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ABSTRACT

Canalization captures both cell differentiation processes during development as well as the
reproducibility of traits despite environmental, developmental or genetic noise observed in
wild-type organisms that have been under natural selection. On the one hand, canalization
tends to keep phenotypes reproducible, but on the other hand, it is evident that phenotypic
evolution has taken place in the past. We need to understand the role of canalization in an
evolutionary context, specifically, how canalized traits could evolve. In this thesis, I address
three questions that are related to different aspects of this question.

First, considering highly canalized traits at the molecular level, to what degree do varia-
tions exist that could pass through the sieve of development? What is the extent of pheno-
typic variation within a species? This question has been little studied because the conser-
vation of the expression of these patterning genes across species gave rise to the idea that
little variation could be expected within a species. In Chapter 2, I consider the the expres-
sion of an essential developmental patterning gene, even-skipped. 1 address this question by
observing the expression of this gene in inbred lines derived from natural populations. The
results demonstrate that appreciable expression variation exists within natural populations.
In addition, I was able to characterize the molecular cause for one particular expression
variant.

Second, given a trait that is highly conserved across species, are the same or differ-
ent mechanisms being used to generate the same end phenotype? For a canalized trait
which is conserved across large evolutionary distance, in this case even-skipped expression
in Drosophila melanogaster (D. mel) and the sepsid fly Themira putris (T. put), there is
good evidence that expression is conserved in the face of significant divergence of regulatory
sequence. We address this question using a computational model of transcription to help to
understand the possible mechanism that drives different enhancer expression from two dif-
ferent species. Theoretical analysis indicated that Caudal binding sites had replaced those

for Bicoid in the sepsid enhancer driving stripe 2. In Chapter 3, I test this conclusion by
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constructing embryos that had no Caudal protein and performing a comparative assay of
the expression of even-skipped stripe 2 driven by enhancers from two species. I found the T.
put stripe 2 enhancer reduces its expression much more than the D. mel stripe 2 enhancer
in the cad background, supporting the computational prediction.

Finally, in Chapter 4, I address the general question of how canalization could evolve
using a computational model. I do this by simplifying canalization to a one-step process
of genotype to phenotype map, but capturing its important property—robustness by a pa-
rameter in the model which can be explicitly controlled, either by the experimenter or by a
genetic locus that can itself evolve. Fitness is determined by both individual’s phenotype and
the environment. I found high robustness has the selection advantage over low robustness
populations under a stable environment to which the organism is optimally adapted, while
low robustness has the selection advantage over high robustness ones when adapting to a
new environment. The phenotypic space for high robustness populations is smaller than low
robustness populations. When robustness itself is controlled by a genetic locus such that it
evolves with the phenotype, low robustness is selectively advantageous in a transient manner
immediately after an environmental shift. Shortly thereafter, however, and long before the

population is well adapted, high robustness becomes selectively advantageous.

xii



CHAPTER 1
INTRODUCTION

1.1 From genotype to phenotype

A central question in biology today is to figure out how genotype give rise to phenotype. With
the huge advances in sequencing technologies in the last fifty years [73], genomic sequences
from many species and populations are becoming available [29, 28, 83]. However, relatively
little is known about how those genotype map onto phenotype. There are essentially two
aspects concerning the genotype to phenotype relationship. One is the molecular mechanisms
of how genotype gets translated into phenotype. The whole filed of developmental biology is
devoted to tackle this question by figuring out how the genotype of a zygote gets unfold and
develop into an adult [59]. On the other side of the problem, which is equally important, is
how this process can occur reliably. There are many factors that could potentially disturb
this process—environmental fluctuations, such as temperature; developmental noise, such
as stochastic gene regulation and genetic mutations. Despite of that, most developmental

processes occur reproducibly in every individual within a species.

1.2 Canalization

The idea of canalization was first proposed by C. H. Waddington, which captures both
sides of the genotype to phenotype relationship. He proposed the idea by observing that
there was much smaller phenotypic variation in wild-type organisms that have been under
natural selection compared with mutants [185]. He made the famous analogy of an epigenetic
landscape to describe the developmental process [187], which illustrates the potential to make
different end cell types from a single static genotype. In this epigenetic landscape, a ball
representing the undifferentiated state of a zygote is rolling downhill and ends up in one of

several possible cell types, represented as valleys. The underlying landscape is determined by



the genotype states and gene-gene interactions. During the developmental process, different
end cell types are made quite reliably in the face of environmental, developmental or genetic
perturbations, manifested by the ball ending up in the same valley despite of these noise.
The first mathematical formulation of such epigenetic landscape was proposed by Thom
[180, 181]. He proposed a very general formulation of the dynamical system that evolves
with time, in an attempt to capture the all behaviors of developmental processes. Recently,
a mathematical model which is more coarse-grained but captured the essential biological
structure (Gene regulatory network) has appeared [124, 76]. The network dynamics of gene
expression states which changes over time determine the landscape. The final valleys in the
landscape are the basins of attractors of the dynamical system.

There is considerable evidence indicating that canalization is a universal property of
multi-cellular organisms. We see the reproducibility of many discrete traits, such that hu-
mans almost always have 2 legs, 2 hands, and Drosophila melanogaster always has head, tho-
racic, and abdominal segments from anterior to posterior in wild-type conditions. Drosophila
melanogaster usually have 4 scutellar bristles [149]. Caenorhabditis elegans makes cell lineage
fate decisions predictably from every cell division [174]. In the cases of recessive heterozy-
gous mutants, where one functional gene is present, usually the phenotypic effect is buffered,
which is an extreme case of the buffering effect. Many gene regulatory networks have been
found to be robust as well, showing properties of canalization [114, 103].

In my thesis, I will focus on the second property of canalization, which is robustness, and
explore its relation to evolution.

In this chapter, I will describe some background information for my experimental system
under study. First I will describe the segmentation system of Drosophila melanogaster, in
which the experiments in the thesis are based on. Then I will review the basis of eukaryotic
gene regulation and a computational model of transcription which has been used in the
lab, which will be used for prediction in Chapter 3. A short description of Drosophila

melanogaster even-skipped stripe 2 enhancer is followed. Finally, I will point out the focus



of my thesis study and lay out the subjects of each of the following chapters.

1.3 Drosophila segmentation

Drosophila melanogster embryos, after fertilization, undergo 13 rapid and synchronous nu-
clear divisions over about 3 hours before the onset of gastrulation. At nuclear division 9,
nuclei migrate to the outside, or cortex, of the embryo [43]. This stage is called the syncytial
blastoderm: “syncytial” because the nuclei are not yet separated by cell membranes and
“blastoderm” because of the morphology of a hollow shell. After the 13th nuclear division,
celluarization occurs by membrane invagination. Future body segments are determined dur-
ing the first three hours [163]. The genes that regulate this segmentation process occur in
a hierarchy, and were first discovered by saturation mutagenesis [129, 130, 128, 195]. At
the most upstream of this process are genes whose mRNA transcripts are deposited by the
mother, called maternal genes. Those maternal mRNAs are translated in the scyncitial blas-
toderm, forming broad gradients, which define the anterioposterior or dorsal-ventral axis
of the embryo [1]. Downstream of maternal genes, zygotic gap genes are then turned on,
forming localized broad expression domain. Gap gene mutants usually develop large gap
defects in their segments. Pair-rule genes, mutants of which lose structures with a period-
icity of two segments, refine their expression over the blastoderm period to a characteristic
pattern of seven stripes. Segment polarity genes are the most downstream genes in this hi-
erarchy, in mutants of which segmental structures are deleted with one segment periodicity
and replaced by mirrored image duplications. Another class of genes, the two Hox complex
genes Antennapedia-C and Bithoraz-C, confer identity on specific segments [1]. All the gap
and pair-rule genes, together with their direct maternal regulators are transcription factors
(TFs), which bind directly to DNA and regulate expression.

The detailed formulation of the segmentation is highly complex, but we outline here
some key players that will of great importance to the work described herein. Prior to

fertilization, maternal mRNA of bicoid (bed) is deposited at the anterior tip of the embryo
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by the mother. It is indispensable for forming all the anterior structures [35, 131]. Tts
protein gradient acts as an anterior determinant to activate the expression of downstream
gap genes such as hunchback (hb) [173, 39]. bed also translationally represses posterior
maternal caudal (cad) mRNA [151]. cad is expressed both maternally and zygotically, and
embryos without maternal and zygotic Cad protein exhibit severe shortening and the lost
of abdominal segments [110]. cad was first identified by searching for genes that contain
the homeobox domain [122]. hb also has both maternal and zygotic components. Maternal
hb mRNA is uniformly distributed until nuclear cycle 8, and shortly after form an anterior
to posterior gradient and eventually disappear before the blastoderm stage [177]. Zygotic
hb transcripts are first observed in nuclear cycle 11 [178]. In early cell cycle 14A, hb is
expressed strongly at the anterior half of the embryo, then with a cap of expression at the
posterior pole. Later, expression at the anterior pole and posterior pole recedes. Krippel
(Kr) is expressed in the middle region of the embryo, and its expression overlaps with hb [55].
Giant (Gt) and Kr have mutually exclusive domains, with Kr expressed between the two
Gt expression domains [79]. Similarly, Knirps (Kni) expresses between the two Hb domains.
The regulation of the gap gene network has been explored by a dynamical model, which
indicates that mutual repression from the gap genes is essential to set up their boundaries
[80]. The terminal system is determined independently of the anterior-posterior domain,
being set up by a complex of maternal genes whose final output to the segmentation gene
system is through the zygotic genes tailless and huckebein [193].

Early work on gap gene expression and pair-rule gene expression was not quantitative.
Later, fluorescent immunostaining made it possible to quantify relative mRNA and protein
expression. These quantitative atlas data on gap genes and pair-rule genes includes Flyex
(2D protein data) [145, 95| and VirtualEmbryo (3D RNA data) [46]. For some gap genes, the
RNA and protein expression patterns differ a lot, such as hb. Its mRNA expression in late
cycle 14A in the anterior of the embryo are two stripes [46]; however, its protein expression

contains a broad high level of expression in the anterior half of the embryo with a stripe-like



pattern at the end of its anterior domain.

1.4 General understanding of transcription in eukaryotes

Transcription in eukaryotes is a complex process that requires specific interactions between
proteins and DNAs [133]. As opposed to bacteria and archea, which only have one RNA
polymerase [68], at least three RNA polymerases, I, IT and 111, have been identified in eukary-
otes [30]. These three major RNA polymerases synthesize different categories of molecules:
RNA pol I for ribosomal RNA, Pol II for messenger RNA, and Pol III for transfer RNA.

Pol II is the key polymerase in eukaryotic transcription, and only Pol Il-catalyzed gene
transcription will be further described below. Pol II contains a core with 10 subunits and
peripheral heterodimer of Rpb4/7, which the later is only required for initiation but not
elongation [68]. Pol II can use either DNA or RNA as a template for transcription. AT-rich
DNA sites will hamper transcription, and Pol II can be trapped in transcriptional arrest.
Transcription initiation starts at the core promoter. Pol IT assembles TFIIS as well as TFIID,
TFIIE, TFIIF, TFIIH into an initiation complex at the promoter to form a preinitiation
complex (PIC). Pol II has a unique C-terminal domain (CTD), which contains 25-52bp
heptad repeats YSPTSPS. CTD can recruit regulatory factors for transcription initiation,
elongation and termination [68]. Transcription starts when 11-15bp DNA near the TSS are
melted, and put in the complex in an open position [68]. After transcribing the first 30bp, Pol
IT leaves the core promoter and general factors, and enters transcription elongation. There
are sequence elements found in the core promoters, such as TATA, BRE, Inr and DPE. In
D. melanogaster, about 30% of the mRNA genes have TATA in their core promoters. For
TATA promoters, TATA binding sites are essential for TATA-binding protein (TBP) to bind
in order to initiate transcription. In TATA-less promoters, Inr and DPE motifs are usually
found. TFIID is a big complex that consists of TBP and 14 TBP-associated factors (TAFs).
Though functionally important, TFIID is not required in all promoters.

The genome is not a simple 1D sequence—DNA is wrapped onto histones to form nu-

5



cleosomes and nucleosomes are further folded into chromatin with higher structure. Early
genome-wide studies found that nucleosomes are depleted near promoters [98]. Promoters
of actively transcribed genes are enriched for histone acetylation and methylation. More
recently, high resolution nucleosome mapping has revealed more detailed information [84].
+1 nucleosomes (first nucleosome that is downstream of TSS) pulled genomewide show the
same relative distance to its TSS, and that signal decreases with +2, +3, ... nucleosomes.

It has been shown that many short pieces of DNA in non-coding regions can regulate
mRNA expression [99, 10]. These sequences are called cis-regulatory elements (CRE), in-
cluding enhancers and promoters [197, 133]. In many cases, a minimal DNA element that
can drive gene expression pattern as (or a subset of) the endogenous gene expression inde-
pendent of their position and orientation is called enhancer [166, 8]. Enhancers, which are
bound by transcription factors, interact with the components of the mediator complex or
TFIID to help recruit RNA Pol II to promoters [133]. Some well-studied enhancers include
the Drosophila even-skipped stripe 2 enhancer [166], the sea urchin endo16 enhancer [92],
and the Drosophila shaven-baby enhancer [172]. There are two conceptual models on how
the cis-regulatory information can be integrated—enhanceosome model and billboard model
[169, 8]. The former emphasizes the cooperativity between enhancer-bound proteins. One
example is the response of mammalian S-interferon gene to viral infection [99]. The latter
one assumes a loose logic that each transcription factor contributes to the total gene tran-
scription in a nearly additive way, and same output can be achieved by many configurations
of transcription factors.

Shadow enhancers, which are enhancers showing overlapping expression patterns for the
same gene have been identified in many cases, ensure robust expression pattern [99, 140].
They are also potential targets for evolution to generate novel expression domain [20]. In the
post genomic era, genes are usually shown to be separated by insulator elements to ensure
non-interference to nearby genes [99, 126], and insulator pairing is understood in more detail

in a recent study [50].



Many genomics techniques have been developed to identify protein-DNA interactions,
measure transcription or identify enhancers at the genomic level. ChIP-seq [86] is widely
used to identify genomic binding profile of transcription factors. Open chromatin regions
can be identified using DNase-seq [15], FAIRE-seq or ATAC-seq [16]. RNAseq is widely
used to identify genomic RNA levels. More recently, STARR-seq has been developed to find

putative enhancers genome-wide [6].

1.5 Short description of a transcription model

In order to understand the details of the transcription process, a quantitative model is needed
to explicitly formulate our understanding and to test specific hypotheses. A quantitative
model of transcription developed in the lab has been shown to have very good predictive
power for enhancer expression that has not been trained using the model [81, 91]. The model
has been utilized to model transcription of gene expression in Drosophila segmentation gene
network, where the major transcription factor concentrations over time have been quantified.
The framework of the model is quite general and can be in principal be used for other
eukaryotic transcription systems. This model utilizes the CRE sequence, transcription factor
binding preference and the transcription factor concentrations as input. Predicted mRNA
levels are generated as output, based on a thermodynamic model capturing DNA-protein
interactions and protein-protein interactions. The model first considers transcription factor
binding equilibrium and calculates the fractional occupancy from each transcription factor.
This is usually a reasonable approximation, when the transcription factor binding process
occurs much faster than the transcription itself. Position weight matrices (PWM) are used
in the model to calculate the binding affinity of each binding site. First the fractional
occupancy for all activators are calculated, then short range repression from nearby repressors
on the activators is taken into account. Some other known protein-protein interactions are
considered in the model, such as Bed-Bed cooperation, Bed-Hb co-activation. Finally, the

rate of transcription is calculated to be proportional to the lowering of energy barrier in the
7



model. The model with free parameters is then fit with real experimental data to find a

good fit of parameter set that will then be used for prediction.

1.6 An example of a well-characterized enhancer: even-skipped

stripe 2 enhancer

Drosophila even-skipped (eve) stripe 2 enhancer is one of the most characterized enhancers.
By examining the 5’ sequence upstream of eve, a 1.7kb DNA that drives a stripe 2 and stripe
7 pattern was first discovered by Goto et al. [63] and Harding et al. [70]. Later, by a more
refined deletion study in this region, Small et al. [166] found a minimal DNA sequence of
480bp to be necessary and sufficient to drive stripe 2 expression in D. mel, namely MSE2
(minimal stripe element). This short piece of DNA contain in wvitro footprinted binding
sites of the upstream gap genes [168, 166]. Specifically, there are 5 Bed binding sites, 3 Kr
sites, 4 Gt sites and 1 Hb site. Site-directed mutagenesis in the footprinted binding sites
demonstrated that Bed and Hb activate stripe 2 expression, while Gt and Kr are repressors
for setting up anterior and posterior boarders respectively [166, 7]. Moreover, Bed and Hb
were found to act synergistically to activate stripe 2 expression [168]. A slightly longer piece
of DNA (containing MSE2), which is defined by the sequence between two evolutionary
conserved blocks (Block-A, Block-B), is called S2E (stripe 2 element) [105]. Quantification
by fluorescent in situ hybridization (FISH) of the reporter expression by MSE2 and S2E
show that the expression level of S2E is about 5 times higher than MSE2 (from Kenneth

Barr, paper in review).

1.7 Canalization and evolution

The robustness property of canalization is to restrict the variation in some essential traits
and maintain their reproducibility within a species. On the other hand, when looking at

species that are separated by longer evolutionary history, huge diversity of those traits could
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occur. This indicates that during evolutionary history, those extant canalized traits must
have evolved and in certain lineages these traits are maintained afterwards. This poses
a question of how canalization could evolve. Most studies concerning this question came
from comparative Evo-devo studies, where the goal is to identify changes in the underlying
genetic network in different species which give rise to different end phenotype [153, 179, 96].
However, this does not tell us how the evolutionary processes can lead to this phenomenon.
According to Fisher’s Fundamental Theorem of Natural Selection [41], selection acts on
variance in fitness. If traits are fully canalized, there will be no phenotypic variation, and
no evolution could occur. Therefore it is important to understand the detailed evolutionary

process that leads to the evolution of canalization.

1.8 Outline of the following chapters

In the following three chapters of my thesis (Chapter 2-4), I will address three questions
regarding different aspects of canalization and evolution.

In Chapter 2, I explore the phenotypic variation of a canalized trait at the molecular
level within a species. It is useful to understand at the molecular level, to what degree do
variations exist that could pass through the sieve of development. Phenotypic variations
from natural genetic variations are usually explored for quantitative traits [21, 160, 184],
such as body size, where a distribution of phenotype can be observed. Few studies explore
the variation for canalized traits since usually very few variations have been seen within a
species and usually a conserved pattern is observed across species. For example, there are
4 scutellar bristles in almost all species in the family of Drosophilidae [58, 194]. However,
there are wild-type stocks that produce 5 bristles with not-so-rare probability in Drosophila
melanogaster [149], but a detailed distribution of the scutellar bristle number from natural
populations is lacking. If a deviation occurs in the phenotype, that individual needs to be
at least viable for its phenotype to be seen and selected upon. In that case, whether there is

a buffering mechanism that reduces the phenotypic effect of the initial change is not clear.
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I consider the the expression of an essential developmental patterning gene, even-skipped. 1
address this question by observing the expression of this gene in inbred lines derived from
natural populations. The results demonstrate that appreciable expression variation exists
within natural populations. In addition, I was able to characterize the molecular cause for
one particular expression variant.

