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Abstract
Bet hedging, as a mode of evolutionary response, maximizes long-term fitness in
unpredictably fluctuating environments by sacrificing fitness in average environments in
exchange for increased fitness in rare but calamitous environments. A bet-hedging
strategy is suboptimal over short timescales, but optimal over long timescales because it
buffers temporal variance in fitness. It is unclear how such strategies can persist when
selection is expected to improve suboptimal traits in the short-term. It has been
proposed that the maintenance of bet hedging is possible if the ability to adaptively
track environments is constrained in the short-term. To test this hypothesis, we first
develop an experimental system using Saccharomyces cerevisiae that is suitable for the
evolution of bet hedging under fluctuating selection. In this system, fluctuating selection
is imposed through repeated heat shocks separated by intervening benign
environments. Using this system, we evolve bet hedging under fluctuating selection and
ask whether it has evolved as a constraint on adaptive tracking. We do this by selecting
for the retention of the bet-hedging trait through continual reduction in the frequency
of extreme environments across two sequential evolution regimes, viz. Regime-A (high
frequency of heat shocks) and Regime-B (low frequency of heat shocks). To measure
evolved constraints, we further evolve lines from both regimes under extended benign
conditions and assay for the loss of heat shock tolerance. We observe the retention of
heat shock tolerance despite selection under extended benign conditions in lines from
Regime-B but not in lines from Regime-A. Moreover, we find that evolution under
ii

extended benign conditions results in increased fitness under benign conditions in lines
from Regime-A but not in lines from Regime-B. Taken together, these results suggest
that a constraint on adaptive tracking evolves in lines from Regime-B relative to lines
from Regime-A. While constraints have traditionally been perceived to be maladaptive,
we show that they may be adaptive and could potentially be selected for in the long
term.
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General Introduction
Bet hedging, as a mode of evolutionary response, is a risk-aversion strategy that
maximizes long-term fitness in unpredictably fluctuating environments (Lewontin &
Cohen, 1969; Philippi & Seger, 1989). A bet-hedging strategy results in increased fitness
in detrimental/extreme environments at the cost of fitness in average or expected
environments. Because extreme events tend to be rare, there is strong selection to
improve fitness of suboptimal phenotypes over the short-term in average environments.
The central focus of this thesis is to address how bet hedging evolves when it entails
selection for apparent suboptimality over shorter timescales.
In addition to bet hedging, adaptive tracking and phenotypic plasticity may also
be selected for in fluctuating environments (Simons, 2011). The reliability of
environmental cues and the timescale of environmental variation determine these
modes of evolutionary response (Botero, Weissing, Wright, & Rubenstein, 2015).
Environmental cues that signal impending changes often precede environmental
conditions. The reliability of these cues indicate how well correlated these cues are with
changes in the environment (Reed, Robin, Schindler, Hard, & Kinnison, 2010; Schmitt,
McCormac, & Smith, 1995; Stabell, Ogbebo, & Primicerio, 2003). An example of a
reliable cue is change in photoperiod which serves as an indicator of seasonally varying
temperature. The timescale of environmental variation is determined by the number of
generations between environmental events. Bet hedging is expected to evolve when
environmental fluctuations are frequent and when environmental cues are unreliable.
1

Evolutionary response through adaptive tracking requires genetic variation for fitness,
and occurs if environmental fluctuations are relatively infrequent regardless of the
predictability of environmental cues. Because it is limited by heritability, adaptation
always lags behind a change in the environment, and frequent environmental
fluctuations constrain the effectiveness of adaptive tracking (Simons, 2011). In rapidly
fluctuating environments, if reliable cues exist, phenotypic plasticity is expected to
evolve (Botero, Weissing, Wright, & Rubenstein, 2015).
To understand how bet hedging serves as a risk spreading strategy, it is
necessary to scrutinize how fitness is interpreted through time. The simplest way to
condense fitness values for an individual or genotype over a period of time is by
representing it as the arithmetic mean fitness (AMF) of all fitness values over time.
However, utilizing the AMF to infer evolutionary success can be problematic when
variance in fitness of a genotype exists through time. Fitness through time can also be
represented by the geometric mean fitness (GMF) which is the nth root of the product of
n fitness values. The GMF is a more appropriate measure of fitness over time than the
AMF and this can be understood from three perspectives. Firstly, since reproduction and
changes in gene frequency in a population are both multiplicative processes, it makes
more sense intuitively to use the GMF. Secondly, it may be demonstrated in simple
mathematical terms that the arithmetic mean fitness (AMF) as a measure does not
represent success over generations under temporal fluctuations in fitness. It has been
shown that long-term evolutionary success is a function of both the mean and variance
in fitness (Dempster, 1955). This long-term evolutionary success is better explained bya
2

