclic and hierarchical. This illuminates a fundamental limitation to

epistasis analysis for the inference of feedback loops.

Assumptions of classical epistasis analysis, as described by Avery and Wasserman [55],
allow one to consider the set of hierarchical topologies between a signal and two genes
(Figure 3.1A) as plausible hypotheses. This set includes sixteen topologies, differing
in which of two genes is upstream of the other, and differing in whether each of the
edges between the three nodes is a positive or negative regulatory edge. Notably, the
remaining edges illustrated in Figure 3.1A are allowed by classical assumptions but
not identifiable by classical rules. This is a major problem that can only be addressed

by creating new methods that generalize epistasis analysis.
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Figure 3.1: Signal and gene pathway hierarchies are among the possible
networks inferred by [60]. A regulatory hierarchical pathway (A), as defined by Avery
and Wasserman [55], requires a set of three nodes where the stimulus S has no input, genes
X and Y have exactly one input, and where a minimum of one gene influences the observed
phenotype p. In contrast, Battle et al [60] considered three possible dependence types
between two genes X and Y (B). These structures can combine as any size acyclic topology
(C), which may or may not contain ‘hierarchical’ node groups. Symbols: ..., any number of
nodes.
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Classical assumptions include gene and signal activities to be Boolean, i.e. “ON” or
“OFF”. This assumption was also present in the simulation of Azpeitia et al [75]. An
important difference between [75] and [55] is the consideration of feedback. It can be
argued that genetic interaction experiments are inherently limited to acyclic topology
hypotheses since the effects of loss of feedback versus non-feedback influences are
not separable when genetic mutations cause full loss of gene function. Azpeitia et al.
[75] therefore outlined how cyclic Boolean topology simulations could be conducted
post-hoc, that is following classical epistasis analysis, to identify alternative plausible

models testable by secondary experimental designs.

In the present chapter, I address the question of discernible hypotheses that are
encompassed within the inherent limitations of genetic interaction data when full loss
of function mutations are employed. I begin with the research of Battle et al. [60]
who described a method for inferring both hierarchical and non-hierarchical acyclic

topologies from genetic interaction data and made several advancements.

I emphasize the following three advancements. First, Battle et al. [60] consider
that a pair of genes can regulate one another in three possible ways. These distinct
regulatory types are in the form of node dependencies, wherein the activity of one
gene node can be independent, fully or partially dependent on the other gene node
(Figure 3.1B). Second, they derived expectation values for each of three dependencies
and assumed that one could identify the best-fit dependency by minimizing the
difference between observed data and the possible expectation values. Third, they
considered that such dependencies among gene pairs could combine in the form of
large networks of greater than two genes, and described a method for searching the
space of possible networks, guided by minimizing the sum of differences between
observed data and the expectation values encompassed in a hypothetical network. I
contrast these approaches to preceding research limited to, for example, consideration

of hierarchical topologies [39, 43, 55, 57, 58], the assumption that genes have Boolean
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activities [55, 58], consideration of topologies no larger than two nodes [43, 55, 57,
58], or lack a quantitative measure of agreement between alternative hypotheses and
the observed data [43, 55]. In summary, the approach of [60] allowed more topologies
to be quantitatively weighed against one another for a particular dataset than ever

before.

In the present chapter, I first aim to systematically test how well the approach
of Battle et al. [60] allows one to discern alternative hypotheses about how genes
function in hierarchical and non-hierarchical topologies. To achieve this I analyze
simulated combinatorial stimulus and gene perturbation data. Battle et al. originally

tested the method on a large experimental dataset [36].

Simulated data has many advantages over experimental data for benchmarking
topology inference methods. Experimental data can compound the question of
whether alternative topologies can be discerned as a superior hypothesis or not. For
example, experimental error may be higher than the differences in expectation values
of multiple alternative topologies, or the genes considered in an experimental dataset
may overrepresent certain topologies and therefore limit the knowledge of whether
underrepresented topologies are identifiable [76]. Moreover, using experimental data
for benchmarking is difficult because the true topology for a native biological network is
often subject to change with further research. Such uncertainties are well-documented
and common to any biological data-driven topology inference problem. A simulated
genetic interaction dataset allows one to circumvent these complications and also
allows one to systematically test causes of method failure through modification to
the simulation, such as measurement noise, for example, or assumptions underlying

the method.

By testing a scoring method based on Battle et al. on simulated data, I reveal limits

in identifiability among all possible acyclic topologies from genetic genetic interaction
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data. To increase knowledge about the origin of these limits, I describe an approach
to derive theoretical identifiability of the same topologies. This approach generalizes
classical epistasis analysis by considering any possible patterns of phenotype equalities
as a means to identify topologies from their theoretical phenotypes. I then apply

knowledge of theoretical trait patterns to derive a new method for inference.

I compare both the scoring method and this new method based on phenotype
equivalence identification against increasingly noisy data. First, I analyze the effect of
measurement noise in simulated data values. These data allow me to further develop
the new method. Lastly, I apply the new method and the scoring method towards an
experimental test case. I find that the stimulus applied in the experimental test case
has unexpected effects, and therefore a subset of these analyses yield new hypotheses

about the network, to be tested in the next chapter of this thesis.
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3.2 Objectives

o The first objective is to benchmark a topology scoring method based on Battle

et al., using simulated data.

e The second objective is to develop a model to derive theoretical stimulus and

gene perturbation phenotypes.

e The third objective is to derive a method for topology inference method based

on theoretical phenotype equivalence patterns.

o The fourth objective is to optimize this method by testing it against simulated

data with added noise.

e The fifth objective is to test this optimized method on an experimental

combinatorial gene and stimulus perturbation dataset.
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3.3 Results

3.3.1 Simulating genetic interaction data

To systematically analyze acyclic topology inference allowed by the method of Battle et
al. [60], I used simulated quantitative genetic interaction data described in [74]. These
data correspond to quantitative phenotype values for eight hypothetical perturbation
experiments, wherein a stimulus S is present or not, and each of two genes X or Y
is deleted or not. These hypothetical experiments correspond to the experiments
analyzable by classical epistasis analysis, as discussed in the previous chapter. In
contrast to classical analysis, which only considers fully hierarchical pathways, the
simulation considers that nodes S, X and Y may regulate a theoretical trait p in any

acyclic topology that may contain both hierarchical and non-hierarchical edges.

To accommodate assumptions about the nature of full loss of function perturbation
experiments there are some restrictions to the acyclic topologies considered in the
simulated dataset. Specifically, in all acyclic topologies considered, the following
restrictions are met: (1) the trait is be reachable from S, X and Y7 (2) S is never
downstream of other nodes; and (3) p is never upstream of other nodes. Notably, these
restrictions in part correspond to analyzing perturbation data wherein perturbation
of S, X or Y, is expected to have a significant effect on a hypothetical phenotype
measurement in at least one condition. Within these restrictions, all permutations
of edges and gene order (Figure 3.2) result in having simulated data for 35 possible

topologies, as shown in Figure 3.3.
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Figure 3.2: Derivation of thirty-five acyclic topologies. In the topologies I consider,
node X and Y may not regulate one another (right), X may regulate Y (left), or Y may
regulate X (middle). In the latter two scenarios, the upstream X or Y node may directly
influence the theoretical trait p (b € 0, 1, blue lines). For these five scenarios, S may regulate
one, two or all of X, Y, p (dotted lines). In corresponding binary edge matrices, these
regulatory influences correspond a the sum of a1, as and a3 equal one or greater. Symbols:
S, signal node; X, gene node; Y, second gene node; p, phenotype; one in matrix, edge is
present; zero in matrix, edge is absent; dot in edge matrix, edges absent in all topologies.
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Figure 3.3: Thirty-five acyclic topologies considered in the present study. In

the topologies I consider, a signal S (grey), gene X (red) and gene Y (blue) influence a

theoretical phenotypic trait p in one of thirty-five ways according to the rules in Figure 3.2.
Note: topology enumeration is consistent in all figures.
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For each topology, I consider 100 simulations of genetic interaction data as described
in [74]. These simulations were obtained by modifying the method of [76, 77], which
has been applied to benchmark many network inference methods [76]. In this method,
a simulated dataset is obtained by assigning to each gene node ordinary differential
equations (ODE) to calculate the rate of change in mRNA and protein abundance
over time. Node activity is modelled by the time derivative of protein abundance,
and topology edges are modelled as the dependence of the time derivative of mRNA

of a downstream node on the activity of its upstream node(s).

Full details of the simulation method are provided in §3.5.1. Briefly, the method
assumes that nodes correspond to genes in a transcriptional regulatory network
wherein the protein of an upstream gene is a regulator of transcription of each
of its downstream nodes connected by an edge. When a downstream node has
multiple upstream regulators, we assume that each upstream regulator functions as
transcription factor which can independently regulate the downstream gene j by

binding to an independent cis-element on a hypothetical transcriptional promoter of

For each topology, the 100 simulated datasets differ in parameter magnitudes
influencing mRNA or protein production and decay, as well as the Hill coefficients
and constants that modify the functions representing topology edges. By considering
multiple simulations of the same topology, one can analyze whether topology inference
by the method of Battle et al. [60] is influenced by data or parameter values which

are topology-independent.
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3.3.2 Isolating a Topology Score

The method of Battle et al. [60] allows topology inference by scoring how well each
hypothetical topology explains a genetic interaction dataset, and then inferring the
best-scoring hypothetical topology. More specifically, the method of Battle et al.
was designed for large networks wherein there any many hypothetical topologies
and therefore the score is also the basis for an optimization process to find the
best-scoring topology in a search space of all possible hypothetical topologies based
on the number of genes. The original score incorporates many terms, some of which
are required to estimate scores when there are missing experimental data, or to
incorporate uncertainty in experimental measurements. Of particular interest in the
present study are the terms that specifically correspond to the assumptions underlying
the discernment of hierarchical and non-hierarchical topologies, to analyze if we can

discern the 35 acyclic topologies based on these assumptions.

I briefly summarize these assumptions. First, there are three mutually exclusive
possibilities for how two gene nodes X and Y depend on one another to influence a
phenotype p. These possibilities are called dependencies. The first dependency type
is full dependency, wherein X is fully dependent on Y to influence p. The second
dependency type is independence, wherein X and Y independently influence p. The
third dependency type is partial dependence, wherein X is partially dependent on Y
to influence p. Each dependency type corresponds to a specific node relationship in a
topology, identifiable based on topology edges and reachability (described in Methods
§3.5.2). The node relationship corresponding to each dependency type is depicted in

Figure 3.1.

Each dependency type corresponds to a unique expectation value (eaza,) for a

hypothetical measured experimental phenotype 7" when both nodes X and Y are
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deleted (Tazay). The expectation value eaza, is calculated from T when neither X

nor Y is deleted (77,) or one node is deleted (Tax,Tay), as follows

« Full dependency of X on Y: e Ay = Iy,

+ Independence of X and Y: €y, n, = Tas * Tay/Tuy,

« Partial dependence of X on Y: €}, n, = [€r,n, + Max(Taz, Tay)]/2,
where nodes X # Y, and X,Y # p.

Each of these dependencies identified in a topology contributes to the overall score
of the topology. For each dependency identified of type m for two hypothetical
gene nodes X and Y, the dependency is scored as 97", = [€A,n, — Trzay|- For a
hypothetical topology ~, the topology is then scored as the sum of all dependency
scores, T'S, = Y77 0,, where n is the number of unique node pairs. The best scoring
topology is assumed to be one which encompasses a combination of dependency types
that allow minimization of the sum of differences between expected phenotypes and

measured phenotypes.

I specifically analyzed if the above-described assumptions, isolated from the original
scoring method of Battle et al., would allow one to correctly infer one of 35 topologies
from the above-described simulated combinatorial stimulus and gene perturbation
data. To conduct this analysis, I computed T'S., for each of 35 hypothetical topologies
(v =1 to 35), and determined how many times the topology with the lowest T'S,, score
corresponded to the actual topology for which the simulated data was obtained. I
refer to T'S, as a Topology Score, and application of TS, for inference as the topology

score method.

In this first analysis, I additionally tested alternative forms of the above-described

dependency-specific expectation calculations (eazay). I found that normalizing eazay

110



based on magnitudes of T considered in the calculation reduced success of topology
inference. In addition, I found a slight improvement in inference when I altered the

expectation calculation for partial dependency to the following
« Partial dependence of X on Y: €}, , = [€h,n, + ek Ay)/25

An important difference between this calculation and the alternative described by
Battle et al. is that this calculation is different when X is partially dependent on Y,

versus when Y is partially dependent on X.

3.3.3 Inferences based on dependency types are often incor-

rect

I report the topology inference results, when I use this modified calculation of partial
independence, as a heatmap in Figure 3.4. I find that certain topologies can be
identified correctly for nearly all 100 simulations of the topology. These topologies
correspond to Topologies 1,2,7,10,13, and 17 (Figure 3.3). In contrast, other topologies
can never be identified correctly, corresponding to Topologies 16, 20, 26, 28, 31, 32
and 35 (Figure 3.3). The remaining topologies are inferred in a subset of simulations
but not reliably identified. Often, wrong inferences are predictable. For example,
Topologies 14, 15 and 16 are almost always wrongly inferred as Topology 13 (Figure
3.3). I refer to these patterns of errors as a bias in topology inference, since the

inference of certain topologies appears to be favoured.
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Figure 3.4: Topology scoring exhibits bias in topology inference from simulated
data. The heatmap allows visual comparison of simulated and inferred topology when 100
simulations for each of topology are analyzed by topology score. Perfect inference for all
simulations and topologies would correspond to a black diagonal line, whereas unbiased
incorrect inferences for a given topology would correspond to a horizontal, uniformly grey

line. See text and Methods.
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3.3.4 Theoretical analysis reveals that certain topologies are

indistinguishable

The bias seen for certain topologies could be imposed by simulation parameter values,
assumptions of the simulation method, assumptions of the topology score, or a
combination thereof. To test if exclusion of the first two possibilities eliminates bias, I
consider the approach developed in [74] to obtain theoretical trait expressions for each
topology. Specifically, I derive theoretical trait expressions by assuming that topology
edges can be modelled by arbitrary functions, wherein a downstream node’s activity
is an arbitrary function of the activity of its upstream node or nodes. Theoretical
trait derivation is described in Methods (§3.5.3), and is exemplified for Topology 6
(Figure 3.5) in Table 3.1.
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Figure 3.5: Theoretical trait expressions are derived from topology edges. Direct
edges (lines) are defined in a binary matrix where unity at a given row and column represents
presence of an edge from the upstream node (row) to the downstream node (column). The
theoretical trait expressions for this Topology (6) are provided in Table 3.1. Symbols: as
defined in Figure 3.2.
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For each topology, I derive eight trait expressions reflecting the eight unique node
perturbation conditions (C'1 — C8) (Table 3.1), analogous to the conditions corre-
sponding to simulated genetic interaction data. Notably, trait derivation imposes

none of the assumptions of the simulated data.
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Table 3.1: Example of topology-derived theoretical trait expressions. I provide
as an example the theoretical trait expressions for Topology 6 (Figure 3.2). To derive
the expression of the theoretical trait p I define each node i’s activity (i € X,Y,p) as
an arbitrary function f; of the activities of its upstream nodes connected by an edge. In
absence of input a node activity may be equal to a basal term b; (j € X,Y) or a term
representing the activity of the signal S. The eight node perturbation conditions C' indicate
which of S, X, and Y is deleted (0) or not (1), and may alter the expression. If a node is
deleted in C', its activity is set to zero in the theoretical trait expression corresponding to

C.

p
fp(0, £4(0,b5))
fp(0, £,(0,0))
f5(0,0)
£»(0,0)
fo(s, fy(s,bz))
fo(s, fy(s,0))
fo(s,0)
fp(S,O)

00 1O Tk W =[O
— 0000 oW
O = OO O X
co R oo R
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By examining the trait expressions of Topology 6, one can find a number of interesting
patterns. In particular, certain combinations of perturbations are predicted to yield
the same trait values. This is of course related to the phenomenon of epistasis
wherein a perturbation has no effect when another is present. For Topology 6, I
find the following combinations of perturbations yield equivalent trait expressions:
conditions C'3 and C4 are equivalent, and separately those for conditions C7 and
C8 are equivalent. These equivalences are readily explained by examination of the
topology edges. For example, the upstream gene X has no edge input from the signal,
and can only influence the theoretical trait p through its influence on the downstream
gene Y. Thus, the effect on p of deleting X and Y (C4,C8), is always the same as
when only Y is deleted (C3,C7). Because p also has an additional input from the
signal S independent of Y, the dependency of X on Y corresponds to two separate
sets of equivalences, i.e. pe3 = pcs # por = pes, where each set corresponds to the

different conditions of S.