In Chapter 3, I explore the mechanistic aspect of canalization, specifically, how a con-
served pattern of gene expression could be regulated by different cis-regulatory configura-
tions from different species. The seven-striped even-skipped expression is conserved in higher
Diptera. The stripe 2 enhancer element from a distantly-related sepsid species Themira putris
(T. put) is able to drive almost identical expression pattern as the Drosophila melanogaster
(D. mel) stripe 2 enhancer when placed into D. mel. On the other hand, there is very little
sequence conservation between the two enhancers, leading to the question of how T. put
stripe 2 enhancer is able to form a stripe. In a collaboration with Dr. Ah-Ram Kim, we
address this question using a computational model of transcription to help to understand
the possible mechanisms. Theoretical analysis indicated in T. put stripe 2 enhancer, Caudal
binding sites had replaced those Bicoid to activate stripe 2 expression. I test this prediction
by constructing embryos that have no Caudal protein and performing a comparative assay
of the expression of even-skipped stripe 2 driven by enhancers from two species.

In Chapter 4, 1 seek to address the general question of canalization and evolution by
a computational model. Since canalization itself is a dynamical process and so as evolu-
tion, it would be difficult to consider both dynamical process at the same time. Therefore,
canalization is simplified to a one-step process of genotype to phenotype map, but the most
important property—robustness is captured by a parameter in the model which can be ex-
plicitly controlled, either by the experimenter or by a genetic locus that can itself evolve.
Fitness is determined by both individual’s phenotype and environment. I first explored the
behaviors of populations with different fixed degrees of robustness under different environ-

mental regimes. I further let robustness to be encoded by a genetic locus, which evolves with
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the phenotype to see the interplay of the rate of evolution in robustness compared with the

evolution in phenotype.
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CHAPTER 2
AN OBSERVATION: NATURAL VARIATION IN
EVEN-SKIPPED GENE EXPRESSION

2.1 Abstract

The evolution of canalized traits is a central question in evolutionary biology.1 Natural
variation in highly conserved traits can provide clues about their evolutionary potential. Here
we investigate natural variation in a conserved trait—even-skipped (eve) expression at the
cellular blastoderm stage of embryonic development in Drosophila melanogaster. Expression
of the pair-rule gene eve was quantitatively measured in three inbred lines derived from a
natural population of D. melanogaster. One line showed marked differences in the spacing,
amplitude and timing of formation of the characteristic seven-striped pattern over a fifty-
minute period prior to the onset of gastrulation. Stripe 5 amplitude and the width of the
interstripe between stripes 4 and 5 were both reduced in this line, while the interstripe
distance between stripes 3 and 4 was increased. Engrailed expression in stage 10 embryos
revealed a statistically significant increase in the length of parasegment 6 and a decrease
in the length of parasegments 8 and 9. These changes are larger than those previously
reported between D. melanogaster and D. pseudoobscura, two species that are thought to
have diverged from a common ancestor over 25 million years ago. This line harbors a rare
448bp deletion in the first intron of knirps (kni). This finding suggested that reduced Kni
levels caused the deviant eve expression, and indeed we observed lower levels of Kni protein
at early cycle 14A in L2 compared to the other two lines. A second of the three lines
displayed an approximately 20% greater level of expression for all seven eve stripes. The
three lines are each viable and fertile, and none display a segmentation defect as adults,
suggesting that early-acting variation in eve expression is ameliorated by developmental

buffering mechanisms acting later in development. Canalization of the segmentation pathway

1. This chapter has been published in Developmental Biology, 2015 [85]
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may reduce the fitness consequences of genetic variation, thus allowing the persistence of

mutations with unexpectedly strong gene expression phenotypes.

In this work, I performed all the experiments as well as image analysis. Michael Ludwig
taught me the techniques to stain Engrailed pattern and dissect Drosophila melanogaster

stage 10 embryos.
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2.2 Introduction

In 1942, Conrad Waddington introduced the idea of canalization, which involves the conser-
vation of phenotype in the presence of extensive genetic and environmental variation [185].
The extent to which genetic variation can be buffered is currently unknown. Moreover, it is
unclear if a canalized trait is maintained over evolution by phenotypically neutral mutations
or a series of small compensatory phenotypic changes [116, 17]. The conservation of gene
expression driven by enhancers from highly diverged species [71, 42, 154, 11, 108] shows that
functional conservation does not require sequence conservation, but these observations shed
little light on the detailed process of evolutionary change which conserved the phenotype.
Trans changes in the above process complicate matters further, and hence have received
little attention. Natural variation acts on extant individuals, and therefore can reveal limits
on developmental constraints and provide clues about the evolutionary potential of a con-
served trait. Here we investigate natural variation in a conserved trait, the formation of
the seven-striped pattern of even-skipped (eve) RNA expression at the blastoderm stage of
embryonic development in Drosophila melanogaster.

eve is one of the most well-characterized genes in D. melanogaster. It is essential for the
formation of segments [129], and while classified as a pair-rule gene, it has the unique property
that null mutations lead to a complete abolition of segments [109]. The segmentation function
of eve is executed in the blastoderm stage of embryonic development. Transcripts can be
reliably detected by cleavage cycle 12 and protein by cleavage cycle 13. After the 13th nuclear
division, protein and RNA expression refine from a single broad domain to a characteristic
pattern of seven transverse stripes [176, 45]. These dynamic changes in expression are a
consequence of the activation of eve expression by broadly distributed maternal factors and
its repression by more localized domains of zygotic gap gene expression [170, 148]. eve is
necessary for the correct initiation of the expression of the segment polarity gene engrailed
(en), which stably demarcates the future parasegmental borders [59].

The seven-stripe pattern of eve before gastrulation is conserved in the suborder Brachyc-
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era [32], albeit with different subcellular localizations in different species [18]. Within the
genus Drosophila, the dynamic pattern of eve expression in D. pseudoobscura is very similar
to that of D. melanogaster despite the fact that these species diverged 25-55 million years
ago [45, 150].

The individual enhancers of eve are very well characterized in terms of function [70, 63,
166, 165, 167, 7, 48, 81, 91]. A 15kb segment of DNA (-6.4kb to +8.6kb of eve) can provide
a normal segmentation phenotype and rescue an eve null mutant to hatching [48, 51]. If the
stripe 2 enhancer is deleted from the construct, eve stripe 2 is greatly reduced in amplitude
with a short parasegment 3 and vestigial En stripe 4, a lethal phenotype [107]. Other stripes
have effects on survival that are marked but less severe. Transforming eve null flies with
the eve locus bearing a deletion of the 446 enhancer results in viable flies missing certain
abdominal segments [51]. The viability of these transformants may be a consequence of
residual 4+6 expression driven from outside the classical enhancer, but it is equally possible
that non-terminal abdominal segments are not absolutely required for viability.

Previous studies on the intraspecific variation of eve expression involved quantitative
measurements of stripe placement but not amplitude in three lines of flies with differing egg
size. eve expression among these lines scaled with egg size, demonstrating that intraspecific
egg size variation can be compensated for by expression variation [104]. This point was
reinforced by an experiment to artificially select for small or large embryos. In this case, the
proportionality of eve stripe spacing to embryo length was not preserved, providing crucial
evidence that eve stripe placement can be variable [121]. In both examples the phenotype
under study was egg size, a complex genetic trait, with its consequences for eve expression a
secondary effect. For this reason, the phenotypic alterations in these lines have not yet been
fully mapped to sequence. In contrast, there exist two well characterized small deletions of
the D. melanogaster eve cis-regulatory region in natural populations, but evidence linking
them to phenotypic changes is ambiguous [136].

In this work we characterize intraspecific variation in eve expression in terms of quanti-
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tative expression level, position, and timing. Our analysis of the three lines, while providing
only a glimpse of the full range of eve phenotypic variation, demonstrates that significant
quantitative variation exists, and can be provisionally assigned to specific changes in se-

quence.
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2.3 Results

2.3.1 The dynamics of eve expression in three D. melanogaster lines

For reasons unrelated to the findings reported here, we examined eve expression in three
lines from the Drosophila Genetic Reference Panel (DGRP) [111]. These were RAL-437
(denoted as L1 in this work), RAL-502 (L2), and RAL-365 (L5). We unexpectedly found
that eve expression from L2 differed from that of the other two lines much more strongly
than the previously reported eve expression differences between D. melanogaster and D.
pseudoobscura [45], motivating the analysis presented here.

Image analysis of eve gene expression was carried out from 2D confocal scans of laterally-
oriented embryos fluorescently stained for nuclei, Eve protein, and eve RNA. These scans
were transformed into quantitative data at cellular resolution by image segmentation. The
embryos were categorized into eight different time classes (T1-T8), each about 6.5 minutes
long during cell cycle 14A [176]. Background staining was removed, and 1D data from
the central 10% of dorso-ventral values was used for the detection of quantitative features
of the expression pattern [82]. The analysis of eve expression in this paper was based on
RNA expression. Protein expression resembles that of RNA with a lag of one time class

(Figure 2.1; 2.2).
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Figure 2.1: eve RNA expression from 3 lines Fluorescent in situ images of eve RNA
expression of the same embryos chosen in Figure 2.3. Anterior is to the left and dorsal is up.

Figure 2.3 and Figure 2.1 show the dynamics of eve RNA expression from typical indi-
vidual embryos at each time class in the three lines during cell cycle 14A. The expression
dynamics of eve in L2 are visibly different from the other two lines. For example, at T3 the
presumptive stripes 4-6 are a single expression domain in L2 while L1 and L5 have already

formed separate stripes. In T4 and T5, when L1 and L5 have formed 7 stripes, there is little
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Figure 2.2: eve protein expression from the 3 lines. Antibody staining for Eve protein
of the same embryos chosen in Figure 2.3.

or no stripe 5 eve expression in L2. By T6, stripe 5 eve expression in L2 rises to the levels
seen in other stripes. Moreover, the 3/4 interstripe is wider in L2 than in the other two lines,

with stripe 3 expressed at higher levels in L2.
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Figure 2.3: 1D eve RNA expression from single embryo in cycle 14 from 3 lines.
Each column shows eve RNA expression in one line (A: L1; B: L2; C: L5). The Arabic number
following the letter represents the corresponding time class, T'1 to T8. Each row shows the eve
1D RNA expression in its time class; for T4 and T7 embryos, both 1D expression (indicated
by ‘a’) and the corresponding RNA fluorescent in situ embryo image (indicated by ‘b’) is
shown. The expression is from 10% stripe from the middle of laterally-oriented embryo after
segmentation and background removal.
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We made a more precise analysis of differences in the eve expression patterns of the
three lines by performing feature detection on the expression patterns. We performed the
analysis on embryos from T4 to T8, because this is the period when reproducible features
of the expression pattern can be characterized [176]. We made pairwise comparisons on
stripe morphology features using the Wilcoxon rank sum test. We performed inference as
to whether gene expression differed with respect to each class of feature as follows. There
are n = mk individual Wilcoxon tests, performed for each class of feature, where m is the
number of such features (e.g., there are 6 interstripes) and k is the number of time classes
they are measured in, which in this application is always 5 (T4-T8). After the tests, we did
Bonferroni correction of n tests given the significance value of 0.05.

We considered three types of features: stripe height, interstripe width and stripe width
(Figure 2.4). Stripe height is measured from the peak of the stripe to the minimum of
the adjacent interstripe [106, 112]. Stripes 2 through 6 have two such height measurements,
corresponding to the two adjacent interstripes; stripes 1 and 7 each has one. The A-P position
at a point where expression was midway between stripe peak and interstripe minimum was
taken to be location of the stripe border. We generated 6 interstripe distances and 7 stripe

width from the 14 border positions.

/) /'y
anterior stripe posterior stripe
height height

\ stripe witdth '\
/,

Figure 2.4: Schematic graph of eve stripe features

interstripe
witdth

We first calculated the absolute stripe height in the three lines (Figure 2.5), and found
that L5 had higher expression overall than the other two lines. The Wilcoxon rank sum

test for pooled L5 stripe height was significantly different from L1 and L2 (in both cases,
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p < 2.2x10716) while L1 and L2 show more modest differences (p = 0.045), which supports
our observation (boxplot shown in Figure 2.6). We also did pairwise Wilcoxon rank sum
tests for the stripe height at each time class and each position (Table 2.1). As expected,
most differences arose from the higher overall expression in L5. Specifically, for stripe 2
(positions 2 and 3 in the table), L5 expresses at a significantly higher level than L1 and L2.
Notwithstanding this fact, the overall pattern of expression in L5 appeared very similar to L1
by visual inspection (Figure 2.5). In order to compare the features for individual stripes more
closely, we normalized stripe height in the three lines by dividing by the mean fluorescence
intensity in that line in a given temporal class to detect changes in specific features. After
normalizing stripe height, as expected, the most significant differences arose from L2 with

respect to L1 and L5 in more specific features (Figure 2.5, Table 2.2).
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Figure 2.5: eve features for 3 lines The figure shows stripe height, normalized stripe
height, interstripe width, and stripe width for the 3 lines. Red denotes L1, blue L2, and
yellow L5. For stripe height, there are two boxes representing each stripe. The one on the
left denotes the anterior half of the stripe and the right denotes the posterior half, except
the first and last, which have only the posterior half of stripe 1 and anterior half of stripe
7. The asterisks mark the significant difference between one line to the other two lines after
Bonferroni correction for each position at each time class (only mark in normalized stripe
height, interstripe width and stripe width). Outliers in boxplot are not shown.
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Figure 2.6: Boxplot of overall stripe height among 3 lines. Boxplot of absolute stripe
height in fluorescence intensity for three lines from T4 to T8. L5 is significantly higher than
L1 and L2 in overall stripe height. The boundary of box is first quartile, median, and third
quartile. The whiskers extend to the most extreme data point which is no more than 1.5
times the interquartile range from the box. Outliers are marked in circles.
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position

time class

p value

lines compared
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2.578690 x 10~8
2.312320 x 1078
1.309975 x 107°
2.312320 x 1078
6.549873 x 1076
5.278690 x 104
7.342234 x 107>
2.654761 x 10™°
1.101335 x 104
4.699030 x 104
5.292265 x 107°
5.292265 x 107°
2.646133 x 107>
2.646133 x 107>
7.938398 x 1074
2.862549 x 104
2.010140 x 10~4
2.712094 x 107°
7.654884 x 1074
2.756877 x 10~4
8.017171 x 1074
2.712094 x 107°
6.611727 x 10~4
4.483716 x 10~ 4
3.988374 x 1077
2.835142 x 1076
2.712094 x 107>
2.835142 x 1076
2.578690 x 1078
4.242361 x 107?
5.565384 x 104
8.505426 x 107°
7.736070 x 10~7
8.484722 x 1079
3.402171 x 107°
5.278578 x 107°
2.586460 x 104
1.984600 x 107°
2.750088 x 10~4

L1 L2
L1 L2
L1 L2
L1 L2
L1 L5
L1 L5
L1 L5
L1 L5
L1 L5
L1 L5
L1 L5
L1 L5
L1 L5
L1 L5
L1 L5
L2 L5
L2 L5
L2 L5
L2 L5
L2 L5
L2 L5
L2 L5
L2 L5
L2 L5
L2 L5
L2 L5
L2 L5
L2 L5
L2 L5
L2 L5
L2 L5
L2 L5
L2 L5
L2 L5
L2 L5
L2 L5
L2 L5
L2 L5
L2 L5

Table 2.1: Significance tests for stripe height The table shows all the significant pairwise
rank sum tests for stripe height after Bonferroni correction. The positions are numbered 1
to 12. ‘1’ indicates the posterior half of stripe 1 height, ‘12’ indicates the anterior half of
stripe 7 height. ‘2-11" denote sequentially anterior and posterior of stripes 2-6 height. Time

class is as indicated.
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position | time class p value lines compared
4 4 2.214837 x 1074 L1L2
8 4 3.094428 x 1077 L1112
8 5 2.312320 x 1078 L1 L2
9 4 1.112189 x 104 L1 L2
9 5 2.312320 x 1078 L1112
4 4 8.731444 x 1075 L2 L5
5 4 6.293035 x 10~4 L2 L5
6 7 5.276619 x 10~4 L2 L5
6 8 5.386770 x 10~° L2 L5
7 8 7.654884 x 10~4 L2 L5
8 4 2.578690 x 10~8 L2 L5
8 5 4.242361 x 1079 L2 L5
9 4 5.278578 x 107° L2 L5
9 5 2.969653 x 1078 L2 L5

Table 2.2: Significance tests for normalized stripe height The table shows all the
significant pairwise rank sum tests for normalized stripe height after Bonferroni correction.
See table 2.1 legend for details about position and time class.

The major result from individual tests of quantitative features (Figure 2.7; Tables 2.2-2.3)
was that L2 has a delay of maturation in stripe 5, with an increase of the 3/4 interstripe width
and a decrease of the 4/5 interstripe width as a consequence. Specifically, for normalized
stripe height, stripe 3 was significantly higher in L2 than L1 or L5 in T4, while stripe 5 was
lower in both T4 and T5 but reached similar levels as the other two by T6. The interstripe
distance between stripes 3 and 4 in L2 was significantly wider in T5-T8, and that between
4 and 5 is narrower at T4 and T8 compared to the other two lines (Figure 2.5). Overall,
the dynamic eve pattern in L1 and L5 resembled that seen in the lab stock Oregon R and
Canton S [176, 45], with that in L2 deviating from this pattern. These results indicate that

eve expression differs among the individual lines.
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position

time class

p value

lines comed
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2.214837 x 10~4
4.448903 x 1074
1.748151 x 106
4.824896 x 107°
1.058453 x 104
1.309975 x 107
5.027652 x 10~4
1.186674 x 103
9.618514 x 1076
4.242361 x 107
2.136629 x 1077
9.671807 x 1076
5.528527 x 10~4
1.761245 x 107
1.293801 x 103
4.483716 x 104
1.275814 x 104
4.844806 x 107°
3.940848 x 1074

L1 L2
L1 L2
L1 L2
L1 L2
L1 L2
L1 L2
L1 L2
L1 L5
L2 L5
L2 L5
L2 L5
L2 L5
L2 L5
L2 L5
L2 L5
L2 L5
L2 L5
L2 L5
L2 L5

Table 2.3: Significance tests for interstripe width The table shows all the significant
pairwise rank sum tests for interstripe width after Bonferroni correction. The ‘position’

ranges from 1 to 6, where ‘1’ represents the 1-2 interstripe and so on.