high GMF as opposed to a high AMF because small fitness values do not greatly affect
(and are, thus, not adequately represented in) the AMF as much as they do the GMF
(Gillespie, 1977; Orr, 2009). Finally, because the GMF is equivalent to the AMF when
there is no variance in fitness, the AMF may be considered a special case of the GMF.
Therefore, a genotype/allele that predominates over time has maximized the GMF.
Traits that maximize the GMF, therefore, are associated with low fitness variance (Lee &
Doughty, 2003; Yoshimura, Tanaka, Togashi, Iwata, & Tainaka, 2009). A bet-hedging
strategy does exactly that— it minimizes the risk of low fitness in an environment by
reducing the fitness variance across all environments. This may be visualized by
contrasting a specialist strategy against a bet-hedging strategy in fluctuating benign and
detrimental environments. The specialist strategy does better in benign environments
but, consequently, much worse in detrimental environments compared to the bethedging strategy. The low fitness values in detrimental environments severely depresses
the overall GMF. In contrast, the fitness values of the bet-hedger in both environments
do not differ drastically. As a result, low fitness values are avoided in detrimental
environments at the expense of high fitness values in benign environments (Simons,
2011). Fluctuations in fitness exist when adaptation to all environments has not
occurred. This may be due to across-environment trade-offs in resource allocation,
antagonistic pleiotropy, etc. Under these conditions, adaptation to one environment
comes at the cost of fitness in another environment. If these trade-offs do not exist,
fitness values will not variably fluctuate across environments and maximizing the GMF
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may occur through adaptive tracking (i.e. would be equivalent to AMF), and not depend
on the evolution of bet hedging.
Risk avoidance (or conservative bet hedging) and risk spreading (or
diversification bet hedging) represent the two broad classes of bet-hedging strategies.
The bet-hedging strategy described in the scenario above operates through risk
avoidance, a type of conservative bet hedging that results in ‘middle-of-the-road’ traits
characterized by suboptimal but safe trait values. However, risk minimization can also
be achieved through risk spreading. Diversification bet hedging operates by spreading
risk among individuals of a given genotype (Simons, 2009); thus, non-zero survival is
ensured across environments (Childs, Metcalf, & Rees, 2010).
Both conservative and diversification bet hedging maximize long-term fitness by
reducing the fitness variance across environments resulting in a suboptimal phenotype
in average or expected environments. Because detrimental events tend to be rare,
strong selective pressures exist in the short-term to improve fitness for suboptimal
phenotypes in average environments. Research has focussed on whether or not bet
hedging evolves under given conditions of fluctuating selection. However, surprisingly
little attention has been focussed on how bet hedging can evolve when it entails, by
definition, selection for apparent suboptimality over shorter time scales. It has been
proposed in a conceptual model that bet hedging evolves as a constraint on adaptive
tracking. An evolutionary constraint is a limitation on the course of adaptation and has
traditionally been viewed as a hinderance to natural selection. A bet-hedging trait that is
suboptimal in average environments can be maintained despite strong selection to
4