Because the equivalence pattern among theoretical trait expressions for Topology
6 clearly yields information that relates to the edges and nodes of the Topology, I
analyzed to what extent this pattern of equivalence may be unique to Topology 6.
Such a finding would indicate that the topology may identifiable from its phenotype

patterns alone, obtained with very few assumptions.

To conduct this analysis, one derives eight theoretical trait expressions for each
of 35 topologies and records the pattern of trait equivalences. If an equivalence
pattern is unique to a topology, this topology is considered identifiable. Otherwise,
all topologies having the same equivalence pattern belong to an equivalence class

(EQC) of topologies that cannot be distinguished from one another.

Only two of 35 possible topologies are identifiable. The remaining 33 topologies are
partitioned into eight EQC's. There are therefore ten F()C's which have identifiable
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equivalence patterns, indicating that in general individual topologies may not be

identifiable, but classes (EQCSs) of topologies are.

By visualizing the topologies in each FQC (Figure 3.6) and the corresponding
equivalence patterns in Table 3.2, one can make several conclusions. First, topologies
in the same class have many conserved edges and conserved order among the gene
nodes X and Y. For example, in FQCS, all topologies in the class have gene Y
upstream of X, and have three out of four edges conserved. Second, I find that
equivalences correspond to node dependencies in the corresponding topology. This
finding has implications for identifiability since many pathways between classes can
have a subset of the same dependencies (Table 3.2). For example, topologies of
EQC3 and FQC1 all have a dependency relationship wherein X is fully dependent
on Y, and the trait p is fully dependent Y, corresponding to the equivalence pattern
por = pes = pos = pcs- FQCT has an additional equivalence that corresponds to the
dependency of X on S, which allows FQCT to be distinguished from EQCS3. Third,
the number of topologies in an FQC' is correlated with the number of equivalences.
EQC10 has no node dependencies, and no equivalences, and contains the largest

number of topologies (12 out of 35).
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Figure 3.6: Topology edges conserved within equivalence classes. An equivalence
class (EQC) contains topologies wherein a signal (grey) and two genes, X (red) and Y
(blue), influence a trait (p). An edge (line) indicates the node nearest the end circle is
influenced by the node where the edge begins. Edges conserved in all topologies of a class
are solid, variable edges are dotted. To indicate topology numbers defined by variable edges,
we enumerate the topology with conserved edges only at bottom left, and enumerate the
topology with one or more variable edges beside each of its variable edges.
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Table 3.2: Unique patterns of theoretical trait expression equivalences among
conditions C' define an EQC. Thirty-five topologies are partitioned into ten EQC,
with equivalence patterns illustrated here. Equivalent trait expressions within a set are
all indicated by the same p; symbol (i € A, B, A # B). Symbols are not comparable
between classes (i.e. p; of class j is not equivalent to p; of class k (k # j). EQC order is
non-numerical to show similarities between EQC's. Symbols: —, trait not belonging to an
equivalent set.

CI{SX,Y}Y|BEQCLI[3 [ 6] 92145 7]8][10
1] {0,1,1} - == =T=1T=T=1T=71T=
2 {07 07 1} PA - PA - PA | PA - - pPA -
3 {0,1,0} pB | pB| — | = |pPB| = |PB|PA| — | —
4140,0,03 | pp | pB | pB | pa|pa|pa|pa|pal|pal =
51 {1,1,1} - N I S A R R
6 | {1,0,1} PA — | pa| —|palpa| — | — |pB|—
7 {1,1,0} pe | pe| — | —|pe| — |PB|PB| — | —
8 | {1,0,0} pE | pB | PB | pa | pa | pa| palps| pE| —
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3.3.5 Trait equivalences limit epistasis analysis

The low number of identifiable topologies suggests that inference bias of the topology
score may be imposed by theoretical limits of identifiability, and none of the three
possibilities I initially proposed. To test this hypothesis I re-analyzed topologies
inferred by topology scores. I categorized the topology of each simulated dataset
according to its theoretical FQC, as well as the topology inferred. Correct EQC

inference is identified when inferred and simulated topologies are in the same class.

If topology inference bias is solely imposed by theoretical limits, I expect topology
scores to allow perfect inference of EQC despite a low rate of correct topology
inference. Although the inference of EQC is not perfect (Figure 3.7A), I find EQCs
are correctly identified with a substantially higher probability (80% of simulations)

than individual topologies (15% of simulations).

In other words, the data suggests that most of the errors arise within a given
equivalence class, and aiming to identify which FQC is consistent with a given
dataset will in most cases be more accurate. Additionally, I find that within an EQC
the topology score is biased to identify the topology of the class with the fewest edges,

corresponding to a low false discovery rate of edge detection (Figure 3.6, Table 3.3).
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Figure 3.7: Topology score inference errors reflect limits of theoretical identifi-
ability. For all topologies and all simulations, I quantify the number of times the topology
score method allowed inference of the correct theoretical EQC (see Text).
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The results of Figure 3.7 illustrate that limits of theoretical identifiability largely
explain topology inference errors by a topology score, with some remaining influence
on errors unaccounted for. While certain classes are more likely to be inferred correctly
(EQC1, 100% of simulations) than others (FQC9, 52% of simulations) (Table 3.3),
this remaining bias may be imposed topology-dependent assumptions of the topology
score or the simulations. Topology-dependent assumptions cannot be ruled out in
this case since topologies of F()C's have many conserved edges and node dependencies
(Figure 3.6). For example, the bias to infer topologies of EQC9 incorrectly may be
explained by these topologies having a node dependency relationship not detectable
by a topology score. This dependence, of the signal on both genes (Figure 3.6), is
observable by comparing triple node perturbation to dual node perturbation (i.e. C'4
and C8 in Table 3.2). In contrast, in a topology score the expectation calculation for

full dependency considers only two nodes at a time.
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Table 3.3: Statistical analysis of Topology score inference errors.
simulations and topologies of each equivalence class I calculated the percentage of simulations
where the EQC (A) or topology (B) was inferred correctly. In cases of wrong inferences I
calculated (C) the average number of wrong edges (+ standard deviation), (D) the false
negative rate of edge detection (% edges) and (E) the false discovery rate of edge detection

(% edges).

EQC | A B C D E
1 100 100 — — —
2 100 100 — — —
3 92 58 1£0.2 8 D
4 87 54 1.1£0.3 9 5)
5 78 43 1.7+1 19 9
6 73 44 19+12 19 11
7 100 35 1.3£0.5 21 0
8 100 35 1.3+£0.5 21 0
9 52 22 23+1.1 27 13
10 |70 23 22+1 30 9

124




3.3.6 Identification of numerical equivalences

To rule out the influence of the assumptions of topology scoring on FQC' inference
errors I examine the extent to which theoretical trait equivalences for each EQC can
be identified in simulated traits. This would allow EQC inference in absence of a
topology score. I refer to this alternative inference approach as the identification of

numerical equivalences.

Numerical equivalence identification requires a measure to assess if trait values deviate
by a small enough value to be considered equivalent, and a method to correct for
transitivity between numerical equivalence groups. This correction ensures equivalent
sets are transitive, for example, if I identify two numerical equivalence groups {a,b}

and {a, c}, the correction assumes that {a,b,c} is the true equivalence group.

I first consider the simplest measure of trait deviation, the absolute difference between
traits. Specifically, this corresponds to trait values ¢; and ¢; being considered equivalent
when |t; —t;| < 0, where 0 is the threshold value for equivalence. I examine the effect
of varying the threshold value # on EQC inference errors which determines whether

the deviation is sufficiently small.

This analysis allows one to identify that with an optimal threshold, over 99% of
simulations can be identified in the correct EQC (Figure 3.8). This result suggests
that the ~ 20% of FQC inference errors obtained by topology score are imposed by
the assumptions of the topology score. For example, the topology score assumes that
the trait is defined by pairwise dependencies, while the equivalence testing method

makes no such assumptions.
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Figure 3.8: Success of numerical equivalence method of inference depends on
threshold. Numerical equivalence occurs whenever the threshold 6 > |t; — t;| where ¢ is a
simulated trait value and 7 # j. Numerical equivalence groups may match true theoretical
equivalence groups (correct inference), match theoretical groups of the wrong EQC (wrong
inference), or fail to match equivalences of any EQC (inconclusive). Symbols: black circle of
boxplot, median; boxplot extremes, 25th and 75th percentiles; arrow, inference at optimal
threshold of 8.5¢ — 6.
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3.3.7 Evaluating the effect of measurement noise

The analysis in the previous section suggests that the equivalence method is more
successful than the topology scoring method in identifying the correct EQC of a
simulated topology. The success of the numerical equivalence method is, however,
contextual. First, success requires identification of an optimal threshold. This is
achieved by knowledge of the true topology for each simulation. Thresholds above or
below optimal result in FQC' inference errors (Figure 3.8). With lower thresholds,
there is a failure to identify all numerical equivalences of an FQC| resulting in wrong
inferences (Figure 3.9). With higher thresholds, spurious numerical equivalences result
in inconclusive patterns not found in any EQC (Figure 3.9). Notably, inconclusive
patterns have a subset of equivalences that do correspond an EQC, as well as additional
equivalences that are not found in any EQC (Figure 3.9). For example, at a minimum

every inconclusive pattern agrees with FQC10, as EQC10 lacks any equivalence.
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Figure 3.9: Differences between theoretical and numerical equivalences char-
acteristic of inference error types. Inferences shown in Figure 3.8 are re-analyzed in
terms of their numerical equivalences detected. Numerical equivalences are statistically
compared to theoretical equivalences following categorization of inference type (correct,
wrong, inconclusive). Measure ¢%, = [>5, P — Q]/n is calculated for each equivalence
test EQ across all simulations n resulting in inference type e. P is a logical indicating
if the test was deemed numerically equivalent, whereas () is a logical indicating if the
corresponding theoretical equivalence is expected for the simulation. A ¢p,"? value of -1,
for example, indicates that all simulations resulting in wrong FQC inference had the EQ
test fail numerical equivalence identification despite being theoretically equivalent. ¢ values
can be compared to the dotted grey line, i.e. the theoretical probability of an E(Q) test
being equivalent if one samples topologies from FQC1 to EQC9.

128



Second, the success achieved by an optimal threshold requires all pairs of theoretically
equivalent traits, across all topologies and perturbation types, to differ by a value
equal or less than the threshold. Differences between theoretically inequivalent traits,
however, should exceed the threshold to limit false positive inference or inconclusive

inference.

In the analysis of simulated traits, the optimal threshold (~ 8.5 x 107%) may
correspond to a number of causes that limit the accuracy in simulated phenotypes.
For example, theoretically equivalent phenotypes may differ in the time needed to
reach steady-state in the simulation. In more realistic datasets, measurement noise is

expected to complicate the identification of the appropriate or optimal threshold.

To analyze the effect of measurement noise on numerical equivalence identification,
I impose uncertainty on simulated trait values. I test two scenarios: one wherein
the same increasing level of noise is added to simulated traits (Figure 3.10A), and
a second where different levels of noise are randomly assigned to simulated traits
(Figure 3.10B). In both scenarios, I find the probability of a correct FQC' inference to
decline steeply when the uncertainty (or uncertainty maximum) exceeds the threshold.

The simulation of traits with uncertainty is described in Methods (§3.5.5).
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Figure 3.10: Noise added to trait values modifies inference errors. A. When
increasing noise is added to simulated traits, correct inferences decline steeply when
standard deviation of noise exceeds the threshold. B. When traits have different degrees of
noise added, the steep decline of correct inferences occurs when the maximum standard
deviation of randomly added noise exceeds the threshold. Numerical equivalence is identified
as described in Figure 3.8. Symbols: as defined in Figure 3.8.

130



3.3.8 Adapting the method to allow inference with noisy

simulated data

I hypothesized that numerical equivalence detection with measurement noise may
be improved by incorporating the uncertainty of traits specific to each pairwise
equivalence comparison. I refer to this analysis as noise-dependent threshold testing.
Indeed, previous studies by Drees et al. [57] and St Onge et al. [43] have incorporated
estimates of experimental error in the identification of epistasis from experimental

genetic interaction data.

I test three alternative approaches to noise-dependent threshold testing. Each
approach incorporates two estimated measures of uncertainty, one for each trait in a
pairwise comparison. In my simulation of measurement noise, each trait is resampled
with added noise (see §3.5.5). Estimates of uncertainty correspond to the calculated
deviations from the means or medians of these resampled values. The three variants
of noise-dependent threshold testing correspond to the following calculations for each

pairwise trait comparison,

e Variant 1: traits ¢; and ¢; are equivalent when t; + 2 - 0; > t; — 2z - 6, where
t; < tj, t; is the estimated mean and o; is the estimated standard deviation of
values sampled to obtain the value of trait ¢ with measurement noise, and z is

a defined confidence threshold.

« Variant 2: traits t; and t; are equivalent when ¢;+MAD; > t; — M AD,, where
t; < tj, t; is the estimated median and M AD); is the estimated median absolute
deviation of values sampled to obtain the value of trait ¢+ with measurement

noise.
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e Variant 3: traits ¢; and ¢; are equivalent when \;% < 1, where t; and o;

are as defined for the first variant.

Notably, Variant 2 corresponds to the method by Drees et al. [57], whereas Variant 3

corresponds to the method by St Onge et al. [43], which is similar to a z-score.

To analyze if noise-dependent thresholds improve the inference of EQC' from simulated
data with added measurement noise, I apply each variant to make inferences from the
same dataset analyzed by a single threshold in Figure 3.10B. I find Variant 1 allows the
highest success in FQC inference (Figure 3.11A). This method identifies numerical
equivalence when there is an overlap of confidence intervals based on estimated
standard deviations. Nonetheless, all variants (Figure 3.11) allow substantially
reduced numbers of wrong inferences compared to the inference from the same

dataset using a single threshold.
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Figure 3.11: Noise-dependent thresholds reduce noise-induced inference errors.
Data from Figure 3.10B is re-analyzed with modified criteria for numerical equivalence
detection. Equivalence is identified when confidence intervals of one standard deviation
from the mean (A) or one MAD from the median (B) overlap for a given pair of traits,
or when the ratio is less than one of absolute trait difference to an estimate of combined
standard deviation (C). Symbols: boxplot quantiles, as defined for Figure 3.8.
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Interestingly, the decrease in wrong inferences by noise-dependent threshold testing
is nonetheless accompanied by an increase in inconclusive inferences. One may view
this as a strength because it is expected to lower false discovery rates. In the context
of deriving hypotheses from the analysis of experimental data, a wrong inference may

in many cases be worse than stating that no conclusion can be drawn.