Previous studies show that egg length varies within species [75, 66, 104, 114, 121]. There-
fore, we measured embryo size for the three lines from confocal-scanned images. Our results
show that embryos from L2 have reduced AP axis length and increased DV axis length com-
pared to the other two lines (Figure 2.8). This change of embryo size in L2 could be related

to the change of eve expression observed in L2, but we did not further address this possible

relationship in this work.
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Figure 2.7: Quantification of normalized stripe height and interstripe width. This
figure is a subset of Figure 2.5. Left to right: normalized stripe 3 height, 3/4 interstripe
width, 4/5 interstripe width and normalized stripe 5 height from T4 to T8. If a feature is
significantly different in two pairwise tests after Bonferroni correction, an asterisk is marked
on top of the shared line for that feature. Two boxes represent each height, the one on the
left shows the anterior height of the stripe, while the right shows the posterior height of the

stripe. Outliers in boxplot are not shown.
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2.3.2  Downstream effect of the eve pattern

We sought to measure the functional effects of these expression differences by assaying ex-
pression of eve’s functional target, en, which is a marker of parasegment boundaries. Stage
10 embryos were stained for En protein (Figure 2.9A), and parasegment length was mea-
sured as the distance between the anterior margins of two successive En stripes, normalized
to the sum of all such lengths. The results of these measurements (Figure 2.9B) showed that
parasegment 6 is significantly longer while parasegments 8 and 9 are shorter in L2 compared

to the two other lines. The alternation of eve stripe widths in L2 thus has specific functional

consequences.

line number
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Figure 2.9: Normalized parasegment lengths
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Figure 2.9: Continued. (A) Images of En expression in parasegments 6-9 of stage 10 dissected
embryos from the three lines, as indicated. The red dots mark the anterior of the En stripes
demarcating the parasegment, These fiducial marks were used to calculate the length of each
parasegment. (B) shows the quantification of the normalized parasegment distance for each
line. Significant differences of one line from the other two are marked with an asterisk on
the boxplot. Outliers in boxplot are not shown.

2.3.83 Cause of altered expression in L2

We next explored the genetic basis of eve expression in L2. Given the marked alterations in
stripe 5 expression, we first compared stripe 5 enhancer sequences [54]. Sequence alignment
(Figure 2.10) revealed 5 SNPs in stripe 5 enhancer among the three lines, one of which is
unique in L5. The remaining four SNPs are shared between L2 and L5 but differ with L1.
Thus, there is no candidate SNP in the L2 stripe 5 enhancer to potentially account for the
aberrant stripe 5 phenotype. For this reason, we consider it unlikely that the SNPs in the

stripe 5 enhancer underlie the observed expression changes in L2.
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Figure 2.10: Alignment of stripe 5 enhancer of the three lines The first row is L1,
second is L2 and third is L5.

In the absence of obvious differences in the stripe 5 enhancer, we checked the full eve
sequence and the coding and flanking 2kb regions of plausible trans-regulators among the
three lines (Table 2.4) for large deletions (30 bp minimum length) that are unique in L2 [88].
By visualizing the alignment in clustalx [97], we found large deletions or missing data in the
DGRP sequences for eve, giant (gt), knirps (kni) and runt. Direct experimental checks by
PCR revealed that of the four putative deletions, only the one in kni is real (Table 2.5). We
used BLAT [89] to map back the sequence and found that the deletion is 448bp in length

and lies at the 5’ end of the first intron of kni (Figure 2.11).
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gene name | chromosome begin end
bed chr3R 2579564 | 2587188
cad chr2L, 20768731 | 20785135
ftz chr3R 2688046 | 2693966
gt chrX 2319146 | 2325000
hairy chr3L 8666859 | 8674353
hb chr3R 4514702 | 4525544
kni chr3L 20683430 | 20689656
Kr chr2R 21112134 | 21120917
odd chr2L, 3602224 | 3608756
paired chr2L, 12080995 | 12087827
runt chrX 20559697 | 20570348
slpt chr2L, 3823675 | 3829099
slp2 chr2L, 3834840 | 3841185
tll chr3R 26676037 | 26682122
eve chr2R 5860288 | 5876667

Table 2.4: Gene list The table shows the genes and their genomic locations used to detect
large deletions or insertions that are present in L2 but absent in L1 and L5. The sequences
are from 2kb upstream and downstream of each protein coding gene (RefSeq track from
UCSC browser on 9.18.2014), except eve, which used 16kb whole-locus sequence.
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TTTTTCTTTTAGTAACAAAAAATAAACAACGAGGGTTTTTGGGGCGACTCCTCCCACTTG
GTTTTTTCGCCGTGTACTTAGACACACACGAATATTCCCCTCATGGCACTAGCCGCATTG
TGGGCCACCGCGAAGCCACCGAAGTGGGTGGCCTCTGCACCACCTAGCTTCTGCCGCTTG
ACTTCCGCATGGGCGGTGGTGGTGTTCGGTGAGTGGGCGGCGGAGTGGGAGGAACTGCTG
CTGCTGGTGGTCAGGCACTCGGCCTCCAGTTGGTAGAACTTCCGGCGCGGAGCCACCTCC
ACTTCTTGATCCTCGGAGCCGCTGTCGTTGAAGCTGTGCACGGAGCTCCGCGAGGTCTTC
ATGCTCAGATCCATGGGTCCTTCTTGAGCGGAAACGGTGGGAGGATGCACTGGTACAACG
CTGGTGGTTTCGCCGCCAATGGAGCAAACCGAAACGGGCGACAAGCTCTGCATCTTGGCC
GCAAAACTCAGCGGGCTGCTGCTAGTCGGAGTGGTTGGCGTGGCTCGGATGGCAATGGGA
TGCAGGAGGCTTGCGGACGACTGATGGCTGTGCACGGAGTGAACATCCTCCTCCAGGCAG
ACATCGATGGGCGACTGGCGGGCCGAGGAGGTGGGCTGCACCACTGGTGGCTGGCTGGCG
GGACTAAAGCGGTTCTGCGACTCAACGGAATCCACGCTCTGGCGGTGCTTGTACATCTCC
TGCCGGTAAGCGGCATCGGCAGCAGAAGCCGCTGCAGCGGCAGCACTTGCATGGTAGCCT
GGGAAGAGGAGGTGTGGGGGCAGCTGGAAGGGCGACTGGTGCGGTACACCGCCCATCATG
CTGAAGAACGGCAGGGCGGCGGATGGGTCGGACAGATAGCTGGGATAGCCCAGCAGAGGC
ATATGTGGATGACGCGGCACCTGCTGCTGCTGCTGCTGCTGATGATGGTGGTGCAAATGG
GCGGCCATGTCCCCAAATCCGGGAGTGTGTGTCGAGCCCACCGGGGAAGAGGCCGACGGG
GCACCACCCACCGATACGCCACCCGCTAATGGAGGCGCCTTGCCCGCCGCTGCGGCGGCC
TGTTCGTGCTCCTGCAGCAGACAATGGATCTTGAACCAGTTGGAGCGACGTCCGTAGCGG
GATCCCCCCTTCGACATGCCCACGTTGTAGCACTTCCTCAAGCGGCACGCCTTGCAGGTG
GTGCGGTTCTTCTTGTCGATGATGCACTTGCCCTCGTTCTTGCACTCGCTGATGGTGCTG
ATGTTGTTGTAAGAGCGGCCAAAGAAGGACTGCAATGGCGAAGGGAAGGACGAATGTGGC
TTAGTTATGTGGTATGCAACTGATTAGCAAAAGAAGAGCAGAAATTCATTCAAGAACTTA
AGGCCAATGGTACAACGATTTGAATCGCCGATGGCCTGTTCCTCGAACATTTCTAAAACT
AACCCCTTGGGGGGTTACGTTCTGCTAATTTATTTGTCAATGGATTTCTTGAGACACAAC
TTACCTTGCAGCCCTCGCAGGTGAAGGCGCCAAAATGGAAGCCCGCCGCCGGCTCACCGC
ACACTTTGCATGTCTGGTTCATCTGGAAGATTGTAAAGAAATCCCGCGTTAGTAAGGGTT
TAATCCACTGGTCGAGAGGTATATGTGTAATCCACAAGTAGGCGAACGGCTCTGGACACT
AACCAAGTTGAACACCATTTTGGAATGATATTTGTTGGAATTTTGAATGCTTTTCTCACG
ATCGCTGTGAGGATCTGCTGTATGATCTGTTCGCTTGGAATGCTGCTGAGCAACTGATGC
TGAGCTCTAGGCGGGCCAGGATATATATAGGAAACTGGGAAAAACTAGACAGGTCTCGCT
CAGAACTTACCTTTTTGCTTTTTTTTGTTGGATGGGCACTAGGTTTATGACGACTTTTTA
ATTGCAGCGATTCGCGATCGTTGCTGCACG

Table 2.5: Confirming L2 sequence expanding deletion in kni using PCR
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Figure 2.11: BLAT of L2 showing a deletion in the intron of kn:

Several lines of evidence suggest that the deletion in the kne¢ intron in L2 could be the
cause of the altered eve expression. First, in kni mutants, only eve stripes 4-6 are abolished,
while stripes 1-3 and 7 are present in TH-TS8 at the protein level, although their amplitude is
reduced [175, Figure 1]. Second, in kni mutant embryos stripe 3 has a larger amplitude than
other stripes. Finally, in kni heterozygotes, stripe 5 is completely absent until T but reaches
a level close to wild-type level by the onset of gastrulation [47, Figure 5d], [175, Figure S7].
L2 has altered expression in a subset of the stripe 4-6 region, increased amplitude of stripe
3 expression early, and a reduction in stripe 5 expression before T6, similar to that seen in
kni/+. The deletion in L2 comprises 30% of the kni_+1 enhancer, which drives expression
in both the head and putative abdomen [158]. The L2 deletion also removes sequences in
the kni proximal shadow enhancer [140]. These observations led us to predict that Kni
expression would be reduced in L2.

We tested our prediction by performing antibody staining of Kni in two independent
experiments: L1 versus L2 and L2 versus L5. In each of these experiments, we compared
embryos in early (T2-T3), middle (T4-T6), and late (T7-T8) cleavage cycle 14A. In early
cleavage cycle 14A Kni expression is consistently lower in L2 than either L1 or L5 (Wilcoxon
rank sum test of peak height between 45% — 80% AP position gives p = 0.0001 for L1
versus L2, and p = 1.8 x 107% for L2 versus L5; see Figure 2.12). In mid to late cycle
14A, L2 and L5 show indistinguishable levels of Kni expression, but L1 gives slightly higher
expression than the other two lines. There exist multiple lines of evidence that the time

of formation of eve stripes is determined by rising levels of repressive gap gene products
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[170, 166, 148, 48, 81, 176], and hence it is extremely likely that the kni deletion in L2 is

responsible for the eve phenotype we observe.

Early Cycle 14A Mid Cycle 14A Late Cycle 14A

— L1
F — L2

1.5

<l nLy=14] | n(L1) =21
n(L2) = 12 n(L2) = 24

0.5

Fluorescent intensity (x10%)

0 20 40 60 80 100 0 20 40 60 80 100 0 20 40 60 80 100
Percent egg length

Figure 2.12: Knirps expression in three lines. Average 1D Kni protein expression in
three lines determined by two antibody staining experiments: L1 versus L2 and L2 versus L5
(upper and lower panel respectively). Expression from the middle 10% of D-V coordinates
of laterally oriented embryos is shown. The early cycle 14A temporal class comprises T2
and T3, the mid cycle 14A temporal class comprises T4, T5 and T6, and the late cycle 14A
temporal class comprises T7 and T8. Axes are as labeled; the numbers of embryos imaged
in each time class are shown.

Only L2 bears this deletion among the DGRP collection of approximately 200 lines.
In the core DPGP2 lines [143], which consist of lines originating from African and a few
European populations, the full deletion is absent, although two small deletions (7-8 bp each)
segregate in these populations. The 448bp deletion in L2 may, therefore, be a low frequency

variant with limited geographic range.
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2.4 Materials and Methods

2.4.1 Fly culture, embryo collection and fization

Flies were grown and embryos were collected at 25° C. For eve in situ hybridization and
antibody staining, embryos were collected after 1.5 hours, and aged for another 2 hours.
Fixation was performed as described [94] with a fixation time of 25 minutes. En antibody

staining was performed on embryos aged for 8 hours and fixed for 10 minutes.

2.4.2  Fluorescent in situ hybridization and antibody staining

Fluorescent in situ hybridization followed the published protocol [94]. FITC-labeled eve
antisense RNA probe was generated from p48-X1.4 [109] using SP6 polymerase. Follow-
ing hybridization, embryos were incubated with rabbit anti-FITC (1:1000) and Guinea Pig
(1:1000) anti-Eve antibody [9]. After washing, embryos were incubated in Alexa Fluor 647
Goat Anti-Rabbit IgG (Life Technologies, 1:1000) and Alexa Fluor 555 Goat Anti-Guinea
Pig IgG (Life Technologies, 1:1000). Nuclei were stained with DAPI (Life Technologies Cat.
No. P36935). En protein is stained with mouse MAb 4D9 antibody (1:3) followed by Goat
Anti-Mouse IgG-HRP (1:300) [138]. For Kni staining, embryos were incubated with anti-
Kni Guinea Pig antibody (1:1000), followed by Alexa Fluor 555 Goat Anti-Guinea Pig IgG
(1:1000) and anti-Eve Rabbit (1:2000) followed by Alexa Fluor 647 Goat Anti-Rabbit IgG
(1:1000).

2.4.8 Imaging

Fluorescence data was acquired on a Leica SP5 confocal microscope. Gain was set to produce
several saturated pixels after averaging, and offset was set so that approximately half of the
background pixels outside the embryo displayed zero intensity and half non-zero intensity.
This procedure was carried out with the 5 brightest embryos for each line, and the setting

for the brightest line was used to standardize all data collection. Images were taken from
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the surface of lateral embryos, using a 20X apo objective (HC PL APO 20x/0.70NA lens
[dry]). The images for eve are 12 bits per pixel and have 8 line averages. Note that 12 bit
images are converted to 16 bit during processing, so that the fluorescent intensity is of 16
bit range. Five z-sections of 0.5 um each were acquired for laterally-oriented embryos. From
these 5 z-sections, the three that best traverse the layer of blastoderm nuclei that is close to
cover slide were selected for further processing. A DIC image of the middle of the embryo
was acquired to visualize membrane invagination to aid in time classification. Images for
Kni staining were acquired under the same microscope, with 8 bit depth (converted to 16
bit showing in graph), two z-sections which are 1um apart.

Images of En staining were acquired using Zeiss Axioskop light microscope.

2.4.4 Time classification

Time classification of younger (T1-T3) embryos was performed by inspection of protein
expression patterns as described [176]. Older (T4-T8) embryos were categorized by the
degree of cell membrane invagination. We noticed the membrane at the ventral side is more
mature than the dorsal side, and we based on our membrane invagination on the ventral
side membrane. The time classification by membrane invagination is quite robust, while
the early patterns are not as reliable. For T1-T3 embryos, we noticed that characteristic
stages of the RNA pattern occur about one time class earlier than the same stage of the
protein pattern. This fact was useful in the classification of the altered patterns seen in some
lines. T1 embryos could always be unambiguously classified by protein pattern. The RNA
patterns of these embryos were indicative of the expected T2 protein pattern of a particular
line. Continuation of this procedure provided consistent and reliable temporal classification

for all lines.
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2.4.5 Feature detection

For observations of eve and Kni expression, segmentation, background removal, and the
extraction of data from the central 10% of dorso-ventral positional values were performed
as described [176]. Embryos stained for Kni were registered using Eve stripes as described
[176]. For investigations of eve expression, cubic splines were used to detect extrema and
borders of the stripes for time class T4 to T8, when all seven eve stripes are detectable [106].
A border is defined to be the position with expression midway between that of a stripe peak
and interstripe. Fach stripe, except 1 and 7, has an anterior and posterior height defined by
the difference between expression at the stripe peak and the adjacent interstripe. The width
of a stripe was taken to be the distance between its borders in percent egg length (% EL),
with 0% at the anterior pole. A small number of embryos that were detected to have fewer
or more than the full set of 13 extrema were included in the analysis after manual addition
or removal of extraneous features. The number of embryos collected for each time class is

summarized in Table 2.6.

T4 | T5 | T6 | T7 | T8
L1 _original 24 | 12 | 14 | 10 | 13
L1_OK_orientation | 15 | 12 | 10 | 9 | 12
L1_final 15 (12 10| 9 8
L2_original 19119 | 14 | 13 | 15
L2_OK_orientation | 18 | 19 | 13 | 13 | 13
L2_final 14|18 | 13 | 13 | 11
L5_original 16 | 14 | 15 | 18 | 12
L5_OK_orientation | 15 | 14 | 15 | 14 | 11
L5_final 15|14 | 15 | 14 | 11

Table 2.6: Number of embryos collected for each line There are three numbers indi-
cated for each line. The label ending with “original” denotes the total number of embryos
imaged at the confocal microscope. The label ending with “OK _orientation” denotes those
embryos which have approximately lateral orientation and were analyzed further. The label
ending with “final” denotes the number of embryos used in feature detection for extrema
and borders. Only T4 to T8 embryos were used. This number includes manually recovered
embryos that have more than or less than the normal number of extrema.

39



2.4.6 Measurement of En parasegments

Points were marked at the midline of the anterior of each En stripe using imageJ [157] (See
the red dots in Figure 2.9A), and parasegment lengths were measured between these points.
The normalized parasegment length was taken to be the length of each parasegment divided

by the sum of length from all the parasegments in that embryo.

2.4.7 Measurement of embryo size

In the data processing step, we generate an outline of the entire embryo with the length in
pixels of the major and minor axes. These are converted to microns using metadata from

confocal imaging.

2.4.8 PCR primers

For validation of deletions for

eve: forward:GGTCGCTTGGAGAAGGAGTT reverse: CACACCCAGTCCGGTATAGC
gt: forward: TGGCACAAGAGCTCGATGTT reverse: TAAATGCAGGGGGTTCCGAC
kni: forward: CCTAAGTGTGAGCGAGCACA reverse: TGAGAAAACGTGCAGCAACG

runt: forward:ACATGACCTACGGCTATGCG reverse: TAATTTTTGCCCGCTTGCCG
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2.5 Discussion

The three lines displayed three distinct eve stripe expression patterns. This variability was
large enough to depart from the evolutionarily conserved reference pattern. The overall
higher expression of eve in L5 could be caused by genetic variants controlling overall eve
expression. In cus, these might involve variants in the eve autoregularoty elements or some
unknown chromatin regulation mechanism at the whole-locus level. In trans, the cause could
be the consequence of expression level changes of other genes in the network. In the absence of
a clear genomic signature, further experimentation will be required to elucidate the cause of
increased expression. In addition to the higher overall expression of eve in L5, we observed in
L2 the absence of eve stripe 5 formation at T4, the time at which stripe 5 typically becomes
visible [176]. Although the seven-stripe pattern is restored in the blastoderm embryo by
T6, alternations in interstripe distances persist well into gastrulation. These differences are
consistent from embryo to embryo, and are supported by relatively conservative statistical
methods that do not assume normality and take into account multiple pairwise tests of
significance. The unusual early eve expression pattern has measurable consequences later
in the pattern formation cascade, as evidenced by a significant change in the spacing of En
stripes. The altered pattern of eve expression in L2 strongly resembles that seen in a kni
heterozygote [175], and we found that this line bears a 448 bp deletion in its kni intron, which
removes part of the kni_+1 enhancer. This mutation appears to be rare in D. melanogaster,
as it is not present in any other DGRP line, nor in any DPGP2 line, the majority of which
are African lines representing the ancestral range of that species.