improve this trait if bet hedging evolves as a constraint on adaptive tracking. When
adaptation to average environments is constrained, fitness in rare but detrimental
environments is not compromised resulting in increased long-term fitness. In theory,
this constraint would be continually reinforced by selection during the rare but severe
events. In this thesis, we take an experimental evolution approach using the yeast
Saccharomyces cerevisiae to test the hypothesis that bet hedging evolves as a constraint
on adaptive tracking. Our test involved two steps:
1) Developing an experimental system using Saccharomyces cerevisiae that would
allow for the evolution of bet hedging under fluctuating selection.
2) Utilizing this system to empirically test the hypothesis that bet hedging evolves
as a constraint on adaptive tracking.
The objective of Chapter 1 is to identify and develop the experimental system
and assess fitness trade-offs between environments. Fitness trade-offs are central to the
evolution of bet hedging as they generate variance in fitness across environments.
Recall that without trade-offs, maximizing long-term fitness will not depend on bet
hedging but rather on the independent optimization of all traits under selection. In this
first chapter, two separate trade-off systems are assessed. In the first system, we assess
trade-offs between antifungal resistance to the azole antifungal fluconazole, and salt
tolerance using sodium chloride. In the second system, we assess trade-offs between
heat shock tolerance and growth under benign conditions.

5

The objective of Chapter 2 is to empirically test the hypothesis that bet hedging
evolves as a constraint on adaptive tracking using the heat shock tolerance system
developed in Chapter 1. We do this by selecting for the retention of the bet-hedging
trait through continual reduction in the frequency of extreme environments across two
sequential evolution regimes. As the frequency of extreme environments decrease,
selective pressure to enhance fitness under benign conditions increases. However, due
to fitness trade-offs, any increase in fitness under benign conditions comes at the cost
of survival under extreme environments. Therefore, if there is nonzero genetic variation
for constraint, this will be recurrently selected for during the extreme environments,
and we expect the evolution of a constraint on adaptive tracking under benign
conditions; in other words, evolution of a phenotype with the ability to retain a
sufficient level of survival under extreme environments despite increased selective
pressure to improve fitness under benign conditions. Due to Chapter 2 being prepared
for publication, some redundancy occurs among introductory sections.
Bet hedging studies are diverse both in terms of the types of studies
(computational, experimental, field studies) and experimental systems used. Despite
this, bet-hedging theory lacks a mechanistic explanation. Although proximate
mechanisms for bet hedging have been proposed, they pertain to the specific organism
and the evolution of the trait in question rather than to the evolution of bet hedging.
The goal of this study is to bridge this important gap in knowledge by testing the
idea that bet-hedging traits evolve as a constraint on adaptive tracking.
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Chapter 1: Developing an experimental system
suitable for the evolution of bet hedging
1.1 Introduction
A surge of interest in recent years has led to growing empirical evidence for bet
hedging (Frankenhuis, Panchanathan, & Belsky, 2016; Furness, Lee, & Reznick, 2015;
García-Roger, Serra, & Carmona, 2014; Graham, Smith & Simons, 2014; Gremer,
Kimball, & Venable, 2016; Lycus et al., 2018; Tarazona, García-Roger & Carmona 2017).
However, tests of bet hedging are difficult, and variation in the strength of evidence
exists. A system to categorize tests of candidate bet-hedging traits proposed by Simons
(2011) posits that strong evidence for bet hedging is conditional on demonstrating that
bet hedging maximizes the geometric-mean fitness (GMF) over fluctuating selection. Bet
hedging is adaptive over the long-term but, it can appear maladaptive in the short term
(Seger, 1987; Simons, 2011). Because of this, specialist strategies that are only beneficial
in the short-term can be misconstrued to result in long-term evolutionary success.
Therefore, long-term studies are required to test if a candidate bet-hedging trait is
indeed adaptive, which at least partially explains the lack of strong quantitative evidence
for bet hedging.
Experimental evolution, as a research tool, is ideal for the study of bet hedging
as it allows for long-term environmental manipulations that may capture evolutionary
effects of naturally fluctuating environments. Furthermore, since this approach allows
7