To further explore the origin of inconclusive inferences, I re-analyze the inference
results with the following assumption: inconclusive inferences correspond to patterns
of numerical equivalence wherein all theoretically equivalent traits are numerically
equivalent with additional spurious numerical equivalences. In application to incon-
clusive inference results, the assumption implies that a best-fit inferred topology is
the topology with all theoretical equivalences found to be numerically equivalent in

an inconclusive inference.

If the best-fit assumption is true, re-analysis of the inconclusive inferences in Figure
3.11A should result in the change of every inconclusive inference to a correct inference.
In application to these data, I find the expectation is correct for ~ 36% of inconclusive
inferences at all levels of uncertainty, allowing an improvement in inference compared

to the application of noise-dependent thresholds alone.

The success of best-fit inference is maximized when the noise-dependent threshold
comprises confidence intervals of estimated standard deviations multiplied by an
optimal z factor (Figure 3.12A, inset). I find this factor to be near 2.5. The inference
results with a z factor of 2.58 are shown in Figure 3.12A. I find that the assumption
of transitivity among numerical equivalence groups reduces false positive inferences
at low noise, but increases false positive inferences at high noise (Figure 3.12C). I
compare these results to inferences achieved with a topology score applied to the

same dataset (Figure 3.12B).
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Figure 3.12: Combining noise-dependent thresholds and best-fit assumptions
further reduces noise-induced inference errors. Data from Figure 3.10B is re-
analyzed with modified criteria for inference. A. Numerical equivalence is identified when
confidence intervals of 2.58 standard deviations from the mean overlap for two simulated
traits with noise, and inconclusive inferences by this criterion is forced to a wrong or correct
inference by making the best-fit assumption (See text). The z value of 2.58 was selected
because it obtains the highest number of correct inferences with best-fit assumptions across
all grades of trait noise (inset). This inference can be compared to inference of the same

data by topology score (B), or when the assumption of numerical equivalence transitivity
is not applied (C).

135



3.3.9 Topology inference from experimental data

To further compare best-fit and topology score methods, I apply the methods to
experimental genetic interaction data generated for a well-studied biological system.
In this system, I consider transcription of the RNRS3 gene as a trait reporting on
activity of the DNA damage checkpoint pathway. I consider a subset of four genes in
this pathway, encoding three kinases and one transcription factor. A model of the
pathway, which will act as a set of three true positive inferences, is shown in Figure

3.13A. I do not consider the inference of the three auto-regulatory feedback edges.
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Figure 3.13: DDC gene network model as an experimental test case. Four-gene
model (A) for DNA damage-induced derepression (bold arrow) of RNR3 transcription
as represented in current literature. Derepression requires gene-encoded kinase (white
oval) or DNA binding (grey oval) activities, regulated by phosphorylation (P) by upstream
kinases (arrow) or auto-phosphorylation (feedback arrow). B. Our quantitative phenotype
to report on network activity is RNRS3 transcription, achieved by integrating the DNA
construct shown at the smllA locus of haploid cells. The construct contains a growth
selection marker (URAS&) and transcriptional control (ACT1). C. Ratios of green to
blue fluorescence of cells with one copy of B indicate that low MMS treatment (240 min)
causes cells to derepress RNRS3 transcription relative to untreated, whereas high MMS
does not, and intermediate MMS causes variable transcriptional responses that result in
a multimodal population distribution between that of low and high MMS-treated cells.
Data are obtained by flow cytometry for wildtype cells, after gating and linearization of log
fluorescence measurements (see Methods §3.5.7). D Genetic interaction data consists of
means (bar height) and standard deviations (£ error bar) of population means for replicate
measurements of corresponding gene and signal perturbation conditions (data obtained as
in C).
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I consider the mean cellular ratio of green to blue cell fluorescence as the trait. This
measure estimates the mean ratio of transcription from the RNRS3 promoter to the
control ACT1 promoter (Figure 3.13B), and is analogous to a previous analysis by
Jonikas et al [36]. Trait value calculation from flow cytometry acquired fluorescence

distributions is described in Methods.

I consider methyl methanesulfonate (MMS) as the stimulus of the pathway. I test
three concentrations applied in previous studies. I find that 240 min exposure to a
low concentration of MMS results in derepression of RNR3 transcription, as expected.
However, this response is reduced when cells are exposed to higher concentrations

(Figure 3.13C).

Intermediate and high concentrations of drug yield responses in disagreement with
findings of previous studies. These responses suggest one or all of following assump-
tions is false: the model of the pathway in Figure 3.13A is correct, derepression of
RNRS3 transcription is positively correlated with activation of the pathway, activation
of the pathway is positively correlated with drug concentration. While the present
chapter will examine the first assumption, the next chapter of this thesis describes

experiments to test the latter two.

The set of genetic interaction data I analyze consists of the mean and standard
deviation of replicate measurements of the population mean green to blue fluorescence
ratio (Figure 3.13D), obtained for each combination of gene pair deletion and stimulus

condition.

To examine the first assumption, I infer EQC by best-fit or topology score from these
data when low or high drug concentration is the stimulus. If the first assumption is
true, I expect to infer FQC?2 for each of three gene pair analyses, and both stimulus

conditions. In contrast, I find that EQC2 can be inferred by both methods when low
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drug concentration is the stimulus (Figure 3.14A), but not when high concentration

is the stimulus.
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Figure 3.14: DDC gene network model inferences. A. EQC Inferences by best-fit
with varying z value (circles) are compared to inferences by topology score (solid lines) when
low MMS (grey) or high MMS (black) is the signal tested. B. Diagrams corresponding to
inferences by best-fit when z has a value of 2.58. C. Diagrams corresponding to inferences
by topology score.
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Although both methods allow inference of FQC2 with low drug concentration,
inference by best-fit requires a high z factor. If I consider the inference at a z value
optimal for the analysis of simulated traits with uncertainty (Figure 3.12A), I find
that EQC?2 can be inferred for all three gene pairs (Figure 3.14B).

In contrast, corresponding analyses of high drug concentration data result in the
inference of EQC10 or EQCS. The consistent edge among both inference methods
and all gene pairs is the influence of the stimulus on the trait independent of the

pathway. This hypothesis is tested in the next chapter of this thesis.

3.4 Discussion

The starting point of the present study is the analysis of topology inference from
simulated genetic interaction data when applying a topology score derived from the
method of Battle et al. [60]. This analysis revealed limits in how well one could

identify an acyclic topology among the 35 possibilities.

To discern potential causes of the limits of identifiability by topology score, I
developed an approach to determine theoretical topology identifiability. This approach
generalizes classical epistasis analysis rules in derivation and application. I derive
theoretical trait expressions by assuming node activity is any continuous function
of all of its upstream nodes’ activities. In contrast classical epistasis analysis rules
are derived by assuming node activity is a Boolean variable equal or opposite to
the node activity of its single upstream node. In application, I consider a topology
to be identifiable when the topology has any unique equivalence pattern among
topology-derived trait expressions of the eight conditions (see Tables and 3.1 and
3.2). In contrast, classical epistasis analysis involves the identification of one of two

possible pairs of equivalent traits, with mutually exclusive identification. I tested
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whether theoretical patterns of trait equivalences could also be identified numerically
in simulated trait data, with or without trait uncertainty, thereby allowing topology

class EFQC' inference.

I tested the effect of trait uncertainty on simulated trait equivalence identification by
two approaches. First, I test the addition of the same uncertainty to all eight traits of
a simulated topology. This approach ignores the potential for traits having different
uncertainty levels, as well as noise propagation to downstream nodes [78] (since
noise is only added to trait), noise propagation over time (since noise is added to
steady-state trait values), and noise propagation among different processes underlying
each node activity (e.g. mRNA and protein production). Second, I test the addition
of different uncertainty to eight traits of a simulated topology, by randomly sampling
standard deviations from 17 values between zero and 0.75. The second approach
may overestimate differences in uncertainty in a dataset but nonetheless served as
benchmark for inference errors induced by trait uncertainty. Based on this benchmark,
I found applying a noise-dependent threshold for equivalence testing combined with a
best-fit assumption, referred to as the best-fit method, to allow lowest inference errors

across the range of uncertainties I test.

The best-fit method for FQC inference is highly reliant on accuracy of equivalence
identification. Applying the method requires 28 pairwise numerical equivalence
tests. I note that these tests are conceptually analogous to the identification of
equivalent or non-inferior medical treatments by an equivalence or non-inferiority
clinical trial, respectively. In these trials, the standard of reporting [79] is to compare
differences in patient outcomes following treatment to a clinically relevant margin
of difference. It is the author’s opinion that false positive errors of equivalence
detection are sensitive to the selected method for incorporating statistical measures
of confidence into the difference or ratio of two treatments’ outcomes. For example,

a method which considers two treatments to be equivalent when the confidence
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interval of ratio of the treatments’ outcomes is lower a margin of clinically relevant
difference [80], is less prone to identify equivalence with increasing uncertainty. In
contrast, identifying two treatments as equivalent when their confidence intervals
overlap is more prone to identify equivalence with increasing uncertainty. I base my
selection of method of noise-dependent threshold testing on true positive inferences
from simulated data. In the context of experimental data, I do note that I examine
uncertainty in the context of confidence intervals representing uncertainty in means
of replicate fluorescence distributions (discussed below). Methods directly comparing
probability or cumulative sample distributions rather than means may improve the

analysis of equivalence.

I applied to experimental genetic interaction data the methods of inference allowing
highest chance of correct FQC' from simulated data with different uncertainties. I
compared results of FQC inference by topology score or best-fit method (z = 2.58).
The methods allowed true positive inference for all gene pairs with low MMS as the
signal. Both methods allowed FQCS8 inference for gene pair {CRT'1, DUN1} with
high MMS as the signal, wherein I do not have a known true positive. Inference
by the two methods diverged for gene pairs {CRT1, M EC1} and {CRT1, RAD53}

with high MMS as the signal, wherein I do not have a known true positive.

I further examine the cases wherein the two methods diverge in inference and no true
positive is available. Figures 3.15A and 3.15B provide visual inspection of fluorescence
distributions underlying traits which should be equivalent if EQCS is the correct
EQC. 1 contrast the case wherein FQCS is inferred by both methods or (Figure 3.15A)
versus only inferred by the best-fit method (Figure 3.15B). It is the author’s opinion
that differences in inference between the alternative methods may be explained by
the differences in underlying assumptions. For example, the best-fit method only

considers equivalence patterns, whereas the topology score method weighs equivalence
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(full dependency) to alternative dependency types such as the multiplicative product

rule (independence).
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Figure 3.15: Cell fluorescence distributions underlying experimental trait
equivalences identified. I examine the distributions underlying inferences shown in
Figure 3.14. For data in A EQCS8 was inferred using topology score and best-fit method.
Theoretically equivalent trait groups of EQCS are {C2,C4} and {C6,C8}. In contrast, for
data in B FQCS8 was inferred using best-fit method but EFQC10 with a topology score. There
are no theoretically equivalent trait groups for FQC10. For data in C, equivalence group
{C1,C3,C7} was identified although the best-fit EQC inferred (EQC2) has theoretical
equivalence group {C3,C7}. For data in D equivalence group {C1,C3,C5,C7} was
identified although the best-fit inferred FQC (EQCS8) has none of these equivalences.
Symbols: plot line, mean relative histogram count of replicate experiment distributions
with bin size 2x1073; shaded area, confidence interval used to calculate noise-dependent
equivalence threshold when z is 2.58.

145



The best-fit assumption applied to infer FQC's from inconclusive numerical equivalence
patterns relies on the expectation that data are derived from a topology among the
ten FQC. The assumption is that spurious false positive equivalences are caused by
either trait uncertainty or imperfect method of equivalence detection. When this
expectation is false or unknown (e.g. for experimental data), the EQC' inference can
be wrong. Figures 3.15C-D provide visual inspection of fluorescence distributions
underlying best-fit inferences from experimental data when there was disagreement
between identified and theoretical equivalences of the inferred FQC (Figure 3.15C-
D). Visually, it appears that “spurious” equivalences filtered by the best-fit method
correspond to distributions more or as similar as distributions underlying “true”
equivalences. This suggests that the best-fit assumption is wrong, and the data is
not representative of any FQC topology. I note an alternative possibility. I find that
including additional assumptions for the derivation of theoretical trait expressions
allows additional theoretical equivalences as well as higher topology identifiability
across all topologies. This finding suggests that additional numerical equivalences may
not be spurious, but reflect a need to consider additional assumptions to derivation
of trait expressions. I do not present a comprehensive analysis of how additional

assumptions modify FQC derivation.

Repression of RNRS3 transcription in cells treated with high (0.1% v/v) MMS was
not anticipated in my examination of experimental data and therefore I do not have
true positive expectations for topologies involving the high MMS signal. I found high
MMS data yielded inference of EQCS or EQC10. A DDC-independent edge, from
the signal to the trait, is conserved among all topologies in these FQC's. Influences
on the RNR3 promoter independent of the DDC may be discerned by examining an
alternative trait measurement, for example a constitutive promoter having a single

integrated CRT1 DNA binding element.
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I anticipated MMS dose from 0.015% to 0.1% v/v (1.77 to 11.80 mM) to cause either
a monotonic increase or a saturation in RNRS transcription. Several previous studies
support the expectation that transcription is inducible at the highest concentrations
considered in the present study (i.e. 0.1 % v/v). Northern blots in [81] showed
induction of RNRS3 transcription after 1 h of exposure to 0.1% v/v, relative to
untreated cells. Northern blots in [82] showed induction of RNR3 and CRTI
gene transcription following 0.1% v/v MMS exposure (30 min to 2 h). Several
studies suggest kinases functioning upstream of RNRS3 are catalytically active in
cells treated with 0.1% v/v for 2 h. Dunlp extracted from treated cells could be
auto-phosphorylated in vitro, in contrast to protein extracted from untreated cells
[81, 83]. Rad53p kinase extracted from treated cells had a phosphorylation induced

electrophoretic shift, in contrast to Rad53p extraction from untreated cells [84].

In contrast, I can also identify previous studies agreeing with our finding that
fluorescence is not inducible in 0.1% v/v MMS treated cells. Studies [81] and [83]
showed by Western blot endogenous levels of Dunlp to be reduced or undetectable
when extracted from cells treated with 0.1% v/v MMS (2 h), in contrast to untreated
or hydroxyurea-treated cells. This suggests high MMS may inhibit expression or
cause degradation of Dunlp. Studies employing LacZ [85-87], Cypridina luciferase
[88] or GFP [89] reporters of the RNRS promoter report non-monotonic responses
to MMS as we observe, wherein 0.01 to 0.02% v/v MMS treatment results in 15
to 55 fold higher reporter levels than untreated, whereas 0.1% v/v MMS treatment
results in 1 to 4 fold induction relative to untreated. The results of study [90] suggest
translation may be repressed by high but not low MMS doses. This finding may
explain the discrepancy between studies measuring endogenous transcript versus

reporter protein level.
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3.5 Methodology

3.5.1 Simulated trait values

For each of 35 topologies I consider 100 simulated genetic interaction datasets.
The datasets are from [74], obtained by adaptation of the method of [76] by Mads
Karn. Each dataset is defined by topology-independent assumptions of the simulation
method, topology-dependent parameters, and topology-independent parameters. Each

of 100 simulations per topology differs in the latter.

To simulate genetic interaction data for a topology in absence of noise, each node i

(1 € {X,Y, p}) in the topology except the signal is assigned two ODEs:

dRN A;
Prot:
d C;Otl =7 x; — )\fmt - Prot; (3.2)

They define the rate of change of the concentration of mRNA (RN A;) and protein
(Prot;) abundance, respectively, for node i. The activity of a node corresponds to
Prot;. Genetic interaction data represent the steady-state abundances of Prot, under

the defined perturbation conditions.