We predicted this deletion would lead to reduced kni expression, and verified this pre-
diction by quantitative measurement of Kni expression. These observations strongly suggest
the contribution of the trans background to eve stripe variation.

Odd numbered en stripes are expressed at the anterior margin of eve stripes, while the
even numbered stripes are expressed at the anterior margins of ftz stripes [77]. The expansion

of the 3/4 eve interstripe leads to an increase of the distance between en stripes 6 and 7.
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The position of en stripe 6 relative to 5 and 7 depends on ftz expression [77, 49] and may
indicate that ftz stripes are also altered in L2. Similarly, the reduction in the length of the
eve 4/5 early interstripe causes a decrease in the total distance between the eve-dependent
en stripes 7 and 9. The effect of the reduction of stripe 5 expression on parasegment 9
(the distance between en stripes 9 and 10) is reminiscent of that seen in enhancer deletions,
but much milder [51]. This effect is also consistent with observations of ftz expression in
kni heterozygotes [22, Figure 3F]. In these embryos, ftz stripes 4 and 5 are markedly closer,
consistent with reduction in distance between en stripes 8 and 10, while the distance between
ftz stripes 3 and 4 increases, implying an increase of distance between en stripes 6 and 8.
In kni and Kr heterozygotes, altered gap and pair-rule expression are largely corrected
by gastrulation [175]. In L2 we did observe an En expression phenotype attributable to
eve misexpression, but adults do not display any obvious phenotypic defect, and the line
is viable and fertile. In bicoid copy number variants, the expansion of the head region in
flies with extra bicoid copies is corrected by differential cell apoptosis [19, 125]. Multiple
layers of canalization may buffer misexpression of early genes in the segmentation pathway,
making variations more common than previously suspected based on the strong evolutionarily
conservation of the pathway. Canalization theory predicts such variation in strongly buffered

pathways [119].

2.5.1 FEvolutionary Implications

The most surprising result reported here is that phenotypic variation in eve expression within
D. melanogaster is of larger magnitude than previously-reported inter-species variation be-
tween D. melanogaster and D. pseudoobsecura. We believe eve expression is under relatively
strong stabilizing selection, and therefore it is generally conserved across relatively large evo-
lutionary distance. However, the large variation within species indicates that conservation
is not complete, and that there is a large potential for expression to change. There must
be limits to natural variation, however, and the fact that the kni deletion is a rare variant
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suggests that it is deleterious in nature. The similarity of the L2 eve phenotype to that of
kni heterozygote mutant embryos, which are viable, suggests that the permissive threshold
may be around half of wild-type expression. In natural populations, the kni deletion variant
will be present almost entirely in heterozygotes because it is rare, and we expect that the
phenotypic effect in heterozygotes will be subtler than the homozygous effects measured in
L2.

Examples of cis and trans coevolution are pervasive [12, 61, 107], and binding sites
turnover, rearrangement, and change of spacing within enhancers is rampant for phenotyp-
ically conserved traits. Both may be manifestations of compensatory evolution. There are
also examples of developmental system drift [183], in which the underlying genetic network
changes over evolutionary time while maintaining a specific phenotype. However, no detailed
mechanism has been proposed for that phenomenon. Our work suggests that canalization
of mutant phenotypes compresses the width of their phenotypic distribution. This reduces
the consequences of genetic variance, allowing otherwise dramatic mutations, such as the
partial loss of the kni_+1 enhancer, to segregate in natural populations for a long enough
time without being eliminated by selection to allow other compensatory mutations to occur.
A computational model of enhancer evolution under stabilizing selection [17] predicts rapid
turnover of binding sites, and in many cases deleterious mutations persist before positive se-
lection takes place. Buffering mechanisms will greatly reduce the fitness cost of a deleterious
mutation, and therefore greatly increase the rate of compensatory evolution [36]. Canaliza-
tion, compensatory evolution, and developmental system drift may be multiple consequences
of stabilizing selection acting to maintain the fidelity of developmental processes.

Variation in spatio-temporal patterns of gene expression in conserved developmental sys-
tems, as described in this work, is likely to be widespread as a consequence of buffering
mechanisms that mitigate their developmental consequences on adult fitness. We note that
strongly deleterious mutations, though rare in their individual frequency, are numerically

abundant (though absent in the inbred DGRP lines). The kni deletion mutant may be an
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example of a non-lethal deleterious allele exhibiting a dramatic molecular phenotype. Dele-
terious mutations with molecular phenotypes are expected to be much more common in
natural populations than in the DGRP lines. We might also anticipate finding some of these
variants to be common in populations if they co-occur with compensatory mutations. The
continued development of models of transcription, such as [91], will be useful for predicting

the effects of natural variation on gene expression.
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CHAPTER 3
TESTING A MECHANISM PREDICTED BY A
THEORETICAL MODEL: EFFECT OF CAUDAL ON SEPSID
EVE STRIPE 2 ENHANCER

3.1 Abstract

Drosophila melanogaster (D. mel) eve stripe 2 enhancer (S2E) is one of the most well-
characterized enhancers. Bicoid (Bed) and Hunchback (Hb) act as activators to drive D. mel
stripe 2 expression. Sepsid flies, which are about twice divergent as the distance from D.
mel to the most distantly-related Drosophila species, whose stripe 2 enhancers are able to
drive stereotypical expression in D. mel. Despite of the conservation in expression pattern,
little sequence conservation is found in the enhancer sequences. To understand how these
divergent enhancer sequences are able to drive similar expression patterns, we sought to use
a computational model of transcription in the lab to understand possible mechanisms. For
one sepsid species, Themira putris (T. put), it is predicted its stripe 2 enhancer is activated
by Caudal (Cad) by the computational model, rather than Bed when driving expression in
D. mel. We then set out to test this hypothesis by comparing the expression of the S2E
from both D. mel and T. put in both wild-type and cad mutant backgrounds. Enzymatic in
situ hybridization shows T. put S2E reduces expression much more than D. mel S2E, which

provides support to the n silico prediction.

This chapter is in collaboration with Dr. Ah-Ram Kim. Ah-Ram initiated the project
by doing all the computational model predictions (Figure 3.2, Figure 3.3, Figure 3.4). 1

performed all the experiments to test the role of Cad in activating the two enhancers that

will be described below.
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3.2 Introduction

Drosophila melanogaster (D. mel) eve stripe 2 enhancer is one of the most well-characterized
enhancers [166, 7]. Bicoid (Bed) and Hunchback (Hb) act as activators to drive D. mel stripe
2 expression [166]. Mutagenesis in footprinted binding sites within eve stripe 2 enhancer
show that stripe 2 expression is sensitive to mutations in binding sites, such that mutations
that delete Bed-1 and Hb-3 sites abolish eve stripe 2 expression [166]. On the other hand,
eve stripe 2 enhancers from other Drosophila species have many sequence changes (binding
sites turnover); however, they can still drive a nearly identical expression pattern in D.
mel [107]. Spatio-temporal expression of endogenous eve expression is also similar, if not
identical, across these species [107]. Despite these obvious functional constraints on eve
expression, binding sites turnover between species suggests that enhancers may utilize some
“loose grammar” that generate similar outputs from different inputs.

Sepsid flies, which are about twice divergent as the distance from D. mel to the most
distantly-related Drosophila species, whose stripe 2 enhancers are able to drive stereotypical
expression in D. mel [71]. Sequence conservation falls off rapidly when moving away in the
phylogenetic tree. 92% of binding sites in D. mel eve stripe 2 enhancer are conserved in
the monophylogenetic melanogaster species subgroup that include eight close relatives of D.
mel, whereas only 29% are conserved to virilis-repleta clade. Astonishingly, at most only 5%
conservation of binding sites is observed for pair-wise comparison of D. mel versus sepsid
flies [71]. Another way to visualize the conservation/divergence of sequences is through
alignment of binding sites. Figure 3.1 shows the alignment of binding sites within eve stripe
2 enhancer from 12 species, including 6 Drosophila species and 6 sepsid species [71]. There
are several clusters of conserved binding sites in Drosophila species, including three Bed-Kr
clusters and one Slpl-Gt cluster. However, this pattern is not observed in sepsid species.
The only conservation in both Drosophila and sepsid species is one Bed-Kr cluster at 5.
Another conserved cluster in sepsid species but not in Drosophila species is at 3’, containing

several Slpl binding sites. Note that this alignment ignores the actual length of enhancers
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by ignoring the space between binding sites, thereby maximizing possible alignment between
the binding sites. For example, the stripe 2 enhancer from D. mel is around 500bp, while the
stripe 2 enhancer in 7T. put is around 1700bp. The total alignment in Figure 3.1 is 3600bp.
For this reason, even the few “aligned” binding sites may not be orthologous (and thus
conserved) but instead may have been lost and subsequently reestabilishes in the enhancer.

Stripe 2
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Figure 3.1: Binding sites alignment in S2E across species [originally from [71](Fig.
6)] Predicted binding site alignment of five known transcription factors in S2E from 12
species, including 6 Drosophila species and 6 sepsid species. The height of each binding
sites indicates predicted binding affinity. The top gray panel shows all the experimentally
validated footprinted binding sites. Conserved binding sites are shown in solid boxes, except

one Bed-Kr binding site cluster which has been conserved for all these species are marked
with a dashed box.
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3.3 Results

3.3.1 In silico model predicts the role of Cad in activating sepsid eve stripe

2 enhancer

In order to understand how sepsid S2E enhancers are able to drive stripe 2 expression in
D. mel, a computational model of transcription was used to examine the detailed mecha-
nism predicted in the model [91] (shortly described in Section 1.5). This specific model is
trained on gene expression from several enhancer-reporter constructs from D. mel and shows
good predictive power for enhancer expression from other Drosophila species in D. mel back-
ground. Using the fit parameters from this model, the analysis calculates binding sites that
contribute to top 80% to activation in stripe 2 expression at a specific anteroposterior po-
sition. This analysis is referred to as Highly active sites Of TFBSs (HOT) analysis. HOT
analysis was first performed on D. mel S2E. Figure 3.2A shows all the predicted binding sites
in D. mel eve stripe 2 enhancer (S2E) and Figure 3.2B shows the binding sites after HOT
analysis at 38% egg length (anterior border for eve stripe 2 expression; 0% being anterior
tip). The number of binding sites reduces drastically with this analysis, and the binding sites
contributing to activation are clustered, which is consistent with our current knowledge of
enhancers. Clustering of binding site has been used successfully as a criterion in algorithms
to predict enhancers in noncoding DNA [62, 115, 13]. According to the model, the activation
of stripe 2 eve comes from two Hb binding site clusters—Hb-3 and Hb-2 (Figure 3.2C, D);
the contribution of Bed to activation in S2E is mostly through Bed co-activation of Hb-3.
Core binding sites structures from 4 Drosophila species and 2 sepsid species were analyzed
the same way using HOT analysis for comparison, including D. mel, Drosophila yakuba (D.
yak), Drosophila erecta (D. ere), Drosophila pseudoobsecura (D. pse), Sepsis cynipsea (S.
cyn) and Themira putris (T. put). HOT binding sites are stacked for comparison by aligning
to the putative Hb-3 site, which is present in all of the species. Only HOT activators
are shown in Figure 3.3. There is a clear pattern for S2E in the four Drosophila species:
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Figure 3.2: HOT analysis for D. mel S2E [modified from Ah-Ram Kim thesis] A.
All of the predicted binding sites for D. mel S2E using a model of transcription described
in [91]. DNA sequence is represented as a solid line in the middle. Red box shows the
position of minimal stripe 2 enhancer (MSE2). Binding sites above this line are activators,
while below the line are repressors. B. Binding sites after HOT analysis at 38% egg length
(0% being the anterior tip). B-D. Two Hb functional clusters that contributes to > 80%
activation of D. mel eve stripe 2 expression using HOT analysis. C. Hb-3 cluster. D. Hb-2
cluster.

conservation of the two Hb clusters that are essential in activating D. mel, despite changes
in spacing and gain/loss of Bed binding sites.

Strikingly, this pattern changes dramatically in the sepsids. Bed binding site number
reduces dramatically in T. put, with only one HOT Bed binding site compared to 5 in D.
mel. Since Bed is essential in activating stripe 2 expression in D. mel, this poses a question

of how sepsid stripe 2 enhancers are activated.
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Figure 3.3: Core binding site alignment for activators in S2E from different
species. [from Ah-Ram Kim thesis] Comparison of binding sites after HOT analy-
sis for 4 Drosophila species (D. mel, D. yak, D. ere and D. pse)and 2 sepsid species (S. cyn,
T. put). Binding sites are stacked by aligning to the putative Hb-3 binding site. The color
notation of binding sites are the same as in Figure 3.2. Arrowhead show the gain of Cad
binding sites after HOT analysis in S. cyn and 7. put stripe 2 enhancers.

HOT analysis identified Cad binding sites, present in sepsid but not Drosophila sequences,
in the same region in both S. cyn and T. put (Figure 3.3). Specifically, the model uses Cad
as co-activator for Hb to activate stripe 2 expression in the sepsid S2E. This striking finding
that Cad binding contributes to stripe 2 expression in the sepsid S2E is the basis for the
hypothesis, tested here, that Cad has an activating role in the sepsid stripe 2 enhancer.

We first conducted in silico experiments to ask whether Cad is required to activate
sepsid stripe 2 expression. Figure 3.4 shows the predicted expression driven by D. mel,
S. cyn and T. put S2E in wild-type, removing all Cad binding sites or removing all Bed
binding sites. In the wild-type background, the model correctly predicts stripe 2 expression
for all three enhancers, with some posterior shift for S. cyn and T. put enhancers, similar
to a previous experimental report [71]. Cad is not an activator for D. mel S2E, and as
expected, D. mel S2E drives stripe 2 expression in the absence of all Cad binding sites. One
previous experiment also supports this view: endogenous eve stripe 2 is strongly expressed

in cad™®+2¥9 mutants [132]. However, both S. c¢yn and T. put abolish expression when
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Cad binding sites are removed, confirming the HOT analysis that the sepsid S2E is Cad-

dependent.
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Figure 3.4: In silico experiments for D. mel, S. cyn, T. put S2E in wild type,
removing all Cad binding sites or removing all Bcd binding sites. [from Ah-Ram
Kim thesis| A-C: Wild-type expression of D. mel, S. cyn, T. put S2E predicted using a
model of transcription [91]. D-F: Predicted D. mel, S. cyn, T. put S2E expression when
all Cad binding sites are deleted. G-H: Predicted D. mel, S. cyn, T. put S2E expression
when all Bed binding sites are deleted. Arrows show the cases in which stripe 2 expression
is abolished.

It is well known that D. mel S2E will not express a stripe when Bed binding sites are
removed in vivo [166], which our in silico model confirms. For, S. cyn, the model also
predicts loss of expression when Bed binding sites. For T. put, however, stripe 2 expression
is not abolished in with all Bed binding sites removed.

The in silico experiments, therefore indicate that sepsid S2E may utilize Cad as an
activator or coactivator, this despite the fact that Cad is a posteriorly-expressed transcription

factor in these experiments. Moreover, the analysis suggests that S. cyn, which requires both
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Bed and Cad binding sites, may be a functional (and evolutionary) intermediate between D.
mel, which only requires Bed binding sites, and T. put which only requires Cad binding sites.
The same result holds when setting the trans-background of either Cad or Bed expression

to be zero.

3.3.2  FExperimentally testing the role of Cad in activating T. put S2F

To test whether Cad has a role in activating stripe 2 expression for sepsid S2E, I compared
S2E expression from D. mel and T. put in the wild-type and cad background since those
two species gave the most contrasting behaviors predicted by the in silico model. Previous
experiments show that anterior gap gene expression remains mostly intact in cad embryos,
and there is an endogenous Eve stripe 2 [132], indicating that Cad has little impact on the
anterior gap gene network. We chose to test this hypothesis by constructing cad null embryos
rather than by removing Cad binding sites for two reasons: (1) identifying all Cad binding
sites in the S2E for removal can not be guaranteed given the questionable quality of the Cad
PWM quality, and (2) mutating Cad binding sites may create or disrupt overlapping TF
binding sites. The model predicts, specifically, that the T. put S2E but not the D. mel S2E
will drive transgene expression in a cad-dependent manner.

Cad is expressed both maternally and zygotically, and it is homozygous lethal for both
maternal and zygotic cad null expression [132]. We therefore use Dominant Female Sterile
(DFS) technique [27] to generate mosaic female flies which are zygotically heterozygous cad,
and only eggs with homozygous cad are produced because germ cells which are heterozygous
for the dominant female sterile allele arrest early in oogenesis. These female flies are crossed
with homozygous males carrying an enhancer-reporter construct (either P(S2Emel-lacZ) or
P(S2Eput-CFP)). The embryos produced by this cross are all maternally homozygous cad.
Zyogtically, half the embryos are heterozygous cad and half are homozygous cad, and all will
carry one copy of the enhancer-reporter construct.

Because there is one copy of an enhancer-reporter construct in the embryos in a cad
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background, control embryos are generated so that it also contains one copy of enhancer-
reporter construct in the wild-type background. Control embryos were generated by crossing
P{S2Eput-CFP }attP2 virgins with P{S2Emel-lacZ}attP2 males. This cross has also been
made in reserve direction, but no obvious difference was observed. To test staining conditions,
embryos from crosses generated from either direction have been used. Only the described
crossing direction is used for the final experiment, carried out at the same time with the cad

embryos.

3.3.3  Expression comparison of D. mel S2E, T. put S2E in wild-type and

cad mutant embryos

The final cross to get reporters to cad backgrounds was set up in bottles and then moved to
a cage. Embryos were collected and fixed the same way as described in Chapter 2. Control
embryos used in the final experiment were also fixed around the same time as cad mutant
embryos to minimize effect of fixation on the result. Both fluorescence and enzymatic in situ

hybridization were performed to visualize reporter expression.

3.3.4  Fluorescent in situ hybridization

Figure 3.5 shows the reporter expression from D. mel S2E and T. put S2E in wild-type and
cad backgrounds. Both D. mel S2E and T. put S2E strongly reduce their expression in the
cad backgrounds. I will discuss the possibilities of the cause that reduce D. mel S2E in the
discussion section. Since T. put S2E CFP embryos have overall higher background, it is not
possible to conclude that there is a signal from T. put S2E CFP in cad mutants. D. mel
S2E cad embryos, in contrast, display weak sparkling stripe pattern in cad.