for the study of underlying evolutionary processes in real time and in replicate
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populations, diverse questions can be addressed including the presence of evolutionary
costs or trade-offs between traits; constraints on evolution, and changes in population
genetic parameters (Kawecki et al., 2012). For these reasons, experimental evolution is
being widely adopted to address questions pertaining to bet hedging using a variety of
study systems from microbes to mammals (Beaumont, Gallie, Kost, Ferguson, & Rainey,
2009; Bradford & Roff, 1993; Graham, Smith, & Simons, 2014; Rainey et al., 2011; Rajon,
Desouhant, Chevalier, Débias, & Menu, 2014; Tarazona, García-Roger, & Carmona,
2017; Zammuto & Millar, 1985).
When asking general questions about evolutionary processes that apply broadly,
it is largely a matter of convenience as to which experimental organism is best suited for
a particular evolutionary problem. Microbial model systems are widely used for
experimental evolution due to their short generation times and large population sizes,
allowing for faster adaptation (Elena & Lenski, 2003; Kassen, 2009). The focus of this
thesis is to address how bet hedging is evolves when it entails selection for apparent
suboptimality in the short-term. We hypothesize that this is possible if bet hedging
evolves as a constraint on adaptation, and test this using the Saccharomyces cerevisiae
model system. Recent large-scale phenotype screens and phenome analyses (Engel et
al., 2009; Ferea, Botstein, Brown, & Rosenzweig, 1999; Fernandez-Ricaud et al., 2007;
Suzuki et al., 2018; Warringer & Blomberg, 2003; Yoshikawa et al., 2011) coupled with a
wide range of genetic and genomic tools (Dunham et al., 2002; Leu & Murray, 2006;
Ratcliff, Denison, Borrello, & Travisano, 2012; Segrè, Murray, & Leu, 2006) have made
the budding yeast an ideal choice for experimental evolution. The strain of
9

Saccharomyces cerevisiae used in this study is the S288C laboratory strain designed by
Mortimer and Johnston in 1986. This strain is a haploid, has only a few nutritional
requirements and can be maintained to reproduce asexually as it is unable to switch its
mating type (Louis, 2016; Mortimer & Johnston, 1986).
To test the hypothesis that bet hedging evolves as a constraint on adaptive
tracking, it is important to develop a system that would allow for the evolution of a bethedging trait. Bet hedging is expected to evolve under unpredictably fluctuating
environments. In its simplest form, this would entail an evolution regime comprising
two alternating environmental states– stressful and benign (Cohen, 1966). In previous
studies, unpredictability has been incorporated into microbial evolution regimes by
randomizing the order of benign and stressful environments (Graham, Smith & Simons,
2014; Karve, Bhave, & Dey, 2018). In contrast to randomization, we believe that
alternating between these environmental states is appropriate for the present
circumstances. In our system, transfers between environmental states occurs at the
saturation phase of growth, i.e., there are ~8 generations between environmental
states. This results in an almost complete population turnover and individuals in a given
environment are largely underrepresented in following environments. Therefore, an
overwhelming number of individuals in any environment have no direct experience of
past environments, making future environments unpredictable. In further support for
this argument, the previously discussed study by Karve, Bhave & Dey (2018) found no
difference in the extent of adaptation when environmental states in evolution regimes
were either alternated or randomized.
10