Topology-independent parameters include the maximum transcription m; or transla-
tion r; rate, and mRNA decay A*¥4 or protein decay A" rate. In a given simulation
these parameters are randomized by sampling from a normal distribution. Parameters
m; and r; are each assigned a value between In(2)/22 and In(2)/20. Parameters

AENA and APrt are then assigned as m; and r;, respectively.
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To model deletion of gene i, m; is set to zero. To model loss of signal, signal activity

is set to zero. In absence of perturbation, the signal is a constant.

Topology-dependent terms are encompassed in f;. The equation for f; depends on
the number of upstream input edges to . When there is no upstream input, e.g. @
is constitutively expressed, f; is defined by a constant. When ¢ has one upstream
input j, Prot; is modelled as the abundance of an upstream transcription factor (7TF')
which can bind one cis-regulatory module (C'M) in the transcriptional promoter of
7, thereby modifying its expression. When ¢ has multiple inputs, each additional
input represents an additional T'F', which binds an additional C'M. T F-C'M binding
events are modelled to be thermodynamically independent, and thereby independently

contribute to the quantity of f;.

To achieve this, the number of C'Ms considered in f; is equal to the number of edges
which are input to ¢ in the network, and f; is the sum of probabilities of transcription
for each possible configuration of the promoter. Configuration is a permutation of the
combinations of each T'F' being bound or unbound to its respective CM. Therefore

there are 2" configurations for a promoter with n input edges (n < 3).

Thus, in the case a node p has the maximum of three inputs S,X and Y, f; is

calculated as follows

fi=> a-fe - fe, -fc, - CMy-CM, - CM, (3.3)

$,T,Y
where s, x,y € {0,1} define the possible promoter configurations wherein each input
S, X and Y, respectively, is bound (one) or unbound (zero), where « is the basal
transcription level when all CMs are unbound and fc, is the fold change in transcription
relative to @ when S is bound (s = 1) or unbound (s = 0). C'M,_, is the probability

of transcription when the TF representing input .S is bound C'M,_y = Py, whereas

149



C M is the probability it is unbound CM;—g = 1 — Pcyy,. Therefore, the probability
of transcription of a given configuration is the product of probabilities of transcription

for each CM.

For a given upstream input j, probability of transcription from its corresponding CM
of promoter 7, Poyy,, depends on the protein abundance of j (Prot;) according to the

Hill equation as follows

(Pratj )"Hji

_ Kji
PCMJZ - PT’Otj nHJz 1 (34)
( Kji ) +
if node j encodes an activator, or
1
* Prot; \ i
< sz']> +1

if node j encodes a repressor, where nH;; is the Hill coefficient and K; the dissociation
constant. Both nH;; and K; are topology-independent parameters. In the simulation,
nHj; is randomly assigned between 1 and 3 (uniform sampling) and K; randomly
assigned between 0.1 and 0.8 (uniform sampling). Pryy,, satisfies the assumption of

thermodynamic independence since the probability depends on a single input.

For any simulated topology, the number of repressors and activators is randomized
between zero and three (i.e. all nodes excepting p) by uniform discrete distribution
sampling. This selected number then influences the assignment of constants reflecting
basal transcription level (a). If all nodes excepting the trait are repressors, « is
randomly assigned between 0.9 and one (uniform distribution), whereas if all activators
« is assigned between zero and 0.1, and if mixed repressors and activators « is assigned

between 0.45 and 0.55.
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Similarly to «, each fold change value in Eq 3.3 (fc;) depends on whether node i
is a repressor or activator, as well the number of total inputs of a promoter. As
indicated for Eq 3.3, fc; is dependent on promoter configuration. When ¢ is bound
in the configuration, fc;—; = r if ¢ is an activator or fc;—; = 1/r if i is a repressor.
The parameter r is randomly assigned (uniform distribution) based on the number of
inputs modelled to bind to the same promoter as i. If ¢ is the only input, r is assigned
between 8 and 12, whereas if there are two inputs r is between 4 and 6, and if three
inputs 7 is between 8/3 and 4. Following these assignments, each fc value for a given
promoter is rescaled by dividing by the maximum product of the assigned a and all
fc;—1 terms considered. Independently of whether a node 7 is an activator or repressor,

fci—p is set to one and is not considered in the above calculation or rescaling.

To obtain genetic interaction data once all parameters have been assigned, steady-
state levels of Prot, are simulated for each set of perturbations. Each simulated
genetic interaction dataset qualifies certain constraints, as follows: (1) all individual
trait values are within the range of zero to one; (2) perturbation of the signal causes a
minimum of two fold change in trait value; and (3) perturbation of each gene causes
a minimum of 20% change in trait value. Notably, parameter selection may be biased

to allow these constraints since simulations not qualifying these constraints were

discarded.

3.5.2 Topology score calculation

The topology score is a sum of all dependency scores. Dependency scores are calculated
for every pair of nodes in the topology excluding p. For a hypothetical pair of nodes,
X and Y, the dependency score is the absolute difference between an experimental
trait value when both nodes are absent Taya, and an expectation value eazay. € is

calculated according to the relationship between X and Y in a hypothetical topology.
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For a dependency of type m, the dependency score is 0;°, = |€X,n, — Tazay|- For a
hypothetical topology -, the topology score is T'S., = >_1 d,,, where n is the number

of unique node pairs.

There are three possible dependency types. A given node pair can be of only one
type in a topology. The dependency type dictates the expectation value and therefore
modifies the dependency score of a node pair in a topology-dependent manner. For
nodes X and Y (X # Y, XY # p), the dependency type is identified based on

topology edges and reachability.

The following procedures describe how to identify each dependency type in a topology

and calculate the corresponding expectation value:

1. Full dependency of X on Y. To identify in topology: p is reachable from
X and Y, Y is downstream (reachable) from X. If Y is removed, p is not

reachable from X, i.e. the influence of gene X on p is fully dependent on Y.
« Expectation value: e} Ay = Iy,
where Th, is the trait value when only node Y is perturbed.

2. Independence of X and Y. To identify in topology: p is reachable from X
and Y, neither X or Y is reachable from the other. If Y is removed, the trait is

reachable from X, and vice versa, i.e. X and Y can independently influence p.
o Expectation value: €y,n, = Taz * Tay/ Ty,

where Th, and Ta, are the trait values when only node X or Y is perturbed,

respectively, and T, is the trait value when neither X nor Y is perturbed.

3. Partial dependence of X on Y. To identify in topology: p is reachable

from X and Y, and Y is downstream (reachable) from or X. If Y is removed,
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p is reachable from X, i.e. the influence of gene X on the trait is partially

dependent on Y.
o Expectation value: €3, n, = [€azay + eJ;IAy]/Q.

I derived the topology score method by excluding or modifying a number of terms
included in a previously described scoring method [60]. In particular, I did not consider
prior probabilities of dependency types (useful when subsets of genetic interaction
data are missing), nor the Pearson correlation coefficient of two nodes’ vectors of
genetic interaction terms with remaining nodes of the topology (calculable when
topology size is larger than we consider). I modified how one calculates deviations
between dependency type expectation value and trait value. While I calculate the
absolute difference, [60] calculated the ratio between this difference and a constant
reflecting trait value uncertainty. I also modified the calculation of the expectation
value for the partial dependency type, as described §3.3.2 of Results. Because of
these modifications, the present study is not an analysis of inference errors of the

previous method.

3.5.3 Theoretical trait expression calculation

To derive the expression of the theoretical trait p I defined each node s activity
(1 € X,Y,p) as an arbitrary function f; of the activities of its upstream nodes
connected by an edge. In absence of input a node j’s activity may be equal to a basal
term b; (7 € X,Y) or a term representing the activity of the signal S. The eight
node perturbation conditions C' indicate which of S, X, and Y is deleted/absent (0)
or not (1), and may alter the trait expression. If a node is deleted in C, its activity

is set to zero in the theoretical trait expression corresponding to C'. Trait expressions
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were derived as strings using the software package MATLAB (MATLAB 9.0 2016a,
The MathWorks, Inc., Natick, Massachusetts, United States).

3.5.4 Equivalence class definition

Equivalence classes were defined by classifying each topology according to whether it
had a unique trait equivalence pattern, therefore forming a new class, or a pattern

defined by other topologies of an identified class.

For each topology, the theoretical trait expression equivalence pattern was deter-
mined by identifying matching strings among the eight strings representing all trait

expressions for eight perturbation conditions for a topology.

3.5.5 Simulated trait values with noise

Trait values with noise are determined from trait values in absence of noise (see
§3.5.1). For each simulated trait value in absence of noise, I uniformly sample three
values from Gaussian distribution P, with a mean p, equal to the trait value in
absence of noise, and a standard deviation o, as defined in figures. The corresponding
trait value with noise is equal to the mean or median of the values sampled from P,

rounded to four digits to the right of the decimal point.

I analyze 16 non-zero values of . These values increase by one quarter of an order of
magnitude between 1.0210~* and 7.5210~. When trait values of a given topology are
simulated to have different levels of uncertainty, this is achieved by uniform sampling
from these 16 values between zero and the maximum value as defined in figures.
Including o equal to zero, there are 17 possible noise conditions considered. Analysis

of all conditions of noise for all simulated datasets consists of 4.76 x 10° simulated
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trait values. Most values reflect a coefficient of variation (CV) less than 0.1 (89%),

and nearly all traits have a CV less than 2.6 (>99%).

Adding noise to the data in this manner assumes that ¢ is analogous to the standard

deviation among experimental replicate means.

3.5.6 Numerical trait equivalence identification

Equivalence among simulated trait values is identified by a single threshold (1) or a

noise-dependent threshold (2).

1. With a single threshold 6, trait values ¢; and ¢; are considered equivalent when

|t —

t;] < 0.

2. T consider three variants of noise-dependent thresholds (a to c).

(a)

(b)

(c)

For the first variant, traits ¢; and ¢; are considered equivalent when
ti+z-0; >t; —2-0;, where t; < t;, t; is the estimated mean and o; is
the estimated standard deviation of values sampled to obtain the value of

trait ¢ with noise (see §3.5.5), and z is defined in Figures.

For the second variant, traits ¢; and ¢; are considered equivalent when
ti+ MAD; > t; — MAD,, where t; < t;, t; is the estimated median and
MAD,; is the estimated median absolute deviation of values sampled to

obtain the value of trait ¢ with noise (see §3.5.5).

For the third variant, traits ¢; and t¢; are considered equivalent when

—5, 5
‘7¢+‘7j

bl < 1, where t; and o; are as defined for the first variant.

Equivalence among experimental trait values is identified by a noise-dependent

threshold analogous to the first variant applied to simulated trait values, where ¢; is
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the mean and &; the standard deviation of replicate sample means. A sample mean
is the mean cell fluorescence ratio of population of cells in a given replicate culture

(see § 3.5.7).

Unless otherwise indicated, I assume all numerical equivalence relations are transitive.
For example if I identify two numerical equivalence groups {a, b} and {a, c}, I assume

{a, b, c} to be the true equivalence group.

3.5.7 Experimental genetic interaction data

Strain generation

Each strain considered was haploid with the construct of Figure 3.13B integrated by
replacing the open reading frame of SML1. Integration was achieved by transformation
of BY4741 with the DNA construct amplified by PCR with 60 bp primers, consisting
of 20bp for construct amplification and 40bp homology to one of two loci flanking
the SML1 open reading frame. The DNA construct design and assembly is described

in §4.5.1. The yeast transformation protocol is described in detail in [72].

Haploid gene deletion strains were obtained from diploid strains by sporulation
and selection. First, a diploid wildtype strain was generated by mating a BY4741
MATa strain with genotype smlIA0Q::RNR3pr-GFP/URAMX/ACT1pr-BFP) to a
BY4742 MAT« strain without the construct and genotype sml1IA0::LEU2MX. Then,
additional genes were deleted in the diploid by transforming the diploid with plasmid-
amplified NATMX or KANMX DNA with 40bp flanking sequences homologous to
genomic DNA flanking the open reading frame of the target gene to be deleted [15].
Successfully transformed cells were identified by selection, followed by PCR validation.

Haploid, single or double gene deletion strains were obtained by sporulating the
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transformed diploid strain, followed by tetrad dissection, selection and a mating-type
test. Standard yeast protocols for tetrad dissection and mating-type testing are

described in [91].

All strains are listed in Table 3.4. I note that for certain genotypes, I did not obtain
both haploid mating types. This cannot be explained by genetic linkage since RADS3,
MEC1, CRT1, DUN1 and SML1 are located on different chromosomes. However,
I hypothesize this is due to a combination of the rare finding of a spore of three
selection markers and a specific mating type (1/16), as well as the potential for
inviability of DDC gene deletion strains. Nonetheless, I did validate that mating type
does not influence green or blue fluorescence in a wildtype haploid strain, and I do

not expect DDC gene deletions to cause mating-type specific effects on fluorescence.
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Table 3.4: Yeast strains

Strain Genotype

BY4741 | MATa S288C his3A1 leu2A0 met15A0 ura3A0 ho
BY4742 | MATo his3A1 leu2A0 lys2A0 ura3A0

yDO1 BY4741 sml1A0::RNR3pr-GFP/URAMX/ACT1pr-BFP
yD02 BY4742 sml1A0::RNR3pr-GFP/URAMX/ACT1pr-BFP
yDO1 crt1::NATMX

yDO1 crt1::NATMX dunl::KANMX

yDO1 mecl::KANMX

yDO1 mecl::KANMX crt1::NATMX

yDO1 rad53:: KANMX

yDO1 rad53:: KANMX crt1::NATMX

yDO02 crt1::NATMX dunl::KANMX

yDO02 duni::NATMX

Cell culture and MMS exposure

Cells were grown overnight (16h) in liquid culture and released prior to 4h exposure
to MMS. Specifically, for each replicate experiment, a single colony from an agar
plate with selective growth medium was used to inoculate 400 pl synthetic complete
(SC) growth medium (recipe in § 4.5.2) with 2% w/v glucose and 0.042 g/1 adenine
hemisulfate (Sigma, Cat. no. A9126) in a 96 deep well plate. After 16 h growth
(shaking 250 RPM, 30 degC), cell density was estimated by 596-604 nm light
absorbance of a 1/20 diluted culture (Victor 3V Plate Reader, Perkin Elmer) and
cells were then diluted to a density corresponding to an absorbance reading of 0.025
by using an small volume of cells to inoculate 400 pul SC medium in a deep well
plate. After 2.5h growth (shaking 250 RPM, 30 degC), cells were diluted 1/2 with SC
medium containing methyl methanesulfonate (Sigma, cat. no. 129925) to result in
the final MMS concentration in v/v as defined in figures. Note that MMS was added
to growth medium 5 min before cell exposure. After 4h growth, cell gene expression

was measured by flow cytometry.
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Flow cytometric measurements of gene expression