Since we only observed the expression pattern from one copy of the enhancer-reporter
construct, the expression in the wild-type background is already low. This suggests FISH

may not be the ideal method to be used. Other more sensitive in situ hybridization methods

93



Figure 3.5: Comparison of D. mel S2E versus T. put S2E in WT and cad mutant
background using FISH. A, B show the D. mel S2E expression in wild-type versus cad
mutant background. C, D show the T. put S2E expression in wild-type versus cad mutant
background. There is higher background for 7. put S2E. Note the embryos in D are a
mixture of zygotic heterozygous cad and homozygous cad.

could lead to a more definitive resolution of the hypothesis.

Also note that T. put S2E cad embryos imaged here are a mixture of heterozygous
cad and homozygous cad, since embryos are mounted en masse on the slide, rather than
individually, so no genotyping was performed to distinguish the two in this case. We should

be cautious about drawing conclusions from these images.
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3.3.5  Enzymatic in situ hybridization

We then use a more sensitive method to detect reporter expression, using enzymatic in situ
hybridization. Specially, Alkaline Phosphatase (AP) is used. Since AP reactions have an
arbitrary time of development, we first test the concentrations of probes and antibody using
wild-type background embryos. After optimal conditions were determined, the experiment
was performed with both wild-type embryos and cad™®+2%9 embryos. Development of wild-
type embryos and cad™®t2Y9 embryos are carried out at the same time, side by side. In
each case, the sample of embryos are divided in half, to allow two stopping criteria. The
first stopping criterion (“regular”), reactions were stopped when wild-type embryos showed
evidence of saturation. For P(S2Emel-lacZ), reactions were stopped at 1:10h. For P(S2Eput-
CFP), reactions were stopped at 1:58h. The second stopping criterion aims to over-develop
the reaction (“over-developed”), to allow examination of whether a low signal is present if
no expression is observed in the regular development. For over-development, about twice
the time of the regular development is used. For P(S2Emel-lacZ), reactions were stopped at
2:18h. For P(S2Eput-CFP), reactions were stopped at 3:55h.

Genotyping was performed for T. put S2E cad embryos to distinguish zygotic heterozy-
gous cad with homozygous cad [106]. All the embryos in enzymatic in situ hybridization
shown below in cad were confirmed cad™*+2y9

Figure 3.6 shows typical embryos from enzymatic in situ hybridization experiment using
regular stopping criterion. It is clear that although D. mel S2E has reduced expression in
cad background, there is a stripe visible. However, for T. put S2E, which was stopped at the
time point when the wild-type embryos first appear saturated, there is no visible expression.
But if the reactions are over-developed, the T. put S2E in cad background now begin to
show weak expression in several cases (Figure 3.7). These are consistent with the FISH
experiment, but provide new insights about the results. We can take from the results that,
qualitatively, T. put S2E reduces expression more in cad embryos than D. mel S2E does.
Figure 3.7 shows all embryos from the enzymatic in situ hybridization for both the control
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and the cad mutant background for both stopping times. Overall, the experimental results

support the hypothesis that Cad co-activates Hb to drive stripe 2 expression in T. put S2E.

WT cad mat+zyg

D. mel

T. put

Figure 3.6: Comparison of D. mel S2E versus T. put S2E in WT and cad mu-
tant background. A, B show the D. mel S2E expression in wild-type versus cad mutant
backgrounds. Reporter expression is reduced in cad mutant for D. mel S2E, but there is
still observable weak expression pattern of stripe 2. C, D show the T. put S2E expression in
wild-type versus cad mutant backgrounds. The reporter is below detection threshold in cad
mutant background for 7. put S2E.
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WT D.mel S2E cad D.mel S2E

regular

over-developed

regular

over-developed

Figure 3.7: Comparison of reporter expression from D. mel S2E and T. put S2E
in wild-type and cad using enzymatic in situ hybridization (with AP develop-
ment). A-D show the lacZ reporter expression driven by D. mel S2E in wild-type and cad
background. E-H show the CFP reporter expression driven by 7. put S2E in wild-type and
cad background. A, B, E, F reactions were stopped when the wild-type embryos are ready.
(“regular”) C, D, G, H reactions were over developed for twice the time of its corresponding
“regular” time. For the “regular” reactions, reduced stripe 2 expression is observed in cad
background from D. mel S2E; but no clear expression is observed from T. put S2E in cad.
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Figure 3.7: Continued. For the “over-developed” reactions, weak expression from 7. put
S2E in cad was observed in some embryos.

3.3.6  FEve expression pattern in cad embryos

We discovered dynamics in Eve expression in cad™1?¥9 embryos that have not been de-
scribed previously. Previous Eve expression in cad™®t2¥9 embryos was from enzymatic
antibody staining exclusively, where anterior stripes are present but posterior stripes are
missing [132] (stripe 1, 2, 3, 5 are present, Figure 3.8(a)). We discovered novel dynamics
in Eve expression in cad™®?Y9 embryos in our study, which are double stained with D.
mel S2E using FISH. According to our Eve fluorescent antibody staining, the previous re-
port on Eve expression in cad™®*2Y9 is an earlier developmental time point (similar to T3
embryos in our FISH experiments, Figure 3.8(b)). Late Eve pattern show weak posterior
stripes (T6, T7 in Figure 3.8(b)), compared to anterior stripes, which could be driven by eve
auto-regulation. Moreover, anterior stripes are shifted posteriorly in cad, and the interstripe
distance between stripe 2 and 3 is larger (Figure 3.8(b)).

In contrast to the highly expressed endogenous Eve stripe 2 in cad™®+2¥9 embryos, the
D. mel S2E expression is largely reduced (Figure 3.5B). This indicates that some sequences

outside of D. mel S2E are responsible for the expression of stripe 2 in cad embryos.

o8



T3

T5
T6
(a) Eve expression in cad™®+=¥9,
from [132]
T7

(b) Eve expression in cad™*#¥9 using FISH,
from my study

Figure 3.8: Comparison of Eve protein expression obtained using FISH in our
experiment compared to previous data.

3.3.7 No evidence shows T. put S2E is posteriorly shifted

I conducted enzymatic in situ hybridization with double stain of Eve antibody staining
initially. But the color difference in enzymatic reactions are not distinct enough in the
experiment to prevent background from Eve antibody staining to bleed into the reporter
stain. For this reason, I performed experiments with in situ hybridization alone to explore
reporter expression, as described above (Section 3.3.5). However, in the initial double stain
experiment with Eve, we found 7. put S2E expression is not posteriorly shifted as previously
described [71]. Here we show several embryos with double stain in Figure 3.9. T. put S2E
expression overlaps with D. mel endogenous Eve expression, and especially for the anterior
nuclei in stripe 2. We also noticed that the reporter expression does not overlap 100% with
the endogenous D. mel eve stripe 2, with occasionally some slight differences on the D-V
axis. However, there is no evidence that T. put S2E is posteriorly shifted in D. mel. Such
discrepancy in the previous result may be due to measurement errors due to comparing

with embryos with slightly different stages, because previous conclusion was drawn from
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measurements from in situ hybridization without double stain with Eve.

Figure 3.9: Example embryos show double stain of 7. put enhancer and Eve ex-
pression in control embryos (wild-type background). Blue shows T. put S2E CFP
reporter expression (AP development), and brown is the Eve expression (HRP development).
T. put S2E expression overlaps with D. mel endogenous Eve expression quite well, and espe-
cially overlaps with the anterior nuclei in stripe 2, with occasionally some slight differences
on the D-V axis.

3.3.8 Other immunofluorescence imaging attempts

Other immunofluorescence imaging methods have been attempted. One was Tyramide Signal
Amplification (TSA) and the other was single molecule FISH (smFISH).

TSA method is a combination of enzymatic and fluorescence in situ hybridization. The
initial development is enzymatic (anti-DIG HRP), followed by direct or indirect fluorescence
labeling. It is sensitive to low signals and is semi-quantitative. The expression pattern is
shown for control embryos with reporters (Figure 3.10A). However, some false positive signals
are also observed for negative control embryos (Figure 3.10B), where no reporter is present.
I further suppressed the endogenous HoO9 in case the false negative signals come from the
embryo. By doing that, the signals from negative control reduced dramatically (Figure
3.10C), but there are still some residual signals compared to the negative control with no
probe and no HRP (Figure 3.10D). No follow-up work was conducted to trouble-shoot this

method; the enzymatic in situ hybridization method was pursued instead.
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Figure 3.10: In situ hybridization trials using TSA method. A-D all use TSA method
for in situ hybridization using control embryos. A. Positive control. Using lacZ-DIG probe,
followed by TSA in situ hybridization. Clearly there are signals from this staining, indicates
this positive control works. B. Negative control shows false positive signal. No probe added
in the experiment, but some sparkling false positive signals show up using TSA method. C.
After suppressing endogenous HoOs, the false positive signals reduce dramatically, but there
are still some residual false positive signals. D. Negative control with no probe and no HRP.
No signal is observed, as expected.

smFISH has also been attempted, follow protocol in [102]. However, I did not observe

any signal from the experiment.

3.4 DMaterials and Methods

3.4.1 Getting D. mel S2E and T. put S2E to cad background

The full crossing scheme is shown in Figure 3.11. Since the crossing schemes for flies with
P(S2Emel-lacZ) and P(S2Eput-CFP) are performed exactly the same way, we only show the

details for crosses with P(S2Emel-lacZ).
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The following part describes the crossing scheme from top down, left to right (Figure
3.11). Lines circled in red are parental lines needed for this cross, except the lines carrying
reporter constructs. Parental fly line number 1 is a heat-shock Flipase line, courtesy of
[laria Rebay’s lab. Fly line number 2 and 3 are courtesy of Michael Ludwig. Fly line
number 4 (Bloomingdale Stock Center: 5316), 5 (Bloomingdale Stock Center: 2121), 6
(Bloomingdale Stock Center: 7091). P{S2Emel-lacZ}attP2 fly is courtesy of Kenneth Barr
(paper in review), reporter construct of P{S2Eput-CFP }attP2 is from Michael Eisen’s lab
[71]. Reporter constructs were both injected into the D. mel attP2 landing site strain [67]
and done by Rainbow Transgenic Flies, Inc.

ovoPl is a dominant female sterile allele. Maternal female cad mutants were generated

by crosses of cad?F RT404 /CyO virgins to hs-Flp; ovoPl F RT40A /CyO males. 1/4 of the
offspring will have ovoP! FRT*04 /cad? FRT*OA. Third instar larvae from this cross were
heat shocked at 37°C water bath on two consecutive days after 72 hours for 2 hours each
day for high recombination efficiency [27]. Flipase express under the activation of heat-shock
promoter and drive recombination at FRT sites. Adult virgin flies with no CyO phenotype
are selected for the right genotype. Only eggs that do not have ovoP! allele will be fertile
in these flies.

The right half of the crossing scheme show crosses of the enhancer-reporter construct
onto a heterozygous cad background. In order to maximize the ratio of the final embryos
having the correct genotype, males for the last cross carry two copies of enhancer-reporter
construct.

Final cad zygotic mutants with D. mel S2E were generated by crossing
hs-Flp; ovoP1 FRT*04 /cad? F RT*04 virgins (zygotic genotype) with cad? /CyO P(hb-lacZ);
P{S2Emel-lacZ}attP2 males. Note, the genotype of eggs from female is actually cad? /cadQ.
The final embryos are half heterozygous cad (cad? /CyO P(hb-lacZ); P{S2Emel-lacZ }attP2/III),
and half zygotic homozygous cad (cad? /cad; P{S2Emel-lacZ}attP2/I1I). Note that embryos

which are heterozygous zygotic cad also carry hb-lacZ on the second chromosome. Because
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D. mel S2E uses lacZ as its reporter, when using lacZ probe to stain for D. mel S2E ex-
pression, embryos with hb expression are excluded. Therefore all the embryos without a hb
expression for D. mel S2E are the desired genotype. However, for T. put S2E, since CFP
probe is used, heterozygous cad embryos cannot be distinguished from homozygous cad em-
bryos directly. Therefore we performed genotyping on individual embryos for 7. put S2E

after imaging of its expression patterns (only for enzymatic in situ hybridization).

3.4.2 n situ hybridization

Since the methods for in situ hybridization are similar to immunostaining staining for pro-
teins, with one extra step of hybridizing probe to the mRNA at the beginning, I will introduce

different immunostaining methods before introducing different in situ hybridization methods.

Immunostaining methods

Immunostaining (for proteins) can be categorized into either immunofluorescence staining
or immunohistochemical staining. Immunofluorescence staining uses fluorescence as signal,
while the traditional immunohistochemical staining uses the product of enzymatic reactions
as readout. For enzymatic reactions, Alkaline Phosphatase (AP) and Horseradish Peroxidase
(HRP) staining are commonly used. The enzymatic staining is usually more sensitive than
immunofluorescence staining.

For immunofluorescence staining, depending on the abundance of the target protein prod-
uct, different methods can be used [159]. If the target protein is abundant, primary antibody
with conjugated fluorophores can be used. For proteins with medium to high level of abun-
dance, usually a secondary antibody conjugate is used get modest amplification of the signal.
The advantage of using either primary antibody alone or with secondary antibody is that
this ensures the amplification of signal is linear in regards to the total protein levels. How-
ever, for low abundance targets, these methods are not sensitive enough to detect signals. In

this case, enzymatic amplification methods are needed. The Tyramide Signal Amplification
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(TSA) is a hybrid method of enzymatic amplification (with HRP), followed by fluorescent

labeling. It can be used for high-resolution imaging of low-abundance targets.

Comparison of in situ hybridization methods

Below I compare four methods of in situ hybridization which have been widely-used (Table

3.1).

target mRNA, different methods should be used.

Similar to the detection of protein expression, depending on the abundance of the

method | experimental steps pros cons
FISH | hapten-labeled probe, | amplify  signal | hard to get signal-
primary antibody, sec- | linearly with | to-noise ratio when
ondary antibody con- | expression, expression is very
jugated fluorophore quantitative low
smFISH | fluorescent conjugated | no amplification | hard to  adjust
probe step, quantita- | experimental con-
tive ditions, hard to
get good signal-to-
noise ratio in some
cases
TSA hapten-labeled probe, | very  sensitive, | nonlinear amplifi-
antibody conjugated | easy to adapt to | cation of signal
with HRP, enzymatic | multiplexing
development of HRP,
tyramide conjugated
with fluorophore
AP hapten-labeled probe, | very sensitive not  quantitative,
antibody conjugated hard to choose
with AP, enzymatic cut-off time
development

Table 3.1: Comparison of pros and cons of existing in situ hybridization methods
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Probe used for in situ hybridization

Different reporters are used for D. mel S2E and T. put S2E, because the major goal is to
compare reporter expression in the presence or absence of cad for each enhancer. D. mel
S2E uses lacZ as reporter, while 7. put S2E uses CFP as reporter. Final embryos with D.
mel S2E lacZ were hybridized with lacZ-DIG probe and T. put S2E CFP hybridized with
eGFP-DIG probe. lacZ-DIG probe was courtesy of Michael Ludwig and eGFP-DIG probe

was courtesy of Jackie Gavin-Smyth.

Fluorescent in situ hybridization

eGFP-DIG probe with 0.1 ul/100u] was used against CFP and lacZ-DIG probe with 0.25
wl/100u] was used against lacZ. FISH was done with Eve antibody staining. Primary an-
tibody of 1:800 mouse anti-DIG, and 1:1000 GP anti-Eve were used, followed by secondary
antibody 1:1000 anti-mouse Alexa Fluor 647 and 1:1000 anti-GP Alexa Fluor 555. Nuclei

were stained with DAPI.

Enzymatic n situ hybridization

Enzymatic in situ hybridization is performed the same way as described in [108, 138]. Since
CFP is shorter in sequence, its probe has higher background compared to lacZ probe when
using similar concentrations (also observed using FISH, Figure 3.5). Therefore, we further
lower the concentration of CFP in the enzymatic in situ hybridization experiment, but the
reaction will take longer so as to give high signal to noise ratio. eGFP-DIG probe: 0.05
11/100p1 and lacZ-DIG probe: 0.25 pl/100ul, followed by anti-DIG AP 1:2500, for 1 hour.

Genotyping to distinguish homozygous zygotic cad for T. put S2E embryos

We used two sets of primers, one set as positive control and the other to distinguish

the presence or absence of hb-lacZ. Positive control (snail): forward: GTGGACTAACG-
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GCAGGAACA, reverse: CCAGATGGGGCTGATAGCTG. hb-lacZ: forward:
CTGCCAGTTTGAGGGGACGACGACA, reverse: ACCAACGTAATCCCCATAGAAAA.

LD

L

f
L

HELLL

Sia e T B0 25013, 14 21 22 25 nc

LD 20 44 48 17 19 30 31 34 35 2 11 23 24 29 6 9 23 26 28 30 3132 41 44 nc

e e
LD 15 18 32 33 36 41 42 43 45 46 47 27 29 42 43 nc

Figure 3.12: Genotyping to distinguish zygotic heterozygous cad versus homozy-
gous cad
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Figure 3.12: Continued. The lower band is the positive control (snail), and the upper band
shows the presence or absence of hb-lacZ. Red lines mark the embryos from regular stopping
criteria. Blue lines mark embryos that are over-developed. Numbers represent individual
embryo number using a specific stopping criterion.