The evolution of bet hedging also requires fitness trade-offs between
environments. Evolutionary trade-offs are thought to be instrumental to the
maintenance of biological diversity both within and among species (Clark et al., 2007).
Based on the number of traits involved, trade-offs can be categorized into two types. A
one-trait trade-off exists when the direction of selection differs for a single trait due to
differences in environments or other selective agents. An example of this trade-off is the
case of stabilizing selection acting on gall size produced by gall fly larvae in goldenrod.
While larger galls prevent ovipositors of parasitoid wasps from reaching flies, they also
are more visible and, therefore, susceptible to attack by birds (Weis & Gorman, 1990). A
multi-trait trade-off arises when selection to improve two or more traits is constrained
due to a common limiting resource. It is important to note that when a common
resource is abundant, selection can act to simultaneously improve all traits in question.
A multi-trait trade-off is only manifested when a common resource becomes limiting. An
example of a multi-trait trade-off is one between offspring size and offspring number
(Agrawal, Conner, & Rasmann, 2010; McGinley & Charnov, 1988). Trade-offs exist when
adaptation to two environments cannot proceed simultaneously, such that one trait is
improved at the cost of another or due to competing demands on a single trait. Hence,
trait specialization in a given environmental state can result in low fitness values when
environmental states change. Under such environmental fluctuations, bet hedging is a
potentially beneficial strategy in the long-term. This is because bet hedging maximizes
GMF by avoiding low fitness. In contrast, if trade-offs do not exist, the strategy that
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would maximize the GMF would simply be the improvement of all traits under selection
(Stearns, 1989).
Therefore, to empirically test our hypothesis, both components, viz.,
unpredictable environmental fluctuation and trade-offs, need to be incorporated in the
selection regime. The following sections detail two systems that were assessed for
fitness trade-offs. The first system investigates the trade-off between antifungal
resistance and salt tolerance and the second system investigates the trade-off between
heat shock tolerance and growth.

1.1.1 Antifungal Resistance – Salt Tolerance Trade-off

To combat the growing threat of pathogenic fungal infections, a variety of
antifungal drugs have been developed. These vary in their mode of action ranging from
fungistatic drugs (that slow growth enough for immune functions to overcome
infection) to fungicidal drugs (that directly kill the fungal source of infection). However,
only a few different classes of antifungals are routinely used to control pathogenic fungi
in animal systems and most of these either directly target ergosterol or the ergosterol
biosynthetic pathway (Anderson et al., 2003). Ergosterol is an important and abundant
component of the fungal cell membrane whose functions include the maintenance of
membrane integrity and fluidity and ensuring the correct functioning of membranebound enzymes (Cowen, Sanglard, Howard, Rogers, & Perlin, 2014; Lupetti, Danesi,
12

Campa, Tacca, & Kelly, 2002). Moreover, ergosterol is not found in animal cells, making
it an ideal antifungal target. The drug used in this study, fluconazole, belongs to the
azole class of antifungals that targets the ergosterol biosynthetic pathway.

In the last decade, the widespread use of antifungal drugs has directly
contributed to the increased incidence of drug-resistant pathogenic fungi (Perlin,
Rautemaa-Richardson, & Alastruey-Izquierdo, 2017; Rogers, 2002). These drug-resistant
pathogenic fungi have also been observed in environmental reservoirs where medically
relevant antifungals have been used in agricultural practices (Verweij, Snelders, Kema,
Mellado, & Melchers, 2009). However, evolved antifungal drug resistance is generally
assumed to come at a physiological cost resulting in decreased fitness in the absence of
the drug (Ben-Ami et al., 2011; Hill, O’Meara, & Cowen, 2015; Huang & Kao, 2012;
Vincent, Lancaster, Scherz-Shouval, Whitesell, & Lindquist, 2013). This has also been
observed in the case of evolved fluconazole resistance in yeasts (Anderson et al., 2003;
Sasse et al., 2012).
Resistance to fluconazole can evolve in multiple ways including: (i) upregulation
of efflux pumps (usually through mutations in PDR1, PDR3, PDR5 and MDR1) to reduce
intracellular concentrations of the drug, (ii) upregulation of the azole drug target,
primarily through the increased transcription of ERG11, (iii) decreased binding affinity of
the drug to the target via mutations in ERG11 that encodes for a cytochrome P450 used
in the ergosterol biosynthetic pathway, and (iv) altered sterol composition through the
inactivation of ERG3 which is responsible for the formation of the toxic product 14α-

13

methyl-3,6-diol from 14α-methylfecosterol in the ergosterol biosynthetic pathway.
Inactivation of ERG3 results in formation of a nontoxic precursor of ergosterol and a
suboptimal but functional cell membrane (Kanafani & Perfect, 2008; Lupetti et al.,
2002). These differing paths that all lead to fluconazole resistance can each potentially
come with different costs.