Flow cytometric measurements were acquired with a Cyan ADP 9 Analyzer (Beckman
Coulter), equipped with a plate sampler having an automated fluidic system to
generate air-gap-separated well samples for delivery to the flow cytometer [92]
(HyperCyt® System, IntelliCyt Corp). HyperView® Analysis Software was used
to obtain an individual CyAn Summit FCS3.0 file for individual well data [92]. Well
data were analyzed using custom MATLAB functions. To obtain cell population
gates, event data were analyzed to obtain a defined percentage (50%) of events for
each sample that maximized event frequency per area in a 2D plot of Log pulse
height forward scatter versus side scatter (488 nm). Within each gated population,
cell blue fluorescence protein expression was estimated as the Log pulse height of
425-475 nm filtered emission with 405 nm excitation, and cell green fluorescence
protein expression as the Log pulse height of 510-550 nm filtered emission with 488
nm excitation. Log height values having a range of zero to 1023 were rescaled to
have a range of zero to one, linearized, and then rescaled to a range of zero to 1023.
Distributions in Figure 3.13C consist of ratio of green to blue fluorescence values
after gating, linearization and rescaling. Bar plots in Figure 3.13D consist of replicate
means of sample means among cells of a green/blue fluorescence ratio distribution as

in Figure 3.13C.
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High variability in DNA damage responses
is due to drug-induced disruption of a cell

cycle checkpoint
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Summary

In the previous chapter I observed that RNRS3 transcription, a marker of DNA damage
checkpoint activity, was repressed by high concentrations of the DNA alkylating drug
methylmethane sulfonate (MMS). To test the hypothesis that high drug concentration
de-activates the checkpoint, I conduct biochemical, cell division and gene expression
assays. These experiments advance knowledge about the MMS-dose dependency of
cell division arrest, wherein high drug concentrations appear to allow cells to override

a pre-mitotic checkpoint.
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4.1 Background

Activity of eukaryotic DNA damage checkpoint (DDC) kinases is required for
multiple cell responses to DNA damage including cell division cycle arrest and
DNA repair gene transcription [81]. Activation of DNA repair gene transcription
by the DDC is exemplified by genes encoding ribonucleotide reductase (RNR). In S.
cerevisiae, one branch of the DDC supported by the literature is that wherein Meclp
kinase phosphorylates Rad53p kinase, phospho-Rad53p phosphorylates Dunlp kinase,
phospho-Dunlp phosphorylates transcriptional repressor Crt1p, phospho-Crtlp allows
activation of transcription of a subset of genes encoding ribonucleotide reductase
namely RNR2, RNR3 and RNR/. This branch (Figure 4.1A) is often depicted as a
linear pathway schematic (for example [93]), although multiple auto-phosphorylation
regulatory loops are well-documented [83, 94|, as well as protein dimerization, and
additional scaffold proteins that can modify phosphorylation signals conditional on

the type of DNA damage stress [95, 96].
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Figure 4.1: High MMS may repress RNR3 transcription independently of the
DDC. A. Four-gene model for DNA damage-induced derepression (bold arrow) of RNRS3
transcription as represented in current literature. Derepression requires gene-encoded kinase
(white oval) or DNA binding (grey oval) activities, regulated by phosphorylation (P) by
upstream kinases (arrow) or auto-phosphorylation (feedback arrow). B. A quantitative
phenotype to report on network activity is RNRS3 transcription, achieved by integrating
the DNA construct shown at the met15A locus of haploid cells. The construct contains a
growth selection marker (URAS3) and transcriptional control (ACT1). DDC gene topologies
inferred from combinatorial DDC gene deletion experiments with low (0.015% v/v) MMS
(C) agree with the model, whereas topologies inferred from experiments with high (0.1%
v/v) MMS (D) yield the hypothesis that RNRS3 reporter expression (p) is DDC-independent.
Full details of the experiments and inferences of C and D are provided in Chapter 3.
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To estimate DDC activity, the transcriptional promoter of the RNR3 gene (pRNRS3)
is often fused to reporter genes facilitating detection of expression by survival assays
or fluorescence measurements. For example, expression of the URAS gene encoding
orotidine-5’-phosphate decarboxylase can be detected by growth in media lacking
uracil or absence of growth in media containing 5-fluorouracil (5-FOA) [82, 83].
Alternatively, expression of the LacZ gene encoding f—galactosidase can be detected
by catalysis with the X-gal substrate resulting in colour change, or expression of
fluorescent proteins can be detected by various methods of UV- to visible light
spectroscopy [82, 83]. These assays show agreement with parallel estimates of

endogenous transcript levels, for example by Northern blot [81, 82].

Knowledge about the regulatory diagram of the DDC pathway branch (4.1A) was
primarily achieved by the Elledge group, beginning with systematic testing of
mutations altering pRNR3-reporter expression. Genes CRT1, SSN6 and TUP1 were
identified because their mutations resulted in constitutive RNR transcription (CRT)
[97], whereas DUN1 was identified because its mutation resulted in RNR transcription
uninducible by DNA damage (DUN) [83]. These and the remaining interactions
depicted in the pathway were deduced by examining DDC gene mutation or over-
expression effects on protein phosphorylation, in vitro kinase auto-phosphorylation
activity or RNR gene transcription with and without the presence of DNA damage
[81-84]. Cellular DNA damage in these experiments was exemplified by exposure to
hydroxyurea (10 to 200 mM HU) or methyl methanesulfonate (0.01 to 0.1 % v/v
MMS) for one to four hours.

In the previous chapter (Chapter 3), I used this DDC pathway branch as a test case
for topology inference methods. The data for inference consisted of fluorescence
reporter expression measurements of a strain set having an Pryrs — GF P reporter
and combinations of DDC genes in Figure 4.1A deleted. These measurements were

obtained for four conditions of MMS exposure between 0% and 0.1% v/v (4 h). While
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data obtained for low MMS (0.015% v/v) allowed inference that agreed with the
model in Figure 4.1A, data obtained for higher MMS conditions (> 0.06% v/v) did

not.

Additionally, I found wildtype cells repressed reporter expression in response to these
higher concentrations. This suggests that the DDC is inactive under these conditions.
DDC inactivity of cells while exposed to DNA damaging conditions, as enabled
by DDC gene mutations [81, 98] or DNA damage adaptation [99], is reported to
have severe consequences on genome sequence maintenance and cell viability. These
consequences are hypothesized to be primarily due to loss of cell division cycle arrest
in a pre-mitotic state (G2/M checkpoint), since co-treatment of mutant cells with

drugs that repress continued cycling can prevent cell death [81, 98, 100, 101].

I hypothesized that for these higher MMS conditions, one or all of following as-
sumptions about this branch of the DDC pathway may be false: the model of the
pathway in Figure 3.13A is correct, derepression of RNRS transcription is positively
correlated with activation of the pathway, activation of the pathway is positively
correlated with MMS drug concentration. The inference conducted in Chapter 3
allowed testing of the second assumption. For high (0.1% v/v) MMS, I inferred a
topology differing from Figure 3.13A by the addition of a feedforward loop. This
feedforward loop corresponds to the hypothesis that high MMS causes cells to repress
RNRS transcription independently of DDC genes.

In the present chapter, I test this hypothesis as well as the alternative assumptions
above-described. First, I conduct a detailed characterization of RNR3 transcription as
a function of MMS to examine its correlation with MMS dose. Second, I test if DDC-
independent repression of RNR3 can be explained by cell death or general repression
of transcription and translation. Such toxicity has been suggested in previous studies

[87, 88, 90]. Third, I test the possibility that transcription is repressed because
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high MMS causes DDC inactivity. This possibility could not be determined in the
previous chapter since transcription in cells with DUN1, RAD53 or MEC1 deleted
was indistinguishable from wildtype cells (0.1% v/v MMS).
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4.2 Objectives

e The first objective is to characterize the MMS dose-dependency of RNRS3

transcription in individual cells.

o The second objective is to test the hypothesis that RNRS& transcription is

repressed due to cell death or general repression of gene expression.

o The third objective is to test the hypothesis that RNRS3 transcription is repressed

due DDC inactivation.
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4.3 Results

4.3.1 RNRS3 transcription is a non-monotonic function of

MMS

To quantify transcription influenced by the DNA damage checkpoint (DDC) signalling
pathway in single cells in vivo, the following three expression cassettes were assembled
in a 5.5kb DNA construct: the transcriptional promoter of the RNRS3 gene driving
expression yeast-enhanced green fluorescent protein (Pryr3-yEGFP), the promoter of
ACT1 driving expression of yeast-enhanced blue fluorescent protein (Pacri-yEBEP),
and the promoter of TEF1 driving expression of orotidine 5-phosphate decarboxylase
(Prer1-URAS3), an enzyme required for cell growth in absence of uracil. In yeast
cells transformed with the construct, quantifying green and blue fluorescence of cells
allows one to distinguish DDC-dependent and -independent transcription, respectively.
ACT1! transcript level is a marker of RNA polymerase IT activity [102] and has been
used as a normalization coefficient for DNA damage - [103-106] and cell division

cycle-regulated [107-110] transcripts.

To characterize DDC-dependent transcriptional activation as a function of methyl
methanesulfonate (MMS) exposure, yeast cells carrying the construct were treated
with 24 MMS concentrations between zero and high (0.1% v/v or 11.8 mM) for four
hours, followed by live cellular fluorescence quantification by flow cytometry. For
each cell, I obtained a measure of green fluorescence, blue fluorescence, and laser light
deflection correlated with size or morphology. To filter out non-cell events, I restricted
the analysis to the 60% of events in each sample having size and morphology values
within the highest density region of those parameters. Because mean forward and
side scattering properties vary as a function of MMS, I performed gating based on

these properties in a sample-dependent manner by estimating the cell population as
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60% of events within the densest region of a two-dimension plot of forward and side

scatter.

Mean cellular DDC-dependent transcription in response to MMS is non-monotonic
(Figure 4.2). This response is reproducible in repeat experiments and for different yeast
strain backgrounds. The response is not observed for DDC-independent transcription
and the response is maintained when the data are corrected for autofluorescence. The
response is approximated by a two-term exponential model. With reference to MMS
concentrations, the response is an increasing function of MMS concentration up to
a peak of transcription activation at 0.0175 %v/v MMS (+ 8.98 x 107*, 95% CI).
Above concentrations of 0.0175 %v/v, the response is a decreasing function of MMS.
At the highest MMS concentration tested, the response is similar to untreated cells

(Figure 4.2).
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Figure 4.2: High MMS causes non-monotonic RNRS3 transcriptional activation.
After exposing cells to MMS for 240 min, we quantified fluorescence by flow cytometry.
To estimate mean cellular Gfp levels expressed from the RNRS promoter, I linearized
data and subtracted mean values of autofluorescent cells from corresponding values of cells
carrying the Gfp reporter. The resulting estimate (A) is an increasing function of MMS for
concentrations between zero and 0.175 (& 8.98 x 1074, 95% CI), but a decreasing function
of MMS when concentrations are above 0.175. Control Bfp levels in the same cells, obtained
by the analogous normalization procedures, are shown in (B). Symbols: shaded areas, two
standard deviations across three experimental replicate means; black lines, mean fit to
replicate data; dotted lines, 95% confidence interval of fit.
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The flow cytometric distributions underlying non-monotonic mean cellular RNR3
transcription level as a function of MMS dose shows that the transition from RNRS3
transcription being an increasing function of MMS to a decreasing function coincides
with the appearance of a low Gfp subpopulation. The frequency of cells in this low
subpopulation increases as MMS is increased above 0.035% v/v. At the highest MMS

concentration tested, the low subpopulation is the only apparent population.
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Figure 4.3: High MMS causes emergence of distinct subpopulations. Cells
expressing Gfp from the RNRS3 promoter and Bfp from the ACT! promoter were exposed
to MMS for 240 min. Green and blue fluorescence was quantified at the end of drug
treatment by flow cytometry. We find that when histograms of log cell fluorescence are
plotted across MMS condition, a low fluorescence subpopulation arises at high MMS
concentrations for Gfp emission but not Bfp emission of the same cells, indicating that high
MMS causes a change in cellular RNR3 transcription but not control ACT1 transcription.
The number of cells in the low subpopulation increases as MMS concentrations are increased
above 0.035%. Symbols: light and dark gray distinguish replicate experiments obtained
with MATa or MAT« haploid cells; histogram bin counts are relative to corresponding half
maximum of bin count.
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4.3.2 Low RNRS3 transcription cannot be explained by cell
death

I observe that Prygs repression during high MMS treatment cannot be explained
by cell death or inability to synthesize new protein (Figure 4.4). I find high MMS
cells are not permeable to propidium iodide, in contrast with dead cells, and also
have pACTI1-BFP expression levels distinguishable from dead cells (Figure 4.4A). I
hypothesized that cells inability to synthesize new protein may be masked by the
Picri — BF P control reporter due the combination of cells having high constitutive
expression prior to MMS treatment and then slowed division rate during MMS
treatment, limiting protein dilution by cell division. Therefore, I examined the ability
of cells to express GFP from a galactose-inducible promoter Pgar10 when 2% (w/v)
galactose and MMS were added to the cell culture at the same time. I observed that
after four hours of galactose and high (0.08% v/v) MMS treatment, Pgari0 — GFP
expression is inducible to > 60% of the expression level when treated with galactose
and low (0.02% v/v) MMS (Figure 4.4B,C). In contrast, Pryxgs — GF P expression is
< 10% as inducible at high (0.08% v/v) versus low (0.02% v/v) MMS (Figure 4.4B).
Cell expression capacity is reduced by high MMS, but it does not fully account for
the Pgngs repression observed. I note that cells imaged during high MMS exposure
in a time-lapse experiment are capable of inducing Prygrs — GF' P expression within
two hours after MMS removal, confirming that cells with repressed Prygs — GF'P

expression are capable of expression (Figure 4.4D).
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Figure 4.4: RNR3 repression is not due to low expression capacity or cell death.
A: Cells treated with high (0.08% v/v) MMS have pACT1-BFP expression and propidium
iodide permeability distinct from dead cells, killed by heat treatment or 10 fold increase in
MMS dose. B,C: Alternative promoter driven GFP expression is inducible in cells treated
with high (0.08% v/v) MMS. High (0.08% v/v) MMS treated cells have 60% of the capacity
of low (0.02%) MMS treated cells for inducing expression from the GAL10 promoter in an
experimental design where MMS and 2% galactose are added to cell cultures at the same
time (240 min co-treatment). Expression of the same protein from the RNR3 promoter, in
contrast, is less than 5% as inducible with high MMS compared to low. Expression data is
obtained by flow cytometry and data acquisition, filtering and autofluorescence correction
is comparable to that described in Figure 4.2. D: Cells treated with high (0.1% v/v) MMS
are capable of inducing expression of pRNR3-GFP within two hours of MMS removal. Cells
were treated with MMS within a microfluidics chamber and imaged every hour for during
4h MMS treatment and for 2h after MMS treatment. Symbols: size bar, 5 pm.
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4.3.3 Low RNRS3 transcription cannot be explained by DN A

damage adaption or recovery

The alternative hypothesis was Pgygs is actively repressed by Crtlp because the
DDC pathway is not active under high MMS conditions. Following DNA damage,
I consider three possible cell fates. First, DNA damage repair is not complete and
cells are arrested in S or pre-anaphase with an active DDC. Second, the cells have
repaired the damaged DNA and de-activated the DDC to resume cell division, a
process known as recovery [99]. Third, the cells have not repaired the damage and
nonetheless de-activate the DDC to continue division, a process known as adaptation
[99]. The DDC would be inactive in the two latter fates, the fates can therefore be

distinguished by the continued presence of a DNA damage signal.