3.5 Discussion

In summary, the much larger reduction in the expression level in cad embryos for T. put
S2E compared to D. mel S2E from the enzymatic in situ hybridization indicates that Cad
is playing a larger role in T. put S2E to activate its expression. These experimental results
in part support the prediction from the in silico model, in which T. put S2E uses Cad as
a co-activator for Hb to activate eve stripe 2 expression. However, the reduction of D. mel
S2E is not predicted by the model. One possibility is that Cad is activating D. mel S2E,
which has not been explored or characterized, and therefore not correctly represented in
the model. Another possibility is that anterior gap gene expression levels are altered in
cad embryos which are assumed to be constant in the model prediction. Previous study
only shows the anterior gap gene domains are present [132], without showing quantitative
comparison of expression levels. It is possible that anterior gap gene expression are reduced
in cad embryos, and it causes a reduction in D. mel S2E. However, endogenous Eve stripe 2
show high expression compared to the D. mel S2E, indicating that some sequences outside

D. mel S2E must have compensated this effect for the endogenous locus.
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CHAPTER 4
GENERALIZATION: THE RELATIONSHIP OF ROBUSTNESS
TO EVOLUTION

4.1 Abstract

Developmental robustness, as an important aspect of canalization, is a common feature of
traits in multi-cellular organisms. High robustness ensures the reproducibility of phenotype
within each individual. On the other hand, it is evident that phenotypic evolution has
taken place in the past, causing phenotypic differences between species. To understand the
evolutionary process of how canalized traits may evolve when adapting to a new environment,
a Boolean model which has a simplified genotype to phenotype map is used to explore the
relationship of different degrees of robustness to evolution under different environmental
regimes. Fitness is based on a distance function between a phenotype and the optimum
one for the environment. Genetic robustness is an explicit parameter in the genotype to
phenotype map. Under a stable optimal environment, high robustness results in a equilibrium
population fitness closer to the optimal fitness value than low robustness, suggesting high
robustness has selection advantage under constant optimal environment. This reduction
in population fitness under low robustness is attributed to stronger genetic drift caused by
enhanced background selection. The situation reverses, however, when there is a sudden shift
in the environment. In this case, low robustness populations adapt to the new environment
faster than high robustness populations and reach higher equilibrium mean fitness. This
reversal occurs because under the model, low robustness populations can access a larger
phenotypic space than high robustness populations. Limitations in genetic accessibility
to an adaptive phenotype may be a general property of robustness, which can favor low
robustness in a changing environment. We further encode the robustness parameter by a
genetic locus that can co-evolve along with the phenotype under selection. For a population

with a mixtures of robustness genotypes, the low robustness genotype wins out, as expected.
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But a high robustness genotype then replaces it early in the process of phenotype evolution,
well before maximum fitness is achieved, and it appears to prevent further invasion into the
population of a low-robustness genotype. This unexpected behavior of robustness evolution
highlights the value of the novel modeling approach employed here. Additional work with
the model is expected to produce further insights about the evolutionary balance between
robustness and the ability to evolve, and how genetic assumptions of the model may play

into its behavior.

4.2 Introduction

Most developmental processes, and the resultant morphologies they regulate, are specified
by the activities of a large number of genes. Many, if not all, multi-locus traits are often
subject to some form of stabilizing selection to maintain an optimum trait value in the
population [87]. Stabilizing selection is capable of maintaining trait constancy over long
periods of phylogenetic evolution, as evidenced by morphological stasis in the fossil record,
though traits can also change rapidly in response to environmental change (Punctuated
Equilibrium: [64, 38]). Rapid change of a trait under stabilizing selection is possible under
the conventional neo-Darwinian framework [78, 164, 33, 118, 52, 119], driven by natural
selection when the optimum trait value changes [25].

This evolutionary process is contingent on organismal development. We are interested in
the reproducibility of traits, termed canalization or alternatively high robustness, a universal
property of development in both single and multi-cellular organisms [185, 119, 100]. We are
also interested in gaining a better understanding of the constraints canalization imposes on
the subsequent ability of a population to evolve towards a new phenotypic optimum, since
a more canalized phenotype, by definition, will exhibit less phenotypic variation, the raw
material on which natural selection acts. There are seemingly competing trade-offs between
natural selection for robustness and the rate at which a population can evolve in response

to the demand for a new optimum phenotype. We narrow our focus to genetic (mutational)
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robustness in this chapter.

One of the challenges in gaining a better understanding of how canalization may constrain
or facilitate phenotypic evolution has been a lack of good understanding of the genetic
and mechanistic basis of canalization itself. C. H. Waddington was the first to propose a
mechanism for how canalization might evolve—genetic assimilation [185, 186]. The first
stage of this process involves gene-by-environment (GxE) interaction, utilizing physiological
responses to environment changes. Selection then acts on this response, and the third step
internalizes the physiological response into a hardwired genetic mechanism for the trait.

The first hint that there may be global molecular regulators of canalization came from
investigations by Rutherford and Lindquist [156] of the heat-shock protein, Hsp90, which is
a protein that assists other proteins to fold correctly and participates in additional protein
processing pathways. Hsp90, they believed, might adaptively regulate “expressed” genetic
variation in other proteins segregating in a population through its own sensitivity to envi-
ronmental stress. Such process of releasing phenotypic variations at onset of environmental
stress is also called de-canalization [57].

There are some differences between Waddington’s genetic assimilation theory and the
canalizing activity of Hsp90. First, the genetic assimilation theory involves internalizing
a specific non-genetic physiological response into a fixed genetic response, whereas Hsp90
is hypothesized to be an evolved global regulator of canalization that acts on pre-existing
mutations in many genes and genetic pathways [185, 186]. Second, Hsp90 can act as a gate-
keeper of evolution by either suppressing or enhancing the realization of genetic variation.
In contrast, the GxE interactions proposed by Waddington can be restricted to a particular
pathway or even impose directionality of GxE interactions. Unfortunately, the otherwise
attractive theory that Hsp90 acts as a global regulator of canalization and evolution, finds
little experimental support of its role contributing to evolution. The most convincing case
involves selection on Hsp90 for eye size in cavefish [152]. More recently, Geiler-Samerotte

et al. [56] have found that although Hsp90 buffers standing genetic variations in yeast de-
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rived from natural populations, it reveals more phenotypic variations for de novo mutations,
indicating natural selection is selecting for mutations with high robustness.

Besides genetic assimilation and Hsp90, a number of other genetic mechanisms contribut-
ing to canalization and adaptation have been investigated empirically. One popular theory
is the co-option of gene regulatory networks [142, 123, 127, 93, 90]. This idea is based on
the assumption, supported by observations, that most gene regulatory networks are mod-
ular [137, 101, 141] so that new functions can arise by a small number of genetic steps
(60, 90]. New functions can also arise by gene duplication followed by neo-functionalization
[44]. Many other findings identify molecular components which contribute to canalization,
but their contribution to adaptation is less clear. These examples include shadow enhancers
in Drosophila embryos [139, 140], network motifs [2] and mutual repression in gene regula-
tory networks [114, 113]. In addition, studies of miRNAs provide molecular evidence of their
role in canalization. one example of which is mir-9a RNA in Drosophila. Knocking down
this gene produces variation in bristle number [23, 144].

As alternatives to experiments, mathematical and computational models can shape our
understanding by making explicit assumptions and formulations [188, 161, 162, 31, 189, 4].
Some models support the conventional belief that there is an antagonistic relationship be-
tween robustness and evolvability [4], while others illustrate conditions under which robust-
ness can actually promote evolvability [190, 191] while other find that an intermediate level
of robustness is optimal for adaptation [34]. Conflicting ideas about the relationship between
robustness and evolvability are clearly dependent on the specification of models and the as-
sumptions underlying them, indicating that this issue is far from settled. And, some models
bear little resemblance—or cannot be easily analogized—to known biological processes or
mechanisms of evolution. There are also definitional issues: “evolvability”, for example,
does not have a strict definition, and is measured in different ways across studies. We avoid
using this word in the current chapter.

Models to explore robustness and evolution can be divided into two general classes,
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depending on whether or not they consider the GxE interaction. Without GxE, the genotype
to phenotype map is fixed. Many of these non GxE models use the idea of a “neutral
network”, originally defined as a network in which changes in genotype do not produce
changes in phenotype [189]. These models are also neutral in the sense that they tend to make
use of the idea of fitness in a very limited way. For example, Wagner [190, 191] showed that
robustness can promote evolvability by demonstrating that more phenotypes are accessable
from a network with both neutral and non-neutral genotype changes than from one having
only non-neutral genotype changes. This is not the whole story, however, because increasing
robustness to its maximum level in fully neutral network with no alternative phenotype
reduces evolvability to zero. Another study considered a neutral network with a universe of
P possible phenotypes of which exactly K phenotypic neighbors are accessible by a single
mutational step from each node in the neutral network. The authors find that intermediate
levels of robustness maximize evolvability when K < P [34]. This model ignores mutational
effects arising from the contingency of mutations in different genetic backgrounds, which has
been shown to be important in protein evolution [171, 5]. The lack of an explicit genotype to
phenotype map removes important biological constraints. Moreover, adaptation is generally
a multiple-step process, but here evolvability (adaptation time) is dependent on the waiting
time for a beneficial mutant (phenotype) to arise. Understanding what happens to the
relationship between robustness and evolvability when one or more of these assumptions are
relaxed has not been explored.

Other types of models assume an explicit form of GxE interaction following an envi-
ronmental shift, known as plasticity [74, 3, 146]. The general topic of plasticity is beyond
the scope of current chapter, but we mention its interface with canalization. With GxE,
a mutant allele that might be selectively neutral or even deleterious in one environment
can become adaptive in a new environment. Under stabilizing selection the population can
build up a reservoir of such genetic variants, including ones potentially adaptive in another

environment. These genetic variants, called cryptic genetic variants because their effects are
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masked under the current environment, are a realization of canalization [117, 135]. Follow-
ing an environmental shift, in the presence of GXE interactions, cryptic genetic variants can
produce new phenotype that could be selected upon.

Many previous models that only focus on exploring the relationship of robustness to
stabilizing selection suggest that stabilizing selection results in high robustness [192, 40, 188].
A Boolean model which, in contrast, focuses on evolvability suggests long-term evolution of
gene regulatory networks in changing environment can facilitate the efficiency of generating
beneficial mutations [31] .

To better understand both how a trait evolves when it is subject to canalization, and
how canalization evolves in relation to the intensity of selection pressure imposed by novel
environments on a trait, quantitative models are needed that capture robustness or even
allow both traits and robustness to evolve simultaneously as a coupled process. Formulation
of the models should also be motivated by traits governed by known biological mechanisms
and processes. Here we have devised a relatively simple, computationally tractable, Boolean
model to explore the relationship between robustness and evolution. Our model falls into
the class that does not assume GxFE interaction and considers cell type evolution with a
single optimum mix of cell types, or a shifted optimum. The model considers the effect of
multiple genes on multiple end phenotype. Epistasis and pleiotropy are explicitly represented
in the model. Here we only consider genetic robustness, though the model can be extended
to investigate other forms of robustness, such as environmental robustness or physiological
plasticity.

Because we have attempted to construct a multi-locus model that captures essential
features of an explicit biological process—cell type specification—we first describe the model
in terms of this biological process. We then proceed to describe technical details of the model.
The first part of the model examines the effect of different robustness under either an initial
optimum or a shifted optimum, with constant robustness. Later, robustness is introduced

into the model as a second multi-locus trait, evolvable in the same manner as the cell type
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trait itself, and coupled to cell type specification with a biologically explicit interpretation.
The model is explored by forward simulations of Wright-Fisher populations evolving under
mutation and selection for a fixed optimum target of cell types. This allows us to investigate
not only the adaptive evolution of robustness—both its increase and its diminution— as a
function of constancy or change in trait optimum, but also the rate at which robustness

changes in relation to the rate of advance of cell types towards the optimum.

4.3 Results

Our model attempts to capture essential features of multi-locus gene regulation for a large
number of traits. In order to follow evolutionary dynamics, we coarse-grain developmental
dynamics into a genotype to phenotype map. Genotype is the set of all loci v, each ele-
ment v; of which represents a gene expression ON/OFF ({1,0}) state. A specific trait z;
will be present or absent ({1,0}) in an individual in a manner that is determined by the
genotype v, and the whole collection of traits z constitutes the phenotype (Table 4.1). We
consider a haploid organism with no recombination (i.e., complete linkage of genes on a

single chromosome).

vector element element definition

v vj jth genotype
z 2 1th phenotype
T tij functional contribution of genotype j

on cell type ¢
h h; threshold for cell type ¢

b b; 1th element in the environment, repre-
senting desired phenotype for z; under
current environment

Table 4.1: List of variables

A second feature of the model concerns robustness, by which we mean the sensitivity
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of phenotype to changes in genotype. We consider two possible situations. In one, a level
of robustness is imposed on the model and we monitor its selective consequences. In the
alternative formulation, we allow robustness itself to become a trait subject to selection.

We consider a picture where fitness is determined by an explicit interaction between the
phenotype z and an environment b, also described by a Boolean vector. In this work, we
allow the optimal phenotype to be read off from the environment in an explicit manner,
such that fitness decreases linearly with the distance of an individual’s phenotype from the
optimal phenotype.

These formulations of genotype, the genotype to phenotype map, robustness, and fitness
allow us to carry out forward evolutionary simulation of a population as it adapts from its
current state of phenotype towards the optimal state of phenotype. Our simulations include
the case where the population begins in the fully optimal state of phenotype, and is chal-
lenged to maintain this optimal state in the face of mutation. The simulations also consider
cases where a novel environment is introduced, and the population is challenged to evolve
towards the new phenotypic optimum for this environment. Evolution is achieved by allow-
ing mutation to operate on genotype by switching a single gene from ON to OFF (or the
opposite) and considering the phenotypic consequences of each mutation in each individual.
As mentioned above, robustness determines the sensitivity of phenotype to mutation. Ini-
tially we explore evolution of phenotype for fixed values of robustness. In a later section we

allow robustness to evolve as well, to explore co-evolution of phenotype and robustness.

4.83.1 Model description

The model consists of two parts: the genotype to phenotype map, and the phenotype to
fitness map, as indicated schematically in Figure 4.1. We now describe these sectors in

detail.
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Figure 4.1: Schematic example and overview of the model A. Schematic figure
showing two cell type determination by the genotype to phenotype map within one individ-
ual(equation 4.1). Phenotype 21 determines color, zo determines the shape. In this example,
the number of genes regulating the phenotype is 6, v is set to 1. Interactions are marked by
the types of arrow. Activation is represented by arrows with a triangle end, while repression
is represented by a bar end. Grey dashed line means no effect. Under the current configu-
ration, z; = 0 and 29 = 1. B. Examples of different genotype configurations that give rise
to different phenotype, given the genotype to phenotype map in A. Orange color indicates
“17, and gray indicates “0” for each genotype or phenotype element. Note that under the
genotype to phenotype map in A, phenotype vector z cannot take value of (1,0) by any
configuration in genotype.

Genotype to phenotype map

We represent the genotype to phenotype map by a one-layer perceptron which maps v to z

using the equation

J
Z; = O'(Z tijvj — hi), (4.1)
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Figure 4.1: Continued. C. Overview of the full model. Genotype is v, phenotype is z. First
part is a genotype to phenotype map, and the second part is phenotype to fitness map.
Selection is on phenotype, evaluated by b, representing environment.

where 2; € {0, 1} is the ith component of z and v; € {0,1} is the jth component of v. Each
component t;; € {—7,0,7} of T represents the action of terminal differentiation genes which
produce a trait. h;, a real number, is the ith component of the threshold h. o(y) is a step
function such that o(y) = 0iffy < 0, and 1 otherwise. v has L components while z and h
have n components. In simulations, we assign elements of v a value of zero or one randomly
in such a way as to ensure that the proportion of ones is a. Each v; represents the gene
expression state (ON/OFF) of gene 4. If v; equals 0, the gene is OFF (not expressed) and it
cannot contribute to any trait. Alternatively, when v; equals 1, the gene is ON (expressed),
in which case it can have three possible roles in determining a phenotype: activator (vs for
phenotype 2 [right panel] in Figure 4.1A); repressor (vs for phenotype 1 [left panel] in Figure
4.1A); no functional role (vg for phenotype 1 [left panel] in Figure 4.1A). The probability
that each t;; has a non-zero value is given by the parameter c, so that Pr(t;; = 0) =1 —c,
and Pr(t;; =) = Pr(t;; = —v) = ¢/2. Zj t;jv; gives the difference between activating and
repressing activities of genes in v for trait 7. In order for phenotype i to be present (z; = 1),

this difference must be greater than the threshold value h;.

Phenotype to fitness map

In our model, fitness is determined by an interaction of phenotype z and environment b,
rather than directly from genotype. In this application we restrict b and z to have the same

number of components n, and then the absolute fitness w is given by

w:n—l;(b,z)7 (4.2)
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where D(b, z) is the Hamming distance between the two vectors. This is a simple fitness
function in which fitness is determined by the distance of an individual’s phenotype from

the optimal phenotype for a given environment.

4.3.2  Parameters controlling robustness

We represent robustness in our model by the sensitivity of a phenotype to genetic change,
manifested by the probability that phenotype z changes given a mutation (bit flip) in geno-

type v. Consider the argument to o in (4.1), given by

J
Y; = ZtZ]UJ - hz (43)

The probability that a trait z; changes as a consequence of of a mutation in v; can be
easily calculated because the t;; are independently and identically distributed (i.i.d.), L is
large, permitting the invocation of the Central Limit Theorem, and h; itself is drawn from a
Normal distribution AV (0, acL) (see Methods). Then the probability P of a mutation causing
a phenotypic change is

P =c[0.5 - ®(—v/1/(1 +~%)acL)], (4.4)

where ®(z) is the CDF of the standard normal distribution.

Genetic robustness, in this formulation, can be defined as 1 — P. The parameters a, ¢, L
and v can all influence robustness; in the following analysis we only vary v. We performed
simulations to evaluate robustness changes by varying v and calculating the number of trait
changes in z given one mutation in v. Figure 4.2A demonstrates that simulation results are
consistent with (4.4). v has a monotonic relationship with robustness—robustness decreases

with increasing v—but this relationship has upper and lower bounds.
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Figure 4.2: v and « controlling robustness Y axis shows the number of bits that are not
changed in phenotype z, which is a measure of robustness. A. v controlling robustness. For
the simulations, we first simulate cell types based on parameters. Then for each simulated
cell type, every bit in the genotype is flipped and the new phenotype is calculated, the
number of bits that are kept the same is recorded. The boxplot shows the simulation result.
1000 simulations for each parameter set. ¢ = 0.5,a = 0.5, L = 10000, n. = 1000. ~ is varied as
shown on the x axis. The solid lines shows the analytic result (from equation 4.4, showing the
expected number of traits in phenotype that are not changed: n(1 — P)). Yellow triangles
show three v values: 0.1, 1, and 10, which are used for the following simulations. B. «
controlling robustness. For the simulations, initial cell types are simulated the same way by
parameters as A. ¢ = 0.5,a = 0.5, L = 10000, n = 1000,y = 1. Then « is re-scaled for each
cell type, and number of bits that are kept the same in phenotype is evaluated for each «.
1000 simulations are done for each parameter set.