We used two approaches to study fitness trade-offs associated with fluconazole
resistance. In our first approach we used an artificially constructed yeast strain that had
the ERG3 gene deleted (ERG3Δ) to assess trade-offs associated with fluconazole
resistance. This deletion essentially represents a loss-of-function mutation in ERG3
which confers fluconazole resistance. To assay fluconazole resistance, we performed
Minimum Inhibitory Concentration (MIC) tests using S288C and the ERG3Δ strain to
compare relative growth across a fluconazole gradient.
The yeast cell membrane is important for the maintenance of the internal
cellular environment and, hence, plays a vital role in the cellular stress response. Since
the ERG3Δ strain has an altered sterol composition, we hypothesized that this strain
would be more susceptible to osmotic stresses compared to the S288C lab strain. This is
reasonable since membrane fluidization, governed by ergosterol composition, has been
shown to enhance osmotic stress tolerance (Rodríguez-Vargas, Sánchez-García,
Martínez-Rivas, Prieto, & Randez-Gil, 2007). To test this, we performed MICs to compare
relative growth across a NaCl gradient between S288C and the ERG3Δstrain.
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In our second approach, we selected for fluconazole resistance and used
resistant isolates to assess fitness trade-offs. Although several approaches exist to study
the presence of trade-offs, consensus exists that strong evidence for trade-offs comes
from selection experiments where correlated changes in trait values are measured
under directional selection (Bennett & Lenski, 2007). To test if the previously discussed
trade-off exists for strains selected for fluconazole resistance, we allowed for the
evolution of fluconazole resistance at a single high concentration of 256μg/ml
fluconazole. Following the selection experiment, two strains, Ev1 and Ev2, were isolated
and characterized for fluconazole resistance and NaCl tolerance relative to their
ancestor, S288C, using MIC tests.

1.1.2 Heat Shock Tolerance-Growth Trade-off

Yeasts, like all cells, grow and function optimally in a given temperature range.
Exposure to temperatures outside this range can result in suboptimal performance or,
at extreme temperatures, cell death. However, yeasts can tolerate relatively high
temperatures, to some extent, due to rapid, transient and non-heritable physiological
changes that ensure cell survival and functioning at elevated temperatures (Piper,
1993). Physiological responses to elevated temperatures begin with the environmental
stress response (ESR) which entails the transcription of early stress response genes
(Berry & Gasch, 2008) followed by the heat shock response (HSR) which occurs with a
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change in gene expression and the induction of heat shock proteins (HSPs) and
trehalose (Kültz, 2005).
HSPs are a family of proteins, members of which act as molecular chaperones.
These proteins operate as part of the HSR to protect cells against moderately elevated
temperatures (<45°C) (Craig, Gambill, & Nelson, 1993; Sanchez & Lindquist, 1990). The
functions of HSPs include preventing the aggregation of damaged proteins, refolding
damaged proteins, and targeting damaged proteins for degradation. Thus, while the
HSPs are vital to the heat stress response, the induction of HSPs appear to be a more
general response that is also important for protection against a variety of other stresses
including UV and oxidative stresses (Verghese, Abrams, Wang, & Morano, 2012).
The reserve carbohydrate trehalose is a non-reducing disaccharide that protects
cells against adverse environmental conditions including desiccation, cold, heat and
hypersalinity (Eleutherio, Araujo, & Panek, 1993; Sano, Asakawa, Inoue, & Sakurai, 1999;
Tapia, Young, Fox, Bertozzi, & Koshland, 2015). The accumulation of trehalose in
response to environmental stressors is an evolutionarily conserved response found in
prokaryotes and eukaryotes alike. Within the purview of heat stress response, trehalose
primarily functions to protect cells against acute heat stress (>45°C) (De Virgilio,
Hottiger, Dominguez, Boller, & Wiemken, 1994). Trehalose contributes to
thermotolerance by stabilizing proteins, acting as an antidesiccation agent and
preventing the aggregation of damaged proteins. While some of the functions of
trehalose are similar to those of HSPs, it has been shown that trehalose and Hsp104 (an
important protein chaperone from the HSP family) are both necessary forheat shock
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tolerance. This indicates that the functions of HSPs and trehalose do not overlap but
rather complement each other (Elliott, Haltiwanger, & Futcher, 1996).