To test if a DNA damage signal was still present in high MMS-treated cells despite
the absence of DDC transcription, I measured a cellular marker of active DNA repair,
the presence of Rad52-Gfp foci. Members of the Radb2 epistasis group are sensitive
to the MMS doses we test [111], and Rad52p foci are hypothesized to correspond to
active centres of repair of double stranded DNA breaks by homologous recombination
[112]. T observed cells treated with high (0.1%) and low (0.02%) MMS for 4h had
comparable percentages of cells with foci (Figure 4.5A). This result, together with
the very distinct RNR3 expression levels at these two concentrations of MMS (Figure
4.2), suggests that lack of DDC transcription cannot be explained by DNA damage
recovery, leaving the possibility of DNA damage adaptation.
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Figure 4.5: RNRS3 repression is not due to DDC adaptation. A: I observe cells
treated with either high or low MMS (240 min) to be comparable in their probabilities of
possessing one or more Rad52-Gfp foci. Variability among the median (red) represents
differences among random samplings of subsets of data, obtained by visual inspection of
fluorescence microscopy images. Cells treated with either high or low MMS (240 min) have
Rad53 protein with an electrophoretic shift characteristic of DDC activation (standard
immunoblotting). Cdcb5 is a control for protein abundance and cell number. Symbols:
size bar in images, 5um; «a, primary antibody.
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DNA damage adaptation is characterized by a prolonged (~ 10h) S or pre-anaphase
arrest in response to DNA damage, after which, despite continued presence of the
damage signal, cells de-activate the DDC and resume cell divisions. DDC de-activation
is characterized by the loss of hyperphosphorylation of DDC effector Rad53p kinase
[113, 114], whereas resumed cell division is quantified as the ability of a cell to divide

to form a microcolony of more than ~ 20 cells within 24 hours [114].

To test if cells de-activated the DDC during high MMS treatment, electrophoretic
mobility was measured of Rad53 protein extracts from cells treated with a range of
MMS doses. Decreased Rad53 electrophoretic mobility is characteristic of hyperphos-
phorylated Rad53 protein [115], dependent on Mecl and Tell [84]. Protein extracted
from cells treated with high MMS had a comparable, if not more pronounced, decrease
in Rad53 mobility compared to low MMS treated samples. I confirmed that RNR3
transcription of cells in these samples matched the observations in Figure 4.2. I note
a previous study also reports high (0.1% v/v) MMS induced shift of Rad53p within 2
h [84], and did show the shift was lost if they pre-treated Rad53 immunoprecipiate
with phosphatase [84]. The result suggests that Rad53 is phosphorylated in high
MMS treated cells despite low RNR3 transcription, and low RNR3 transcription is
not due to DNA damage adaptation. I note additional conditions for adaption were
not met, i.e. the presence of a large bud during DNA damage exposure, and the
resumed cell division from this arrest. The timescale of my experiments (4 h) also
does not agree with the timescale of observed adaptation in previous studies (> 10 h)

[114] in absence of additional mutations that accelerate adaptation [113].

178



4.3.4 Cell cycle phase after MMS exposure is dose depen-

dent

I sought alternative explanations for Pry g3 repression and the dependency of induction
on cell division phase appears to be often overlooked yet reproducible in numerous
studies. Mazumder et al. quantified RNR gene transcripts in single cells to study
the variability in DDC activation and found that RNRS transcripts were not evenly
expressed in a population of low MMS treated cells, but were inducible only in budded
(S phase) cells [116]. This observation agrees with two previous studies showing
deletion of SWIj reduces or prevents induction of RNR3 transcription by genetic [117]
or environmental [118] conditions causing DNA damage. SWI4 encodes a component
of the SBF transcription factor required for transcription of G1/S cyclins Clnlp and
Cln2p [119]. The RNR3 promoter sequence also contains overlapping SBF/MBF

binding sites.

To formally test if cell division cycle phase progression is altered by MMS dose, 1
measured DNA content in single cells by propodium iodide staining and flow cytometry.
I observe that DNA content distributions vary with MMS concentration between 0
and 0.1% MMS. As MMS is increased above 0.0025% MMS the distribution changes
from a bimodal distribution, characteristic of unsynchronized cells, to unimodal with
a peak around 2N, anticipated with a pre-anaphase arrest following DNA damage
exposure. As MMS concentration is increased further, the peak of the unimodal
distribution shifts higher, reaching a maximum at about 0.025% MMS. Concentrations
above 0.025% cause the peak to shift back down, with a mode between 1N and 2N
at 0.065% MMS, suggesting an S phase arrest. At concentrations above 0.065%
MMS, the distribution is increasingly wide, with two visualizable peaks at 0.1%
MMS. This bimodal distribution differs from the untreated and unsynchronized

population because the untreated distribution has the majority of cells near 2N
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whereas the high MMS distribution has the majority of cells slightly above 1N. The
overall trend appears to be non-monotonic, wherein increasing MMS dose causes an
increase in DNA content to a certain threshold (approximately 0.025% MMS), and
concentrations above this threshold cause a decrease in DNA content. The deviation
from this overall trend is the presence of two peaks at very high MMS. However,
given alternative estimates of cell division phase by Tublp localization (Figure 4.6B),
I hypothesize that high MMS cells are primarily G1 cells, where the low N peak
represents unbudded G1, and the higher peak represents two post-mitotic cells with

defective or incomplete cytokinesis.
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Figure 4.6: High MMS causes changes in cell cycle distribution. I observe genome
copy number, as estimated from fluorescence of propidium iodide-stained cells to vary with
MMS dose. The distributions suggest high MMS-treated cells do not frequently begin
or complete S phase, and low MMS-treated cells do not frequently begin or complete
mitosis (A). An alternative indicator of cell division phase (B), microtubules visualized
by Tubl-Gfp, indicate that high (0.08% v/v) MMS increases the probability cells will be
in G1 or Telophase at the end of MMS exposure (240 min), in contrast to low (0.01%
v/v) MMS wherein cells are primarily in S or metaphase at the end of exposure. Symbols:
light and dark grey distributions, replicate experimental data with bin counts relative to
corresponding half maximum bin count; error bars, standard deviation of means of two
replicate experiments estimated by visual inspection of a minimum of 60 cells for each
replicate and each condition.
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4.3.5 Low RNRS3 transcription coincides with increased propen-

sity of G1 arrest

[ hypothesize that cells with low RNRS transcription levels are in G1. This hypothesis
would predict that in a population of cells treated with intermediate MMS having
a bimodal distribution, the low subpopulation represents G1 cells whereas the high
subpopulation represents cells in S phase or pre-anaphase. I tested this prediction by
examining the bud indices of cells sorted from low versus high MMS subpopulations
from a population of cells treated with intermediate MMS (0.055% v/v). In agreement
with the hypothesis, cells from the low RNR3 mode have a median of 10% of cells
with a bud, in contrast to cells from the high mode with a median of 100% of cells

with a bud (Figure 4.7).
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Figure 4.7: Cell budding indices are correlated with RNRJ3 transcription. Cells
treated with low MMS (0.02% v/v, 240 min) have high probability of a bud (1), whereas
cells treated with high MMS (0.1% v/v, 240 min) low probability of a bud (3), suggesting
there is a correlation between transcriptional repression and cell cycle phase. If cell
cycle phase is a predictor of RNRS transcription, there should be significant cell cycle
differences among Prygrs — GF P expressing cells sorted by flow cytometry based on Gfp
from a bimodal Gfp population exposed to intermediate MMS (0.055%, 240 min). In
agreement with this expectation, cells sorted from the high expression mode (2) have
bud probability similar to low MMS-treated cells, whereas cells sorted from the repressed
expression mode (4) have bud probability comparable to high MMS-treated cells. Symbols:
box plot medians and variance, estimated by random sampling of manually annotated
bright field microscopy images (minimum of 49 cells annotated per estimated median); red
fluorescence, Hhfl-mCherry to label cell nuclei; size bar in images, 5 um

183



Because RNRS3 transcription decreases as a function of MMS concentrations above
~ 0.02% (v/v) (Figure 4.2), the hypothesis also predicts that the number of cells in
G1 will increase as a function of these MMS concentrations. To test the prediction, I
quantified the number of cells with nuclear localization of Whi5-Gfp following MMS
exposure to doses of 0.02 to 0.1% v/v. Nuclear localization of Whi5-Gfp is a marker
of a cell in G1. Whibp has been shown to accumulate in the nuclei of post-mitotic
cells, where it represses SBF driven transcription of G1-S cyclins encoded by CLN1
and CLN2. Clnlp, Cln2p or Cln3p in complex with Cdc28p can phosphorylate Whibp
and cause its nuclear export [120]. T observe that the percentage of cells nuclear
localized Whib-Gfp increases reproducibly as a function of increasing MMS. At the
highest MMS concentration, over 95% of cells have nuclear-localized Whi5-Gfp. As
predicted by the hypothesis, the number of cells in G1 is positively correlated with
MMS dose at concentrations above 0.02% MMS.

184



A B 0.02% MMS 0.1% MMS

Brightfield
0.8

06 -

. 04 - Brightfield

& pPRNR3-BFP

Fraction of cells with nuclear
Whi5-Gfp localization

0.2

L L L
0.02 0.04 0.06 0.08 0.1 Brightfield
& WHI5-GFP
IMMS] (% v/v)

@]

_'_

[J No localization
'—3—' [J nuclear Whi5-Gfp
Il Il

0 0.5 1

State of ancestor cell
after MMS treatment

Fraction of surviving microcolonies

Figure 4.8: High MMS triggers nuclear Whi5 localization. I further characterized
cell cycle changes following MMS treatment by quantifying the presence or absence of a
nuclear localized fluorescence signal in cells expressing a Whi5-Gfp fusion protein from the
WHI5 locus. Nuclear localization of Whi5-Gfp is typically observed in cells in G1. As a
function of increased MMS dose (240 min treatment), I find an increasing fraction of the
cell population with Whi5-Gfp localization (A). This pattern agrees with the expectation
high MMS prevents cells from beginning or completing S phase based on results of Figure
4.6. The corresponding fluorescence microscopy images of cells used for quantification (B)
indicate that cells with high expression of pRNR3-BFP exposed to low MMS (0.02% v/v)
lack localization, whereas cells with low expression exposed to high MMS (0.1% v/v) do
have localization. C. After cells were exposed to intermediate MMS (0.055% v/v, 4h) I
examined whether presence or absence of localization correlated with cellular fitness after
MMS removal by loading cells into a microfluidics device allowing time-lapse microscopic
imaging for 20h in absence of drug. Whereas 32 +3% had localized Whi5-Gfp at the end
of MMS treatment as expected from A, 954+8% of cells that were able to reproduce to
form micro-colonies (see text) did not have localized Whi5-Gfp (cells counted: 558, total %
cells that form microcolonies: 2.84£0.7%. Symbols: error bars in A, & standard deviation
of the mean of two replicate experiments obtained by visual inspection of a mean of 216
and minimum of 69 cells for each replicate and each MMS condition; error bars in C, +
standard deviation of three replicate experiments; size bar in images, 5 pm.
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To analyze if cell division phase influences cell survival, I performed time-lapse
microscopy experiments wherein cells having Whib-Gfp were exposed to intermediate
MMS (0.055% v/v) in a microfluidic growth chamber (240 min). These conditions
result in a mixed population where 32 + 3% of cells have nuclear localized Whi5-Gfp.
By continuing to monitor cells for 20 h after MMS removal, I found that nearly all
(95 4+ 8%) surviving micro colonies (> 20 cells) did not have localized Whi5-Gfp at
the time of MMS removal (Figure 4.8). This suggests that cells without localized

Whib-Gfp have a survival advantage.

The above-described results suggest that MMS concentration determines the propor-
tion of cells in G1 when cells are initially unsynchronized. To investigate how cell
division phase of cells prior to MMS treatment has an effect on these proportions, I
treated cells with high MMS (0.1% v/v MMS) at multiple time points after cells had
been released from G1 arrest by a-factor treatment. In this experiment, I counted the
fractions of cells with localized Whibp-Gfp, both at the time of MMS addition and
after MMS exposure (180 min). I observe the starting fraction of cells with localized
Whi5-Gfp (< 10% to > 90%) has no detectable influence on the proportion of cells
after MMS exposure (~ 70-80%) (Figure 4.9).
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Figure 4.9: High MMS triggers nuclear Whi5 localization in o factor synchro-
nized cells. Cells expressing a Whi5-Gfp fusion protein from the WHI5 locus were arrested
in G1 by « factor treatment, and released. At regular time intervals following release,
high MMS was added to aliquoted cultures (final 0.1% v/v MMS), and the number of
cells with localized Whi5-Gfp was counted both at the time of adding MMS (A) and after
MMS exposure (180 min) (B). I observe the fraction of cells with localized Whi5-Gfp after
treatment is not correlated with the fraction of cells before treatment. This result suggests
that cell cycle phase before treatment does not influence the probability of high MMS
triggering Whi5-Gfp localization. Symbols: lines, spline fits to raw data; open circle, raw
data reflecting fraction of cells with localization determined by manual inspection of a
minimum of 37 cells per data point with an average of 142 cells per data point.
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4.3.6 High MMS forces cells out of canonical G2/M arrest

induced by DNA damage

An important additional observation is the significant fraction of high MMS-treated
cells possessing both nuclear localized Whi5-Gfp and a bud. This combination of
cellular markers of G1 and S (e.g. Figure 4.8B bottom right, Figure 4.9 bottom
right), is never observed in parallel characterizations of untreated cells. In dividing
cells, loss nuclear Whi5-Gfp localization immediately precedes bud initiation [120].
Presence of a bud and nuclear Whi5p could reflect a number of possible deviations
from a normal cell division, for example: cell division progression could be normal
with non-functional repression of Whi5p that remains nuclear, or cells could progress
normally, losing Whi5p localization prior to budding and then re-gain nuclear Whibp.
The first possibility is less likely given the budding indices and DNA content changes
I observe at higher MMS doses. Under the assumption that Whi5-Gfp localization
accurately reflects the cyclin-dependent kinase activity of a G1 cell, the second
possibility would imply that high MMS concentrations can cause cells to re-enter a

G1-like phase.

I performed experiments to determine whether the second option was possible.
Specifically, I started with a culture of S phase arrested cells which clearly lacked
Whib nuclear localization, and then added high MMS to the culture. This experiment
allows one to test if cells arrested without localization can re-gain localization. 1
pre-treated cells with low MMS (0.02% MMS) or hydroxyurea (100mM) for three
hours(Figure 4.10A,B), after which both samples had a median of less than 10% of cells
with nuclear Whib localization (Figure 4.10C). I then split each culture to maintain
the arrest or to add high (0.1% v/v) MMS. After three hours of high MMS or control

condition, I quantified the percentages of cells with nuclear Whi5-Gfp localization.
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To the cultures I had added high MMS, the median percentage of cells with Whi5-
Gfp nuclear localization increased to approximately 70% if pre-treated with HU, or
approximately 50% if pre-treated with low MMS (Figure 4.10C). In contrast, the
controls maintained median percentages of approximately 10% (Figure 4.10C). These
results suggest that high MMS can cause cells to gain nuclear Whi5-Gfp localization.
Notably, the cells having the localized Whi5-Gfp have either completed mitosis,
marked by the presence of two nuclei in adjoint cells, or have gained localization
of Whi5-Gfp in the nucleus of the pre-mitotic mother cell having a bud. These
experiments suggest that high MMS can force cells out of canonical G2/M arrest

induced by DNA damage.
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Figure 4.10: High MMS triggers Whi5 nuclear localization in S-phase arrested
cells. Cells expressing a Whi5-Gfp fusion protein from the WHI5 locus were arrested with
100mM hydroxyurea (A) or 0.02% v/v MMS (B) before splitting the cultures into two
conditions: one where MMS was added to increase the final concentration by 0.1% v/v
(bottom left of A,B), and second where arrest was maintained (bottom right of A,B). I
quantified the number of cells with nuclear localized Whi5-Gfp before splitting the culture,
and after 180 min in each condition of the split cultures. The data (C) show that high
MMS causes cells to have nuclear Whi5 localization even when they were arrested prior to
exposure. Cells with localization after high MMS treatment are unbudded, as expected for
G1 cells, or have a small or large bud (A,B). Symbols: size bar in images, 5 um; boxplot
medians and variance, obtained by random sampling of manually annotated bright field and
green fluorescence microscopy images (minimum of 27 cells and mean of 94 cells counted
per condition).
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4.4 Discussion

High population variability in a response to DNA damage observed at intermediate
MMS dose can be explained by a dependency of RNRS promoter activity on cell
division phase. I find that cell average RNRS3 transcription level is inversely correlated
with the probability of cells having nuclear Whibp localization, a marker of G1 cells.
I find when cellular RNRS3 transcription is bimodally distributed in a population,
cells in the low expression subpopulation have budding indices characteristic of G1

cells, and cells in the high subpopulation have indices reflecting S- or meta-phase.