4.3.8 Robustness and evolution

Evolution in a constant, optimal environment

We first examine evolution under a constant optimal environment, a situation analogous to
a population that is well adapted to its stable native environment. Models of robustness are

often explored under a scenario such as this [192, 40, 188, 161, 17]. The simulation is initial-
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ized for parameter values of ¢, a,n, L and v given in Table 4.2 to generate a genotype vector
and the phenotype vector it produces. We set the environment vector b to this phenotype
vector. This initial genotype is thus optimal for this environment. All the individuals in the
population initially have the same genotype. We consider a haploid population model with
N = 10,000 individuals, complete linkage of genes, and no recombination. Standard Wright-
Fisher forward simulations with mutation, selection and genetic drift were performed. We set
n = 1000, L = 10000, a = 0.5, ¢ = 0.5, the mutation rate per gene u = 1076, and population
size N = 10000. We set L to be of the same order of magnitude as the number of genes in
a typical eukaryote. Under this parameter regime, the genome-wide scaled mutation rate is
0 = 200. Unless stated otherwise, these parameter values were used for all simulations. We

investigated three v values: 0.1, 1, 10.

parameters definition value
c probability of #;; not 0 0.5
a proportion of 1s in v 0.5
n length of phenotype vector z 1000
length of genotype vector v 10000
v activation/repression coefficient 0.1,1,10

of each gene on its target cell type

« coefficient to scale robustness 0.5,1,2
W mutation rate per gene 1076
N population size 5000

k length of robustness genotype 2

Loy mutation rate on robust genotype 1077

1 lower bound when scaling robust- -1

ness using «

J upper bound when scaling robust- 1
ness using «

Table 4.2: List of parameters
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Figure 4.3A shows the mean fitness changes for populations with three different v val-
ues, under an optimal stable environment. The simulations are allowed to continue until
a plateau in population mean fitness is observed. When + is small (high robustness), the
population mean fitness remains close to the optimal value (w = 1), while when - is large
(low robustness), the population mean fitness equilibrates at slightly lower values. This
confirms a previous finding that high robustness is favored under optimal stabilizing se-
lection [188]. Because the populations start with optimal phenotype, most mutations are
initially deleterious (Figure 4.3F). The greater reduction in mean fitness under our model
when robustness is low is likely due to the effects of background selection against deleterious
mutation [24, 26] caused by the greater initial variance in deleterious fitness effects of mu-
tation (Figure 4.3F). It is also is similar to Muller’s Ratchet [69]. As expected, mutations
are purged from the population more effectively when robustness is low, resulting in lower
mean population heterozygosity (Figure 4.3C).

We also investigated evolution under a constant environment for all combinations of
values of n and L € {100, 1000, 10000} (Figure 4.4). In general, there is a decline in pop-
ulation fitness with decreasing robustness, though the sensitivity of population fitness to
robustness is greater with larger number of loci. One combination of parameter values (
n = 10000, L = 1000, other parameters being the same), however, produces an anomalous
result in that this pattern reverses, with high robustness having severely reduced fitness
(v = 0.1) (Figure 4.4). This behavior may be a manifestation of Muller’s Ratchet after
the population exceeds a threshold number of deleterious mutations, initially hidden by

robustness, at which point mean fitness begins to decline precipitously.

Evolution after a sudden environmental shift

What would the relationship of robustness and evolution be when there is a sudden environ-
mental shift? We first explore this question by randomly selecting an environment b from
the universe of possible environments, without regard to the phenotype z of individuals in
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Figure 4.3: Different evolutionary trajectories with populations under initial op-
timal environment and adapting to a new environment A. Mean fitness changes over
time for populations with different robustness levels under optimal stable environment. 20
simulations were done for each . The thick solid lines show the mean of the 20 simulations
at each generation. The upper and lower boundaries are 1.5 standard deviation on each
side. v = 0.1 in yellow, 7 = 1 in green and v = 10 in blue. The color code is consistent
throughout this figure. B. Mean fitness changes over time for populations with different
robustness levels under a random initial environment. C. Boxplot of heterozygosity at the
end of simulations under optimal stable environment. D. Mean fitness changes over time for
populations that undergone a sudden environmental shift which were previously in optimal
stable environment for 8000000 generations.
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Figure 4.3: Continued. E. Mean fitness changes over time for populations initialized with a
“attainable” random environment, where this new environment is initialized using a random
genotype, and the same genotype to phenotype map to calculate the optimal environment b.
F-I show the distribution of selection coefficient s in different environments and at different
times. F, G are for populations at optimal stable environment, with F at generation 0, and
G at generation 8000000. H, I are for populations at random initial environment, with H at
generation 0 and I at generation 8000000.

the initial population, so that the populations must adapt to this new environment. We
found that populations with large v (low robustness) respond to change in the environment
more quickly than those with small v (high robustness). We also found, however, that low
robustness populations reached higher equilibrium mean fitness than high robustness popu-
lations (see Figure 4.3B). Both of these observations —the initial rate of adaptation and the
ultimate level of population fitness—have monotonic relationships with robustness (Figure

4.5), in contrast to the findings in [34].
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Figure 4.4: Simulations under different parameter regimes We changed n and L in
the simulations, and in order to compare the mean fitness difference before and after, we set
the simulations to run so that each simulation has the same expected number of mutations
occurring (same mutation rate per gene. for L = 100, simulations run for 8 x 106 generations,
L =1000: 8x10°, L = 10000: 8x10%). Here plots all the mean fitness difference for different
n and L. For L = 10000, which is what used in the main text, the mean fitness difference
is as described in main text, where low 7 (high fitness) is more close to optimal, and there
is a monotonic relationship between robustness and the distance to optimal. There is an
interesting behavior when L = 1000, where the relationship of robustness to the distance to
optimal drastically shifts when n changes from 1000 to 10000. When n equals 10000, v = 0.1,
the deleterious effect of fixing individual mutation is so low that mutations get fixed, while
for other v values, mutations do not fix. The cumulative deleterious effect of fixing v will be
seen until it reaches a threshold, and the mean fitness of populations just keep decreasing,
which is the case as Muller’s ratchet. For L = 100, there is generally no effect of robustness
on mean fitness change, because the per genome mutation rate per generation is so low that
the deleterious mutations cannot be fixed at all, which the effect of robustness cannot be
seen.
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Figure 4.5: Monotonic relationship of robustness to adaptation rate To characterize
the rate of adaptation for different robustness levels, we fit each mean fitness changes over
time to the saturation function y = at/(b+t) + ¢. a describes saturation level, while b
describes the time needed to reach saturation. Here we plot the Durant distribution of a
and b with populations simulated with the that are equally separated in robustness.

In the previous simulations, the initial population started with a single genotype, whereas
a population previously adapted to a stable environment will be genetically variable. We
therefore investigated whether initial genetic variability affects the ability of a population
to evolve to a new environment, noting that a more robust population will also be more
genetically variable than a less robust population (Figure 4.3C). We initialized populations by
subjecting them to 8 x 109 generations of stabilizing selection (Figure 4.3A) before applying
a sudden change in environment, by assigning a random b at generation 8000001. We then
allow the populations to adapt to their new environments for another 8 x 106 generations. We
plotted the mean fitness change after this environmental shift in (Figure 4.3D), and found
the same relationship between robustness and adaptation as for the homogeneous initial
populations. This means that there is no initial advantage in highly robust populations to
having higher genetic diversity in their ability to evolve to a new environment. This result
runs counter to ideas stemming from models of genotype networks [190, 191].

We also calculated the selection coefficients s of new mutations at the beginning and end

of these simulations (Figure 4.3F-I), and compared them to the distributions for evolution in
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an optimal stable environment (Figure 4.3F-G). We find a large difference in the distributions
of s under the two evolutionary scenarios. At the onset of simulations under an optimal
environment, all mutations are either neutral or deleterious and, as expected, high robustness
populations have a larger ratio of neutral mutations to deleterious mutations compared to
low robustness populations. There is also a wider spread of deleterious mutations in low
robustness populations. At equilibrium, the distribution of s becomes less skewed towards
negative values, and high robustness populations have a narrower distribution than low
robustness populations. In contrast, when adapting to a new environment, the distribution
of s is initially symmetric (Figure 4.3H). Low robustness populations have a larger variance
in fitness, which accounts for their more rapid initial increase in fitness. At equilibrium,
however, the s distributions becomes skewed once again towards negative values, which is
similar to the equilibrium distribution under an optimal environment (Figure 4.3G,I).

We were surprised by the relative inability of more robust populations to adapt to a
new environment (Figure 4.3B) compared to less robust populations. We wondered whether
the new, randomly generated environments are less genetically accessible for more robust
populations. We therefore constructed environments known to be accessible by constructing
a random genotype varget and generating its phenotype 2target using the same threshold
values and T matrix used throughout the simulation, and then setting b = ztarget. After
establishing an initial genetically uniform population population with a random v # vtarget,
we then challenged the population to evolve adaptively towards this new and accessible en-
vironmental target. We find that under all three robustness conditions, populations can
now evolve to optimal values (Figure 4.3E), similar to the ones we found when populations
evolve starting with the optimum genotype (Figure 4.3A). This indicates that robust pop-
ulations are highly adaptable to environments within their accessible phenotypic space. It
also demonstrates that new randomly generated environments are indeed less accessible, and
supports the idea that the universe of possible phenotypes is smaller in populations subject

to higher levels of robustness.
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4.3.4  FEvolution of robustness

In this section we investigate the dynamics of the evolution of populations when robustness
can genetically co-evolve along with phenotype. The previous sections examined the relative
advantages and disadvantages of robustness with respect to the evolution of a population in a
constant or abruptly altered environment. The major questions we explore here are whether
robustness can evolve adaptively under our model, and if it can, what is the magnitude and
dynamics of this change in relation to evolution of phenotype?

We then sought to allow robustness itself to evolve under genetic control. Allowing
mutations to change ~ is not a suitable method for addressing this question because such
changes will not only affect robustness, but can also change the phenotype directly. Instead,
introduce a positive real number o which scales the phenotypic effect of mutation. Equation

(4.3) is now written

yi=a Y tiv;—h, (4.5)
J

where h} = (a — 1) >_jtijvj + hi. The multiplication of the first term by « scales the
sensitivity of phenotype to changes in genotype in a manner similar to ~, but the modification
to h keeps z the same for the current v when « is changed.

The probability P for changing the phenotype after a single mutational change, previously

given in (4.4), now becomes
P =c[0.5 — ®(—ay/1/(1 +~%)acL)] (4.6)

Under this model, robustness is 1 — P. We note that there are five variables that can
influence P: a,c,L,~v and a. We set v, which we previously varied, to be a constant, and
only allow a to be the parameter that controls robustness. We set v = 1 in this case unless
otherwise stated. These values of a, ¢, L, and ~ restrict ® to a narrow region of its domain

near ®(0) which is almost linear. Then, to good approximation, a has a linear relationship
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to robustness (Figure 4.2B): robustness decreases as « increases.

A population of individuals with differing robustness

A direct prediction from previous sections is that if a population consists of individuals
having different degrees of robustness, high robustness will be favored under a stable optimal
environment. Low robustness will be selectively favored, in contrast, when the environment
changes. We set up simulations to test this hypothesis by allowing « to vary.

We initialized the v, z, T and h, following the same procedure as the one described for
investigating populations in a constant optimum environment (Section 4.3.3, above), with
the parameter values given in Table 4.2. Individuals, initially all sharing the same genotype,
were then assigned one of three o values: 0.5,1,2. These three types are represented in
the starting population with equal frequency. Figure 4.8A and B show a representative
population simulation under an initial optimal environment and under an initial randomly
chosen environment (compare to Figure 4.3A and B respectively). For populations with a
stable optimal environment, in twenty trials individuals with the highest robustness became
fixed in the population and the two lower robustness genotypes were eliminated (Figure 4.6).
For random initial environments, 16 out of 20 simulations resulted in fixation of the most

robust genotype, while in 4 cases the intermediate robustness genotype went to fixation.
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Figure 4.6: Mixed population with three degrees of robustness, evolving under
stable optimal environment 20 simulations start with initially three different degrees of
robustness, differing by «. In all the cases, lowest o (most robust) genotype takes over the
population.
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Figure 4.7: Mixed population with three degrees of robustness, evolving under
stable optimal environment 20 simulations start with initially three different degrees
of robustness, differing by «. In most cases, highest o (least robust) genotype takes over
the population, but there is some stochasticity in the result. In several cases, intermediate
robustness genotype takes over the population.

An evolving locus that controls robustness

To further investigate the evolution of robustness, we introduce a locus regulating robustness
that can mutate to different values of ar. This locus is completely linked to the other genotype
loci v. We use k bits of genotype to regulate robustness, and sum the bits to construct
a map from discrete changes in genotype to real valued changes in «. This procedure
yields k + 1 different robustness levels. The robustness genotype has the value m, where

m € Z:m € {0,..,k}. It is useful to consider m to be the logarithm of robustness, so that
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the scaling factor « is determined by
a = oI+ m), (4.7)

where m is the aforementioned robustness genotype, and I and J are the lower and upper
bounds of robustness. We then use 2 bits to represent three different a genotypes. We take
I = —1,J =1 so that a will have the three possible values 0.5, 1, and 2. Each individual
now has its own value of «, which can change by mutation. A mutation in the robustness
locus alters a single bit, as is the case for the rest of the genotype. The mutation rate of the
robustness locus is set to y- = 107°. Fitness is calculated from equation (4.1), (4.2), and
(4.5).

The initial ensemble of individuals were assigned three different degrees of robustness, as
in the previous section. The only difference is that now robustness of these populations can
evolve. We set up two environmental conditions, one in which the population starts in an
optimal environment, and the other one in which it starts from a randomly selected initial
environment. If starting in an optimal stable environment, the most robust genotype goes
to fixation in all simulations that we examined (Figure 4.8C, D), as was the case when «

was not allowed to evolve,
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Figure 4.8: Initial population with mixed robustness Simulations of populations with
the ability to evolve robustness. A. Introduce a parameter so that the initial population is
a mixture of individuals with 3 different robustness. The three « values are 0.5, 1 and 2.
C-F are results with evolved robustness, encoded by a second locus that can change « by
mutation. They are all simulations starting from initial mixed 3 levels of robustness, each
having equal frequency. C-D show the simulation results under optimal initial environment.
C shows one typical simulation, in which the population is fixed with the most robust allele
and keep it over time. D shows the fixation pattern of different robustness alleles from 20
simulations. Fixation is colored if that allele frequency is greater than 85% in the population.
If none of the alleles pass that threshold, it was left blank. The fixation is evaluated at every
100 generations. We can see among all the simulations, the most robust allele fixes in the
population from very early stage and is maintained fixed over time. E-F show simulation
results under random initial environment. E shows two representative simulations. Initially
the populations are fixed with the low robust allele, but over time, high robust allele becomes
fixed in the population and is maintained. F shows the fixation plot of different robustness
alleles under this random optimal environment. It is consistent from the 20 simulations that
under a random environment shift, initially low robustness is preferred, but in the long-term,
high robustness is selected for.
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For populations starting in a randomly selected environment, low robustness is selectively
favored initially, consistent with previous constant robustness results. However, as the adap-
tation process proceeds, a high robustness genotype will eventually take over the population
(Figure 4.8E, F). This long-term behavior in the adaptation case is not seen in the case of

fixed robustness.

4.4 Materials and methods

4.4.1 Forward evolutionary simulation

We use Wright-Fisher forward simulation to simulate the model. First of all, we want
to simulate populations under constant environment. At each generation, only mutation,
selection and genetic drift are considered. Genetic changes are on genotype, while selection
is on the end phenotype. No recombination is considered. This is essentially a 2N haploid
model.

The evolutionary scheme is as follows:

1. At each generation, certain number of mutations arise based on mutation rate.

2. Calculate mutant allele’s fitness based on the new genotype.

3. Re-sampling the next generation alleles based on their fitness, and return to step 1.

Because we are simulation a large number of genotypes, and high genomic mutation rate,
effective calculations are needed. We implemented population simulation under the c++
template framework of fwdpp model and made modification on top of that [182].

The code will be available on github.

4.4.2  Calculation of robustness

We define an extra parameter a: proportion of v which is 1. We let the elements #;; in
the T matrix to be i.i.d, and h; is drawn from a Normal distribution A(0, acL), which is
independent of v. We can derive the probability of change in z; when v, mutates. From
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equation 4.3

Before mutation, when L is large, using central limit theorem,

yi ~ N(0, (1+~%)acL)

When v, mutates, the probability of flipping bits in z; is:

P =2 P(y; in the range (—v,0)) - P(when v, mutates, y; increase )
=2-10.5 — ®(—7//(1 +y?)acL)] - ¢/2

= c[0.5 — &(—/1/ (1 +~2)acL)]

where ®(z) represent CDF of standard normal distribution.
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4.5 Discussion

We constructed a Boolean model of phenotypic evolution to explore the influence of robust-
ness on the evolution of traits under multi-locus genetic control. Our model features an
explicit mapping of genotype to phenotype and of phenotype and environment to fitness.
Robustness, the sensitivity of phenotype to changes in genotype, was described by either
of two possible parametrizations, can be either be controlled explicitly or itself allowed to
evolve. We employed forward population simulations to track trait evolution under both
constant and abruptly changed environments.

We used a Boolean model for this investigation because it has a finite, albeit large,
number of states. Moreover, only a finite possible set of rules govern its behavior. We
explored two environmental regimes. The first is a constant environment favoring the current
phenotype. Traits, under this regime, are maintained under mutation-selection balance, and
evolutionary dynamics can be understood by nearly neutral theory, since the phenotype is
close to optimum and most mutations are initially neutral or deleterious. One feature of the
model is that it has a large number of loci contributing to many aspects of phenotype. Under
this model, a single mutation rarely has a large effect on phenotype; a lethal mutation, for
example, is not expected to occur. The effect of a mutation, if it is not completely neutral,
is most likely nearly so. We found that under this scenario populations lose a small amount
of mean fitness for all three values of v, though high robustness populations equilibrate to a
higher mean fitness than lower robustness populations (Figure 4.3A).

We attribute this reduction in mean fitness to a purely population genetic process: back-
ground selection against deleterious mutation [24, 26]. In particular, because our model
has no recombination, a deleterious mutation anywhere in the “genome” (10,000 completely
linked loci), dooms the entire genome on which it occurs to extinction, and the future an-
cestry of the population is governed by the sub-population of unloaded (or least loaded)
genotype(s). With a broader distribution of selection coefficients, less robust populations

undergo stronger background selection (Figure 4.3F-G). This background selection, in turn,

96



by reducing “effective” population size, also reduces the efficacy of selection against weakly
deleterious mutations. Fixation of these weakly deleterious mutations by genetic drift re-
duces the mean fitness of the population. Finally, the population reaches a mutation-selection
balance and maintains a certain mean fitness value.

To our knowledge, this is the first time a connection has been made between robustness
and this population genetic process. One consequence of the reduction of population fit-
ness with reduced robustness is that as the population genetic equilibrium is approached,
selection will favor increased robustness simply to relieve the negative impact of background
selection on population fitness. This will occur purely for genetic/population genetic reasons,
independent of all other possible advantages of selection favoring robustness.

The second regime imposes a sudden environmental shift, sharply reducing mean fitness of
the population. The selection coefficient distribution changes because the current phenotype
is now far away from optimum, with a larger proportion of beneficial mutations (Figure
4.3H). This is a different evolutionary regime as compared to the stable environment regime
because now adaptation is driven by fixations of beneficial mutations. It is closely related to
Fisher’s geometric model, where the rate of adaptation is a function of the distance to the
optimal phenotype [41, 134, 72].

The initial rate of adaptation to a new phenotype, as expected, increases with decreas-
ing robustness. This occurs because the variance in selection coefficients of new mutations
is inversely proportional to robustness (Figure 4.3H), and the rate of adaptation is propor-
tional to this variance (Fishers Fundamental Theorem of Natural Selection). Low robustness
populations have greater mutational variance to fuel the adaptive process.