Although low RNRS3 transcription has been linked to G1 in previous studies, the
observations of the present chapter support inconsistent causes. Specifically, in an
unsynchronized population of cells with variable RNRS transcription under low MMS
conditions, Mazumder et al. [116] found cells with low levels of transcript were in
G1 and also lacked two characteristics of DDC pathway activity: phoshorylated
H2A and cytoplasmic Rnr2p [121]. In contrast, at the highest MMS concentration
I test (0.1% v/v MMS), cells with low RNRS3 transcription do have characteristics
of an active DDC pathway, namely electrophoretic shift in Rad53p characteristic of
hyperphosphorylation. The discrepancy cannot be explained by use of lysate assay
versus the single cell assay described by Mazumder et al. [116] since about 95% of
high MMS treated cells in the present study have a Whi5-Gfp G1 marker. Such a high
percentage of the population should produce a visible change in the electrophoretic
shift of protein from lysed cells if RNRS3 repression was indeed due to reduced activity

of Meclp.

These inconsistencies are challenging to resolve owing to the numerous alternative
pathways by which the DDC may be activated in a cell-cycle dependent manner [122],
and the numerous phases of the cell division cycle wherein the DDC may cause arrest

(or slowed progression). For example, while Mazumder et al. [116] suggest low RNR3
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transcription is owing to the inability of cells to activate the DDC in G1, alternative
studies suggest that delay in transition from G1 to S phase in response to high MMS
treatment [123], UV- [124] or y-irradiation [124, 125] requires DDC activity.

The inconsistencies therefore may be due to differences in cellular responses to low
versus high MMS. In the literature, low MMS (0.015-0.033% v/v) is reported to
cause S phase delay and activation of the G2/M checkpoint regardless of whether
MMS is added to cultures of unsynchronized cells [101] or following release from
G1 arrest by a-factor treatment [126]. In the study wherein cells were initially
unsynchronized [101], continued low MMS (0.015% v/v) exposure causes cells to
become synchronized G2/M within 3 h, and maintain this arrest for at least 4 h.
G2/M arrest was measured by cells predominantly (> 90%) having a large bud and
a duplicated genome (2N DNA content). These studies did not examine the effects
of higher MMS concentrations. However, in another study by Sidorova et al. [123],
a-factor arrested cells co-treated with high (0.1-0.2% v/v) MMS, and then released
after 30 min MMS exposure, are reported to have a 15-30 min delay to begin S
phase relative to untreated cells. The delay was reported to be reduced but not
completely absent in cells having Rad53 mutated (Rad53-11). Delay in transition
was measured by cells acquiring the following phenotypes later than untreated cells:
a-factor resistance; G1/S cyclin transcription (CLN1); bud initiation; and increased
DNA content. Additionally, delay was accompanied by Rad53p-dependent Swi6p
phosphorylation, and could be partly alleviated by a mutation of Swidp that allows
SBF transcription in absence of Swibp [123]. The data of Sidorova et al. [123]
therefore support the possibility that RNRS transcription is repressed in G1 cells

despite having an active DDC, as I observe.

Sidorova et al. [123] did not report the effect of longer (> 30 min) exposure to high
MMS, nor the influence of the initial cell division phase on high MMS-induced G1
delay. Similarly, [126] and [101] did not report the effect of higher MMS concentrations.
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The characterization in the present chapter of dose-dependency of cell division phase
on MMS with prolonged exposure (240 min) therefore links these previous studies by
showing that drug dose can alter the propensity of unsynchronized cells to be in a
given phase after treatment. To test if this propensity was indeed determined by drug
concentration independent of the cell division phase preceding drug exposure, I added
high (0.1% v/v) MMS to cells at various time points after release from a-factor. In

this experiment, I did not detect a dependency on starting cell division phase.

There are a number of indications that suggest the pattern of cell division phase
changes I observe as a function of MMS dose is different from previous studies. This
was first suggested by the observation that cells treated with high MMS can possess
both G1 and non-G1 markers. Although nearly all cells treated with high MMS
have Whi5-Gfp nuclear localization, the DNA content distribution of these cells was
bimodal (Figure 4.6) and a number of high MMS-treated cells with a Whi5-Gfp
nuclear localization also possess a bud. Additionally, high MMS-treated cells had
Rad52-Gfp foci, hypothesized to require S phase cyclin-Cdk activity [127]. These
data suggest that cells only have a subset of indicators of a G1 state, and I therefore
refer to the state as G1l-like. I note that the discrepancy between bud index and
alternative markers of cell division progression has been reported before. For example,
bud index has over-estimated progression compared to DNA content under conditions
of where G1 synchronized cells are UV irradiated and released [81] or in S phase
cells with artificially induced expression of S phase inhibitors [128]. Similarly, DNA
content distributions acquired by flow cytometry have reported biases towards higher

N [129] relative to alternative markers of cell division phase.

To further explore the discrepancy among different cell cycle phase markers, I examined
the response to high MMS of synchronized cells arrested in S phase or pre-anaphase
and predominantly lacking nuclear localization of Whi5-Gfp. I found that within three

hours large percentages of cells entered into a G1-like state, characterized by presence
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of nuclear Whi5-Gfp localization. Some cells appear to have completed mitosis prior
to gaining this G1 marker, whereas others regain the marker in absence of mitosis.
Because high MMS treatment is not accompanied by a loss of Rad53p electrophorectic
shift, these experiments suggest that the G2/M checkpoint characteristic of cells
exposed to low MMS or HU exposure may be overridden by a mechanism distinct

from DNA damage adaptation [114].

The causes and consequences of apparent entry into a Gl-like state without the
completion of mitosis are beyond the scope of this study. I note however, that such
transitions are possible in a number of organisms. G1-to-S-to-G1 cell cycling, i.e. DNA
synthesis in the absence of mitosis, is termed endoreduplication or endocycling and is
observed naturally in various multi-cellular eukaryotic systems, often limited to a cell
type or developmental stage (reviewed in [130]). Endocycling has also been studied
in unicellular eukaryotes, but primary examples required mutation and/or exposure
to severe stress. S. pombe deleted for the M cyclin Cdcl3 undergoes endocycling, as
do cells with Cdcl3 mutations when treated with severe stress [131]. S. cerevisiae has
multiple M cyclins, but has also been shown to endocycle. In these experiments, cells
were pretreated with nocodazole, causing pre-anaphase arrest, followed by transient,
galactose induced expression of Sicl, an inhibitor of Clb-Cdk (S and M cyclin-Cdk)
complexes [132]. Yeast endocycling is thus achieved by inhibiting mitosis and then
allowing a transient reduction of S- and M-Cdk activity. These synthetic experiments
are analogous to the inhibition of M-Cdk activity combined with oscillations in S-Cdk
activity that coincide with endocyling in multicellular organisms. I note that in these
examples cells are hypothesized to complete S phase before entering G1, whereas in
the experiments of the present study cell bud sizes suggest cell re-entry to G1 from
early S phase, or potentially re-entry following budding in absence of DNA synthesis
altogether. A second note is that the use of severe stress, namely nitrogen deprivation

and/or heat shock, to induce endocycles in S. pombe mutants raises the question

194



as to whether high MMS may cause cells to activate a comparable stress response
that parallels DNA damage, for example, by Sy2-type reactions between MMS and
non-DNA cellular nucleophiles [133].
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4.5 Methodology

4.5.1 DNA construct assembly

The DNA construct shown in Figure 4.11 was assembled by a modification of the
3A Assembly method described in [134]. The method involves sequential restriction
digests and ligations in E. coli, as well as homologous recombination in S. cerevisiae
by lithium acetate method for yeast transformation adapted from [91]. The final
assembly was of three DNA parts having 5’ and 3’ ends with restriction sites following
the 3A assembly standard. These parts are Pagrpr — NATMX — Tagrpr (as
described in [135]), Prnrs — GFP — Tagrpr and Pyory — BFP — Tapm. The
two last parts were first each assembled by two iterations of modified 3A assembly
from the corresponding three subparts of transcriptional promoter, open reading
frame and transcriptional terminator. Descriptions of each DNA part are provided
below (§4.5.1). The complete DNA construct in plasmid pSB1T3 ([134]) was PCR
amplified and used to transform BY4741 to replace genomic DNA of the ADE/
open reading frame (60bp primers). Following transformation, PCR validation and
cell fluorescence validation, cells carrying the construct were transformed with a
DNA fragment encoding URA3 — Tpak: (also assembled by modified 3A assembly),
having 40 bp flanking DNA regions homologous to Pgrnpgs and Pa,rer, allowing
replacement of NATM X —Tyyrpr by URA3 —Tpgki1. The resulting DNA construct
as integrated in S. cerevisiae is depicted in Figure 4.11 and was sequenced from
DNA obtained by PCR amplification of the construct from genomic DNA extracted
after transformations and validations. These sequencing results revealed a point
mutation in GFP and URAS3, and a 5bp deletion in Trgxi. To avoid complications
with deletion of a gene encoding an adenine biosynthesis enzyme encoded by ADEJ,
the complete construct was amplified and re-integrated at the neutral met15A0 locus

in MATa (BY4741) or MATa (Y8205) haploid S. cerevisiae. Nonetheless, I found
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that locus did not change Gfp expression when measured as a function of MMS
concentration. Yeast strains BY4741 and Y8205 are kind gifts from Drs. Kristin

Baetz and Charlie Boone, respectively.
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Figure 4.11: A DNA construct containing Pryrs — GF P and Pacr1 — BF P reporters
allows quantification in single cells of DDC-dependent and -independent transcription. DNA
parts used to assemble this construct are described in §4.5.1. Symbols: white, open reading
frame; dark gray, promoter; light gray, terminator; arrow direction of promoter, direction
of promoted transcription.
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Sources of DN A

All DNA parts were PCR amplified from yeast genomic DNA extracted from BY4741,
with the following exceptions. Blue fluorescent protein (BFP) is mTagBFP (Evrogen
Joint Stock Company) with amino acid sequence described in [136]. mTagBFP is a
monomeric blue fluorescent protein obtained by mutagenisis from from TagRFP. The
yEBFP DNA sequence used in the present study has been optimized for yeast codon
usage (sequence provided below). Green fluorescent protein is yeGFP3, optimized
for yeast codon usage as described in [71]. The GFP DNA sequence in the present
study deviates from yeGFP3 as the 3’ end has a restriction site inserted upstream
from the yeGFP3 stop codon. The DNA sequence for mCherry is as described by
[137] and was a kind gift of Dr. Michael Knop. The Pagrpr — NATMX — Tagrer
DNA sequence is as described in [135] and was a kind gift of Dr. Kristin Baetz. The
URAS8 DNA sequence corresponds to the open reading frame of YEL021W of S288C.

For DNA parts PCR amplified from yeast genomic DNA extracted from BY4741, the
DNA sequences used are as follows, wherein +1 represents the first base of the start
codon of a gene. Prygs is DNA encoding the promoter (-616 to -1 bp) of RN R3.
Tpcx1 is DNA encoding the terminator (+1249 to +1442 bp) of PGK1. Pacr is
DNA encoding the promoter (-479 to -1 bp) of ACT1. Txpm is DNA encoding the
terminator (4922 to +1213 bp) of ADH1.

The DNA sequence for mTagBFP from [136], optimized for yeast codon usage, is as

follows:

ATGTCCGAATTGATCAAGGAAAACATGCACATGAAATTGTA
TATGGAAGGTACTGTCGACAACCACCACTTCAAATGCACCT
CCGAAGGTGAAGGTAAACCTTATGAAGGTACACAAACCATG
AGAATCAAAGTCGTCGAAGGTGGTCCATTGCCATTTGCTTT
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CGACATTTTGGCCACATCTTTCTTGTATGGTTCCAAAACTT
TCATCAATCACACCCAAGGTATTCCAGACTTCTTCAAACAA
TCTTTCCCTGAAGGTTTCACTTGGGAAAGAGTCACCACCTA
TGAAGATGGTGGTGTCTTGACTGCTACTCAAGACACATCCT
TACAAGACGGTTGCTTGATCTATAACGTCAAGATTAGAGGT
GTCAACTTCACATCAAACGGTCCTGTCATGCAAAAAAAGAC
ATTGGGTTGGGAAGCTTTCACCGAAACTTTGTATCCTGCCG
ACGGTGGTTTAGAAGGTAGAAACGACATGGCCTTAAAATTG
GTCGGTGGTAGTCACTTGATTGCCAACATCAAAACAACCTA
TAGATCCAAAAAACCTGCCAAAAACTTGAAAATGCCTGGTG
TCTATTATGTCGACTATAGATTGGAAAGAATTAAGGAAGCC
AACAACGAAACTTATGTCGAACAACACGAAGTTGCTGTCGC
CAGATATTGTGACTTGCCTTCAAAATTGGGTCACAAATTGA
ACTAA.

Strains BY4741 WHI5::WHI5-GFP and BY4741 TUB1::TUB1-GFP are from a yeast

collection of ORF-GFP tagged strains as described in [38] and are kind gifts of Dr.

Kristin Baetz.

Table 4.1: Yeast strains

Genotype

BY4741 met15A0::pACT1-BFP/pTEF1-URA3/pRNR3-GFP

Y8205 met15A0
Y8205 met15A0:pACT1-BFP /pTEF1-URA3/pRNR3-GFP

BY4741 ade2:LEU2MX

BY4741 ade2:pGAL10-GFP/LEU2MX

BY4741 met15A0:pACT1-BFP/pTEF1-URA3/pRNR3-GFP HHF1::HHF1-mCherry /pTEF1-KANMX

BY4741 WHI5::WHI5-GFP /pTEF1-KANMX met15A0::pRNR3-BFP/pTEF1-URA3
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4.5.2 Cell culture and drug exposure

Unless otherwise stated, all MMS exposure experiments were performed as follows.
A colony from an agar plate with selective growth medium was used to inoculate 5
ml of synthetic complete (SC) growth medium. After 16 h growth (30°C, 250 rpm
shaking), I pelleted (900 g, 2 min) and washed cells with fresh SC and estimated cell
density by 600 nm light absorbance of a 1/20 diluted culture in a standard cuvette
(Ultrospec 2100 pro, Biochrom, Ltd.). I diluted all samples to the equivalent of 0.125
absorbance units and allowed continued growth with fresh growth medium for 2.5
h (30°C, 250 rpm shaking). After 2.5 h growth, I reduced cell density by half by
adding growth medium containing the 2x of indicated concentration of MMS (Sigma,
cat. no. 129925). Unless otherwise indicated, I generated MMS stocks by diluting
MMS in SC, less than five minutes before we added MMS to cells. For hydroxyurea
(HU) experiments, I generated HU stocks by adding HU powder (Sigma, cat. no.
H8627) to SC less than five minutes before I added HU to cells. For flow cytometric
experiments all cultures were in 15 ml glass or plastic tubes with the exception of
four hour MMS exposure, prior to which I transferred cultures to a polypropylene 96
well 1ml assay block (Corning, cat. no. 3958). For all other experiments, I cultured

cells in 15 ml glass or polypropylene tubes.

Synthetic complete growth medium

Growth medium containing double distilled HyO, 6.7 g/1 yeast nitrogen base without
amino acids (Wisent Inc., cat. no. 800-152) and 2.0 g/l amino acid mix was
autoclaved prior to adding filter sterilized glucose solution in double distilled H,O
(final concentration 2% w/v) and filter sterilized adenine hemisulfate salt solution
in double distilled HoO (final concentration 0.042 g/1). The corresponding final

concentrations of amino acids and nucleobases are: 20 mg/1 of adenine hemisulfate
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salt, 180 mg/l of L-Leucine, and 90 mg/l of each of L-arginine, L-aspartic acid,
L-histidine monohydrochloride monohydrate, L-isoleucine, L-lysine, L.-methionine,
L-phenylalanine, L-threonine, L-tryptophan, L-tyrosine, uracil, L-valine, DL-serine,
glycine sodium salt hydrate, L-glutamic acid monosodium salt hydrate, L-alanine,
L-glutamine, L-asparagine monohydrate, L-proline and L-cysteine hydrochloride
monohydrate. Excepting yeast nitrogen base and double distilled HyO, media

ingredients are from Sigma-Aldrich Co. LLC. having > 98% purity.

4.5.3 Flow cytometric measurements of gene expression

I acquired flow cytometric measurements using a Cyan ADP 9 Analyzer (Beckman
Coulter), equipped with a plate sampler having an automated fluidic system to
generate air-gap-separated well samples for delivery to the flow cytometer [92]
(HyperCyt® System, IntelliCyt Corp). I used HyperView® Analysis Software to
obtain an individual CyAn Summit FCS3.0 file for individual well data [92]. I
analyzed well data using custom MATLAB functions developed by Mads Kaern, as
described in §3.5.7. To obtain cell population gates, I analyzed event data to obtain
a defined percentage of events for each sample that maximized event frequency per
area in a 2D plot of Log pulse height forward scatter versus side scatter (488 nm).
For data shown in Figure 4.2 T applied a 60% gate. For data shown in Figure 4.4B,C I
applied a 50% gate. Within each gated population, I estimated cell blue fluorescence
protein expression as the Log pulse height of 425-475 nm filtered emission with 405
nm excitation, and cell green fluorescence protein expression as the Log pulse height

of 510-550 nm filtered emission with 488 nm excitation.
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4.5.4 Yeast cell protein extraction and immunoblotting

At the end of 4 h MMS treatment or control condition, I measured cell culture
absorbance of 600 nm light (Ultrospec 2100 pro, Biochrom, Ltd.) to estimate cell
density and diluted cultures to obtain equal numbers of cells per sample, equivalent
to six absorbance units. Thereafter, cells were pelleted, washed with ice-chilled
sterile H20, transferred to screw-cap tubes, pelleted to remove supernatant, and
then flash-frozen in liquid nitrogen and stored at -80C. The following steps of the
protocol were conducted by Christine Nwosu and Michael Downey. They lysed thawed
cells and extracted protein using a trichloroacetic acid (TCA) protein precipitation
reaction as described in [138]. Briefly, they resuspended cells in 300 ul 20% TCA
and 100 pl glass beads and lysed cells in suspension using a cell disrupter (Bio Spec
Products Inc.). They transferred supernatant to a fresh tube and added a second
supernatant obtained by washing the beads with 300 ul 5% TCA. They centrifuged
the combined supernatant at 17000 g for 4 min, removed resulting supernatant and
resuspended the protein precipitate in 3xSDS-PAGE loading budder containing 1M
DTT and 1M Tris-HCI. They boiled the suspension for 5 min, and centrifuged to
clarify the sample (17000 g, 4 min). They loaded 10-20 pl of each sample in a lane
on an 8% SDS-PAGE gel with 37.5:1 acrylamide:bisacrylamide (BioRad). They
transferred the gels to a PVDF membrane and soaked the membrane for 1 h in
blocking solution (tris-buffered saline containing 5% milk and 0.1% Tween-20). For
Rad53p immunoblotting, they soaked the membrane overnight at 4°C in blocking
solution containing 1:2000 goat polyclonal IgG epitope mapped to the C-terminus
of S. cerevisiae Rad53p (Santa Cruz Biotechnology, cat. no. sc-6749), and then
for 1 h in blocking solution containing 1:10000 donkey anti-goat IgG conjugated to
horseradish peroxidase (HRP) (Santa Cruz Biotechnology, cat. no. sc-2020). For
Cdch5p immunoblotting, they soaked the membrane overnight at 4°C in blocking
solution containing 1:10000 rabbit anti-Cdc55 (gift from Adam Rudner), and then for
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1 h in blocking solution containing 1:10000 goat anti-rabbit IgG conjugated to HRP
(Bio-Rad Laboratories, Inc., cat. no. 170-6515). They estimated HRP activity from
chemiluminescence using HRP substrate (EMD Millipore, cat. no. WBKLS0500)

and autoradiographic film (UltiDent Scientific, cat. no. 39-20810).

4.5.5 Flow cytometric measurements of DNA content

To obtain DNA content distributions as a function of MMS dose Mila Tepliakova
and I performed 4h MMS exposure experiments with strain NO5 as described above
(§4.5.2). At the end of MMS treatment we transferred a select volume of sample
to a 1.5 ml snap cap centrifuge tube and followed Adam Rudner’s DNA staining
protocol with modification for small volume samples. Briefly, to process a comparable
number of cells per sample, we transferred either 24 ul, 125 ul or 200 ul of sample
to a 1.5 ml tube, depending on MMS concentration of sample. Once transferred,
we pelleted cells and washed with 50 mM NaCitrate buffer (pH 7.4), followed by 1
h incubation at 50°C in 0.25 mg/ml RNase solution in buffer, and 1 h incubation
at 60°C in with proteinase K solution in buffer added to final concentration of 0.25
mg/ml proteinase K (Sigma, cat. no. P4850) and 3 mM CaCl,. Following RNA and
protein degradation, we added propidium iodide (Sigma, cat. no. P4170) solution in
buffer to a final concentration of 0.2 ug/ml and incubated in the dark (30 min, room
temperature). We then sonicated cells and estimated cell distributions of propidium
iodide by flow cytometry. We acquired flow cytometric measurements as described for
gene expression, with the following modifications. Cell propidium iodide fluorescence
was estimated from Log pulse height of 603-623 nm filtered emission with 488 nm
excitation, from within a cell population gate corresponding to 70% of events per

sample.
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4.5.6 Fluorescence-activated cell sorting

A MoFlo Astrios Cell Sorter (Beckman Coulter Inc.) was used to sort cells represen-
tative of each mode from a cell population with bimodal Pryrz — GF' P expression.
Sorting was conducted by Vera A. Tang, Ph.D. of the University of Ottawa Flow
Cytometry and Virometry Core Facility. To sort cells, Vera and I designed combina-
tions of logical gates incorporating all five gates set based on morphology or green
fluorescence (G1-G5). A cell population gate (G1) was defined by Pulse Area of 488
nm forward and side scatter signals. Wide gates corresponding to High (G3) and
low (G2) Gfp subpopulation gates were each set based on Log Pulse Width of green
fluorescence. Narrow gates corresponding to modes of high (G5) and low (G4) Gip
subpopulations were set based on Log Pulse Height of green fluorescence. Green
fluorescence was estimated from 487-529 nm emission signals with 488 nm excitation.
Sorted low Gfp cells were defined as being within gates G1, G2, G4, and not G3 and
G5. Sorted high Gfp cells were defined as being within gates G1, G3 and G5, and not
G2 and G4. Accuracy of the sort was verified by re-measuring the above parameters
of sorted cells. While the sorted subpopulations were slightly wider than G4 and G5,
respectively, the two sorted subpopulations nonetheless had the expected modes and

were non-overlapping in Pulse height of green fluorescence.

4.5.7 Fluorescence microscopy

Before microscopy I increased the density of the culture to optimize number of cells
per field of view. Briefly, I pelleted cells by centrifugation (900 g for 2 min), and
siphoned off most supernatant to resuspend cells in 10-50 pl. I then pipetted 10 ul of
the cell suspension onto a glass slide and acquired brightfield and fluorescence images.

To acquire images I used an Eclipse Ti inverted microscope (Nikon) equipped with an
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Intensilight C-HGFI Mercury Lamp (Nikon), a 60x/1.40 Plan Apo VC Oil Objective
(Nikon), a Cool Snap HQ2 CCD camera (Photometrics), NIS Elements acquisition
software (Version 3.22, Nikon), and the following excitation/emission light filter
cubes: red fluorescence, 510-560 nm excitation and 575-645 nm emission (Chroma
Technology Corp., cat. no. 41002); green fluorescence, 460-500 nm excitation and
510-560 nm emission (Chroma Technology Corp., cat. no. 41001); blue fluorescence,
378-402 nm excitation and 435-485 nm emission (Chroma Technology Corp., cat.
no. 96340). Unless otherwise stated, lamp light intensity setting was ND 2 for non
time-lapse measurements. Time-lapse microscopy experiments were conducted with
the above-described microscope setup and a CellASIC® ONIX Microfluidic system
(EMD Millipore) with CellASIC® ONIX Y04C Microfluidic plate (EMD Millipore)
designed for haploid yeast. Rate of chamber perfusion was set to 2 psi for the duration
of all experiments. Synthetic complete growth medium with and without MMS for
these experiments was as described above (§4.5.2). Prior to loading cells, I primed
chambers of the microfluidics plate by perfusion with SM for a minimum of 15 minutes

at 8 psi.
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In Chapter 2, I developed a gene topology model that reflects the classical rules
of epistasis analysis. The model incorporates a number of modifications needed to
improve applicability of classical rules to quantitative phenotypes. I described how
to develop a method to infer topologies by comparing model-derived expected trait
patterns to experimental genetic interaction data. These advancements are important
because of extensive application of the classical rules in biological research despite

the disagreement of data with classical assumptions.
Advancements to knowledge

1. Deduce assumptions needed for the classical rules to work
2. Formulate new rules to cover additional cases

3. Develop a method enabling automatic pathway inference
The author’s contribution to these advancements was

o Generate experimental data
o Contribute to method development and testing
o For the original manuscript which describes this work [61], contribute to

generation of figures and writing of manuscript

In Chapter 3, I generalized the rules of epistasis analysis to allow inference of any
acyclic topology from quantitative genetic interaction experiments. This general-
ization increases knowledge about how discernible alternative topology models are
for such experiments, both theoretically and in practice. This advance is important
because these data are extensively gathered in biological and clinical research without

thoroughly tested methodologies.

In addition, my analysis of experimental genetic interaction data identifies a gap
in knowledge about transcription regulated by the DNA damage checkpoint (DDC)

pathway, which is inexplicably inactive at the conditions tested.
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Advancements to knowledge

1. Adapt the Battle scheme to enable discrimination among two-gene signal-
responsive pathways

2. Demonstrate the deficiencies of the adapted scoring scheme

3. Create a theoretical framework for equivalence testing

4. Demonstrate predicted limits of topology inference from combinatorial pertur-
bation data

5. Demonstrate the practical limitations of theoretical predictions
The author’s contribution to these advancements was

« Analyze algorithm of Battle et al. [60]

o Contribute to code generation and benchmarking

e Document the limitations of the theoretical analysis and its implications for
the interpretation of experimental data

o Generate experimental data and perform all analyses of experimental data

o Document apparent DDC pathway inactivity at high concentrations of methyl
methanesulfonate (MMS)

To consider the implications of the contributions of Chapter 2 and 3, an important
question is “has a universal method to genetic interaction data analysis been found
and can one be found”? In the Introduction I provided examples of conflicting rules
to interpret genetic interaction data from previous studies wherein the underlying
assumptions were ambiguous. These conflicts and ambiguities set the focus of the
thesis, that is to increase knowledge about the models which underly rules for

interpreting these data.

In Chapter 2, the topology model presented allows one to find that conflicting rules

of interpreting gene order of two previous studies, [43] and [55], can arise from this
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model and set of assumptions about gene topology functions. The appearance of a
conflict was therefore due to the different phenotype calculations performed to make
an interpretation in these two previous studies. These results suggest that a universal

set of assumptions may underly different methods of analysis.

In contrast, in Chapter 3, the model presented differs in assumptions from the model
in Chapter 2, and the derived rules from the two models for interpreting gene order
are in disagreement. By further study, I have found that the rule of Chapter 2 can be
derived from the model of Chapter 3, if the assumptions are modified. This finding
suggests that the assumptions are not universal, and that selection of the wrong
assumption in some cases can result in the wrong conclusion about gene order. The
finding therefore reveals another problem, that of determining when assumptions of
a model are justified in application. For example, if the nature of gene activity is
unknown, is it best to assume gene activity is an arbitrary or Boolean function of the

activities of its upstream genes, or to make no interpretation at all?

The universality of genetic interaction data analysis also relates to the question of
whether one method can be applied to any dataset of any organism. In Chapters
2 and 3, the methods were applied to datasets obtained by experiments with the
unicellular eukaryote S. cerevisiae. In theory, the models used to derive these methods
should be applicable to any model system wherein gene knockout can be achieved by
gene perturbation. Applicability in this case is limited to perturbation technology.
There is, however, a problem in applicability that is beyond the limits of perturbation
technology: the assumption that a gene topology is the same for a given set of genes
in every cell of a multicellular organism. This assumption may be violated often,
either by heterogeneity in gene sequences among cells of an organism by acquired
mutation, or by cell-to-cell differences in gene expression. Further knowledge about
the consequences of these violations on gene topology inference, or how they might

be circumvented would be required to address this problem.
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In Chapter 4, I conduct biochemical, cell division and gene expression assays to
discern possible causes of DDC network inactivity hypothesized in Chapter 3. These
experiments are evidence that cells have an active DDC network and, despite this, are
in states of cycle progression and transcription distinct from those typically reported
under the conditions I test. This advance is important because it identifies a gap in
knowledge of the regulation of cell division progression following DNA damage stress,

which is a determinant of survival in these conditions.
Advancements to knowledge

1. Document non-monotonicity in RNRS3 transcriptional marker in response to
MMS dose

2. Document correlation between cell-cycle phase and this non-monotonic response

3. Demonstrate G2 checkpoint “override”

4. Show phenotypic consequences of cell-cycle phase on cell survival following

MMS treatment
The author’s contribution to these advancements was

e Design, conduct and analyze all experiments

o Interpret the experiments in the context of current literature

Considering the implications of the contributions of Chapter 4, an important question
is “does knowledge of a drug-induced override of a canonical yeast cell division cycle

checkpoint influence other theoretical and clinical investigations”?

In Chapter 4, I provide experimental data supporting that methyl methanesulfonate
(MMS) causes cells to override a DNA damage checkpoint. Addressing whether this
finding has implications for analogous drug treatment of human cells, for example,
would require more information. Such information would include identification

or prediction of cellular nucleophiles that are alkylated in S. cerevisiae following
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MMS treatment, and the differences in MMS reactants in human versus yeast cells,
for example. Notably, Busulfan (1,4-butanediol dimethanesulfonate) is a clinically
relevant antineoplastic drug [139] having two methanesulfonate moieties. Each moitety
is modelled to react, as MMS [133], with cellular nucleophiles by Sy2 reaction [139].
Busulfan therefore may be more relevant to study in establishing the implications of

the present work in a clinical context.

A second part of the question relates to the paradigm of the eukaryotic cell division
cycle. Theoretically, a drug-induced override of a checkpoint, allowing S or G2/M
cells to re-enter a G1-like state, conflicts with the paradigm that cell division cycle
transitions between phases are “irreversible” [140]. Such irreversible transitions
explain how generations of cells have conserved genome and centrosome number.
Because abnormalities in genome copy and centrosome number are common in
cancerous or transformed cells [141], improved understanding of such disease states
may require increasing knowledge about the theoretical and experimental conditions

that allow transitions to be reversible.
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