But we also discovered that robustness has consequences not only on the initial rate
of adaptation but also on ability of selection to ever achieve an optimal phenotype (Figure
4.3B). Population fitness stalled in every case at a lower value than found under the constant
environment regime for a given robustness. In addition, higher robustness resulted in lower

net fitness, even after a very large number of generations of evolution. The different levels
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of equilibrium mean fitness achieved by different degrees of robustness, we found, could be
understood when we considered the dimension of the phenotypic space in our model, which
increases as robustness decreases. Novel environments created new optimal phenotypes that
were generally outside of the space achievable by any combination of genotype. To test this
idea, we carried out simulations in which for each v a randomly selected genotype was used
to calculate the new optimal phenotype (rather than creating a random phenotype without
regard to genotype, as we had done previously) so that this new optimum is genetically
attainable by each population and robustness condition (Figure 4.3E). Notably, the initial
mean fitness is higher with increasing robustness because genotypes map onto a smaller
number of possible phenotypes, tightening the range of possible fitness values relating geno-
type to fitness. In this case, all of the simulations reached similar mean fitness levels as the
corresponding ones starting from an optimal genotype, indicating that the optimal genotype
was achieved in the course of adaptation. This result is in accord with the population genetic
model of [65], which shows the existence of an attractor when mutation-selection balance is
reached.

Phenotypic space in our model is smaller for high robustness than for low robustness.
In the most extreme case—at 100% genetic robustness—all genotypes will map to a single
phenotype, permitting no adaptive evolution. It is impractical to enumerate all genotype
and phenotype combinations for our full model, so we illustrate this idea by visualizing
all combinations in low dimension, specifically for L = 6,n = 6. We set up simulations
using the genotype to phenotype map in our model, first simulating for a fixed T" and h,
and use three v values to re-scale T' and enumerate all possible genotype and calculate the
corresponding phenotype. In this particular simulation (Figure 4.9), when v = 0.1, there is
only one possible phenotype that can achieved from all possible genotypes; when v = 10,
eleven different phenotypes are possible in the same genotypic space.

The two environmental regimes investigated with our model — selection around an op-

timum and selection for a novel phenotype — may be applicable to patterns of phenotypic
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Figure 4.9: Phenotypic space for all genotype combinations for different robustness
Simulation was done for n = 6, L = 6. Each circle represents a unique genotype, and each
column indicates the total number of “1”s in the genotype vector (from left to right, zero
“1”s to six “1”s). Each genotype is connected to its neighbor genotype that has 1 bit of
difference. One set of randomly generated T and h was used for all v values and for all
combinations in genotype. For different v values, the T was scaled to vT', according to the
equation 4.1. The corresponding phenotype for each genotype was calculated. Each Boolean
phenotype vector was then converted to an integer value, from which each unique value is
assigned to a color.
evolution commonly observed in fossil record, where long-term stasis alternates with brief
periods of rapid change (Punctuated equilibrium [64, 38]). But for canalized traits that are
subject to long-term stabilizing selection with a fixed optimum, our model shows that genetic
robustness against mutation can prevent adaptive evolution from achieving a new optimum
in response to a large environmental change. In the absence of change in the robustness
regime, genes that contributes to canalized traits may have limited opportunity to evolve.
They may, however, be able to track small changes in the environment that select for phe-
notypes that are within the neighborhood accessible by mutation, as our further simulations
show.

In the second part of the study, where we let robustness evolve along with the genotype
that controls the phenotype (and completely linked to it), we observed initial selection for

low robustness genotypes accompanied by rapid phenotypic evolution, followed by reestab-

lishment of high robustness genotypes. Surprisingly, high robustness reappeared relatively
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early in the process of adaptation, hindering further progress. As evidence, the equilibrium
mean fitness reached when robustness was allowed to evolve was lower than the value reached
with a fixed low robustness genotype (Figure 4.10). Currently we do not fully understand
this process, and the extent to which it is dependent on assumptions of the model, such
as complete linkage between genes controlling phenotype and genes controlling robustness.
For our model, at least, selection favoring robustness occurs long before selection on pheno-
types reaches its target (or population optimum), and it hinders further adaptive evolution

of traits.

Comparison of evolved to non-evolved robustness
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Figure 4.10: Comparison of mean fitness change of population with evolved ro-
bustness and fixed robustness The mean fitness curves with fixed robustness values are
shown in blue, green and yellow, with a values 2, 1,0.5. The magenta curve shows the mean
fitness change over time with evolved robustness, starting from a mixed population (with
same number of individuals carrying the three different a values). The solid line shows the
mean value of 20 simulations, and each upper and lower bound for each color is showing
1.5 standard deviations at each time point. When robustness is able to evolve, initially low
robustness genotype is fixed in the population, and the slope of the initial mean fitness curve
is steep, similar to the fixed low robustness curve (blue, a = 2). However, when the high
robustness genotype gets fixed in the population, the mean fitness grows slowly, of which
trajectory falls similar to the high robustness one (yellow, a = 0.5), resulting in a lower
long-term mean fitness value compared to low robustness.

The computational efficiency of our Boolean model allowed us to replicate the evolution

of simulated populations under selection for a large number of generations. In every case,
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population fitness reached apparent asymptotes, for which a parabolic equation with satu-
ration fit the data better than a power law equation (Figure 4.11). It is notable that power
law trajectories do not have an upper limit, though they can decelerate. Wiser et al. [196]
investigated whether the Long Term Experimental Evolution (LTEE) populations of E. coli
appeared to be reaching an upper limit of fitness, but found that these populations have con-
tinued to improve absolute fitness for 50,000 generations, albeit with diminishing returns.
The authors argue that in nature, small but steady improvement in E. coli fitness could
continue essentially indefinitely, in contrast to our results with simulated populations, which
suggest saturation. One possibility is that our simulations set a fixed target for populations
to evolve towards, whereas selection in the LTEE populations is for relative competitive
ability, which may not have a fixed target (even though the environment is constant). An-
other possibility is that in LTEE experiment, with only 50,000 generations of evolution, it
simply may not be enough time for populations to get close an equilibrium. We show that,
for our model, if taken fewer generations, such as the first 2.5 x 106 generations for random
environment, it fit better with power law (Figure 4.11).

The period of low robustness at the onset of environmental change is usually observed in
different systems, indicating low robustness is preferred for the initial stage of adaptaions. In
bacteria, there is stress-induced mutagenesis, where under some stress F. coli cells increase
mutation rates by activating the SOS pathway, changing to error-prone polymerase [14, 53],
or resulting in DNA-damage, causing recombination [147, 37]; their behaviors are manifes-
tation of lowering robustness. Other evidence supports that natural selection favors high
robustness in natural population, which is similar to our stabilizing selection near optimum.
Hsp90 was found to buffer standing genetic variation in yeast from natural populations, but
reveals more variation (opposite effect) for de novo mutations in Mutation Accumulation
(MA) lines [56], indicating natural selection is selecting for high robustness in the long-run.
Similarly, selection on yeast TDH3 promoter was shown to reduce expression noise and thus

favor robustness [120]. Polymorphisms, in this study, were shown to be less likely to increase
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Figure 4.11: Comparison of fitting mean fitness curve with hyperbolic and power
law Here shows fitting the same simulation that starts with a random initial environment
with hyperbolic and power-law curves. The only difference between the two is the length
of generations in simulations to fit with. If fitting is performed using the first 2.5 x 100
generations, power-law curve fits better (hyperbolic curve fit error: 0.020, power-law curve
fit error: 0.013). If fitting is performed using 8 X 108 generations, a hyperbolic curve fits
better (hyperbolic curve fit error: 0.013, power-law curve fit error: 0.033).

expression noise than random mutations, indicating that selection is favoring high robustness

mutations under stabilizing selection.
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CHAPTER 5
DISCUSSION AND CONCLUSIONS

In summary, I explored three questions related to canalization and evolution in my thesis.
In the first study, I explored the natural variation in the conserved eve expression within
species of Drosophila melanogaster. 1 found large deviation of gene expression could exist at
the molecular level, even for this well conserved gene expression. However, such deviation
of change is partially rescued in later developmental time, which results in a less severe
alternation. Despite of that, the altered eve pattern does not fully rescue to wild type, and
does have an effect on the downstream Engrailed expression. This is a good example of
canalization, where a large deviation in phenotype get diminished during development. This
also indicates that some rare alternations in gene regulatory network that pass through the
sieve of development could potentially exist, which may allow compensatory evolution to
occur.

In the second study, I followed up with a computational prediction to explain the mecha-
nism of how two enhancers from two species with huge sequence divergence can drive similar
expression patterns. By conducting rather complex genetic crosses, I compared the two en-
hancer reporter expression in the presence and absence of the predicted transcription factor.
The experimental results are in support of the computational prediction.

Finally, T explored the general question of how canalization would evolve by using a
computational model. I found under constant optimal environment, high robustness has a
selection advantage, while in the face of a sudden change of environment, low robustness
has a selection advantage. Low robustness has a larger phenotypic space compared to high
robustness. When robustness is able to evolve with the phenotype and when adapting to a
new environment, low robustness is initially selected for, but within relatively short period
of time, high robustness get fixed in the population, much earlier than the population could
reach for its potential mean fitness. Indicating that although high robustness genotype may

impede with the population’s long-term behavior to reach to a higher mean fitness value, it
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still gets fixed relatively early during evolution according to our genetic model.
In the rest of this chapter, I further elaborate on issues pertaining to each chapter, and

their implications for future studies.

5.1 Natural variation on eve

By careful quantification we show that gene expression variation in the pair-rule gene eve
is present within a species, despite its conservation over long evolutionary time. Moreover,
the observed deviation in pattern of eve expression, which we attribute to a trans deletion
mutation in the kni, which itself has reduced early expression, is far greater than what
is observed between different species. Mutational deviations in conserved traits, generally
speaking, are not strong indicators of canalization because traits may be simply conserved
by selection for a fixed optimum. A better indicator of canalization derives from the fact
that weak early Kni expression in the mutant, and the lack of early cycle 14 Eve stripe 5,
both are partially “corrected” by late cycle 14. This reduction in deviations in expression
over development offer a possible definition of canalization. Yet, even this definition—a
reduction in deviation of a phenotype through development—is insufficient because in this
case there is also a spacing defect in Eve stripe 3/4 that is not corrected in cycle 14, and
there is also a specific Engrailed patterning defect, which is regulated by Eve stripes, at a
later stage of embryonic development. I believe that careful scrutiny and increased precision
of measurement will reveal many subtle differences, some features of which resolve fully over
time, and others of which do not.

These observations about the complexity of developmental variation highlight the chal-
lenge of defining canalization. It suggests to me the importance of using a dynamical system
formulation to define canalization. The deviant eve pattern at the end of cycle 14 suggests
that, rather than a single point attractor, when genotype changes, the underlying dynamics
can change, which may result in a nearby attractor state or the deviant pattern can be a

time-dependent transient state in the mutant. A complete and correct dynamical model
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should be able to explain all of the observed complexity of a developmentally regulated
phenotype.

Even though I investigated eve expression patterns for only a small sample of inbred
wild-derived lines, I find phenotypic variation in expression within species. Its conservation
between species is apparently not a good predictor of the extent of within-species variation.
(I acknowledge that this could just be a case of the winner’s curse.) It would be worthwhile to
scale up this type of study to get a more comprehensive understanding about the distribution
of variation in a tightly regulated developmental trait. However, imaging quantification
across a developmental timecourse is a time-limiting step currently, where at most, only
dozens of lines can be investigated with a reasonable effort. With the aid of micro-fluidic
devices or other enabling technology, the throughput will need to increase another order of
magnitude.

I showed that the intron in the kni may be responsible for the loss of stripe 5 at early
cycle 14 for L2. To demonstrate this to be the causal effect, CRISPR technology can be
employed to place the two alleles in a single isogenic genetic background. Construction of
the two alternative alleles in a common genetic background will allow measurement of the
possible fitness cost of this deletion allele.

The 448bp deletion of kni intron in L2 is not present in other lines derived from the same
population, indicating that this deletion allele is probably deleterious in nature. Alleles
that segregate at more intermediate frequency in the population probably will have smaller
phenotypic effects. Identification of phenotypic variation in common genetic variants, there-
fore, will be much harder, because very careful quantification and larger sample sizes will
be needed to distinguish small differences. The expression dynamics itself also change over
time. A way to get around this challenge with the pattern formation system is to find a
simpler phenotype that is canalized but has an easier to measure readout.

My results with eve also highlight the fact that a mutation of large effect, subject to

likely elimination by selection, can occur in a canalized trait subject to stabilizing selection.
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The mutant allele in kni, because it occurs at low frequency in the population, is indicative
of mutation-selection balance, not stabilizing selection. Yet since we observe phenotypic
conservation of eve patterning across all higher Diptera, I suspect that there is a general
stabilizing selection with the same phenotypic target for this trait. The huge phenotypic
diversity for the eve when looking at more basal lineages of Diptera shows that diversifying
selection may have occurred earlier in evolutionary history. Subsequently, it is stabilizing
selection that may be dominant for this trait in each species to maintain relative constancy

of gene expression level and localization along the embryo.

5.2 More about cad experiments

In retrospect, the experimental design for the cad experiment could have been better. Orig-
inally, our goal was to test whether there is reduction or depletion of T. put S2E in cad
embryos compared to D. mel S2E; and we did not anticipate finding a reduction of D. mel
S2E in cad embryos. Therefore, we designed the experiments to compare each enhancer in
its wild-type background and in a cad background. So, we did not think it would matter
whether these two enhancers drove different reporters. However, to make quantitative com-
parisons across these two enhancers for the four combinations under the same conditions, the
two enhancers should drive the same reporter, say lacZ. For in situ hybridizations, I noticed
that it is easier to obtain a good signal to noise ratio with a lacZ probe than with a GFP
probe. This difference is probably due to the fact that lacZ is a reasonably long sequence
(~3kb), while GFP is a relatively short sequence (~500bp). If the two evolutionary versions
of the enhancer had driven the same lacZ reporter, the experimental comparisons would
have been more informative.

Another possible alternative experimental design to test the cad hypothesis, would be to
make artificial enhancer constructs that mutate all the predicted Cad binding sites for D.
mel S2E and T. put S2E. Through personal communication with Ben Vincent from Angela

Depace’s lab, I get to know that he conducted some experiments along this line. In his
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preliminary data, when he mutated all the predicted Cad binding sites for D. mel S2E, he
saw abolishment of expression. However when he deleted both Hb and Cad binding sites,
he saw restoration of stripe 2 expression. His data indicates that Cad, rather than being
a co-activator for Hb, may instead derepress Hb. Cad is a homeobox protein, which binds
to a similar motif as many other homeobox transcription factors. It is worth exploring, in
my opinion, possible effects from other homeobox transcription factors that express around
the same time and location, and also the side effect of mutating Cad binding motifs on the
binding strengths of other repressors.

Results in the literature led us to believe that anterior gap gene expression is largely
preserved in the cad™®*2¥9 embryos. This provided a rationale for making cad mutant
embryos. However, in retrospect, we cannot exclude the possibility that anterior gap gene
expression levels are altered in cad mutants. If this is the case, the reduction of D. mel S2E
in cad mutants may be caused by factors other than cad. The strong endogenous eve stripe
2 expression in cad mutants must be driven by sequences outside of the S2E. This makes
me think about how, precisely, to define an enhancer. For the most accurate description,
an enhancer should be both necessary and sufficient to drive a defined expression pattern as
or a subset of the endogenous gene. However, most enhancers are identified as a minimal
contiguous sequence element that can drive a pattern of expression that recapitulates wild-
type expression [173, 166, 155]. Also, most enhancers are only being tested for their ability to
drive expression in a qualitative way. Rarely are enhancers tested for their ability to rescue
the endogenous expression level [107]. In our study, we found differences in the level of the
enhancer expression compared with endogenous expression. In order to define a contiguous
piece of DNA that can fully recapitulate the behavior of the endogenous locus, we should
also test this DNA in different mutant conditions. If there exists such contiguous DNA that
recapitulate wild-type expression under normal and mutant conditions, we should define it to
be the enhancer. However, if we cannot find such a piece of contiguous DNA, the concept of

modularity for an enhancer should be taken with caution. That being said, such experiments
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would be unrealistically painstaking to perform exhaustively.

5.3 Robutness simulations

The framework of our model is quite general because it captures a specific genotype to phe-
notype map, and considers selection based on the idea that a change in environment shifts
the phenotypic optimum to be selected upon. In a sense that when changing the environment
in regards to the current phenotypic state of populations, different evolutionary dynamics
occur and can be understood under a particular population genetic regime. For example,
when the environmental optimum is close to the population’s phenotypic optimum, the evo-
lutionary process can be understood by near neutral theory. In contrast, if an environmental
optimum is far away from the current phenotypic optimum, this process can be understood
by a directional adaptation process (Fisher’s geometric model of adaptation) where fixation
of beneficial alleles dominate.

One interesting phenomenon that has been observed from this work which has not been
fully understood is that when robustness is able to evolve at the same time as phenotypic
evolution, high robustness evolves rather quickly in the adaptation process. As a result,
the mean fitness reached by the population which has the ability to evolve robustness has a
lower long-term stable fitness than the populations with low robustness. This indicates that
the populations which evolve to high robustness are “trapped” in the local optimum, losing
their long-term advantage to evolve to a global optimum. The underlying fitness landscape
is quite rugged, so that this “trap” of local optima is possible. We currently do not have
a good understanding as to why high robustness evolves so early in our model, and what
triggers the initial selection advantage of fixing the high robustness allele. However, as the
high robustness alleles increase in frequency under selection, though there are intermedi-
ate robustness segregating in the population, lower robustness cannot compete successfully
against high robustness alleles in these cases. Perhaps the probability of getting a beneficial

mutation is rare. It is worth further exploration of the model to determine if there is a way
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to get populations out of the local optima.

There are some aspects or features that could be added to this model to further explore
questions related to robustness and adaptation. One is to add a genotype to environmental
interaction term. One outstanding question concerns the subtle difference of Waddington’s
genetic assimilation theory versus the Hsp90 mechanism of canalization. Hsp90 serves as a
global regulator, which itself interacts with environment, controlling the phenotypic effects
caused by mutations (aka robustness). However, Waddington’s genetic assimilation theory
involves specific gene-environment interactions, where a global regulator may be absent but
genes in specific pathways respond to the environmental change. This process may also
involve directional changes. Whether there is a directional change or not may depend on
whether the organisms have experienced such changes in the past, in other words, whether
those directional changes may have been the result of natural selection. It would be inter-
esting to explicitly test the two scenarios by constructing a global regulator that controls
robustness versus a pathway-specific regulator that interacts with the environment. Also
it would be interesting to explore how natural selection may act on the directionality of
response for different environments. Along the same line of thought, modularity may arise
under this scenario, as many studies have already discovered. It would be very useful to
investigate how different properties arise based on different assumptions in the model. With
more emergent properties, evolving new traits from the current canalized state may not be

as difficult to achieve as we initially thought.
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