While the heat stress response induces HSPs and trehalose, it also concomitantly
represses protein biosynthesis and is directly associated with a reduction in growth rate
at elevated temperatures (>34°C) (Caspeta et al., 2014). Adaptive laboratory
experiments have shown that thermal evolution for prolonged periods of time can
overcome this reduction in growth rate at elevated temperatures. However, this
evolved thermotolerance comes at the cost of growth at ancestral temperatures
(temperature conditions prior to thermal evolution) (Caspeta, Chen, & Nielsen, 2016;
Caspeta & Nielsen, 2015; Edgardo, Carolina, Manuel, Juanita, & Baeza, 2008). To evolve
thermotolerance and to test for the presence of a trade-off between growth at
ancestral temperatures and thermotolerance, we adapted Saccharomyces cerevisiae
S288C to elevated temperatures (40°C) for ~300 generations. Following this, one strain
was isolated (T1) and was characterized for thermotolerance and growth at ancestral
conditions (30°C). Because thermotolerant cells are also resistant to heat shocks
(Wallace-Salinas & Gorwa-Grauslund, 2013), we used heat shock tolerance as a measure
of thermotolerance. Competitive fitness using a reference strain was used as a measure
for fitness at 30°C.

The previously discussed trade-off between thermotolerance and growth at
ancestral temperatures has only been observed in the case of adaptation to prolonged
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exposure to elevated temperatures. Because bet hedging is expected to evolve under
fluctuating selection even where extreme events are rare, incorporating thermal
adaptation in an evolution regime would require the use of transient heat shocks. Here,
we ask if thermotolerance that evolved in response to heat shocks also exhibits a tradeoff in fitness at ancestral temperatures. To test this, the isolate from the 40 °C evolution
regime (T1) was further evolved in a regime consisting of frequent 54 °C heat shocks
(once every ~8 generations) for ~100 generations. Following this, one strain was isolated
(Iso-1) and characterized for heat shock tolerance and relative fitness at 30°C. We
predict that (i) Iso-1 will have evolved greater heat shock tolerance relative to the
ancestor, the T1 strain, and (ii) Iso-1 will have lower fitness under benign conditions
relative to the ancestor, the T1 strain. This would support the hypothesis that evolved
heat shock tolerance comes at the cost of fitness under benign conditions and would
provide insight into how this trade-off could be incorporated in fluctuating selection
regimes for the evolution of bet hedging.

1.2 Materials and Methods

1.2.1 Strains and culture conditions:

The yeast strain used for experimental evolution was S288C (MATα SUC2 gal2
mal2 mel flo1 flo8-1 hap1 ho bio1 bio6). The ERG3Δ strain used to study the trade-off
between fluconazole resistance and NaCl tolerance had a BY4741 background
(MATa ura3Δ0 leu2Δ0 his3Δ1 met15Δ0). Yeast inocula of strains S288C, ERG3Δ, Ev1,
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Ev2, T1 and Iso-1 were prepared by growing for 24 h (for susceptibility testing and
competition assays) or 48h (for heat shock tolerance assays) in 5 ml Yeast Peptone
Dextrose (YPD) broth using a shaker incubator at 30°C. For susceptibility testing, cultures
were then suspended in YPD and cell concentrations were adjusted by
spectrophotometry to 1-5 x 105 cfu/ml. Within 30 minutes of preparation of this working
suspension, 100 μl was used to inoculate wells 1 to 11 of each row of the microtitration
plate to a final cell concentration of 0.5-2.5 x 105 cfu/ml. After the addition of the
inoculum, the final fluconazole concentration range was established at 256 μg/ml to 0.5
μg/ml and the final NaCl concentration range was 1 M to 0.002 M.

1.2.2 Preparation of microtitration plates of fluconazole and NaCl:

The antifungal agent fluconazole was purchased from Sigma-Adrich and stock
solutions were prepared in DMSO at a concentration of 51.2 mg/ml. Working solutions
were prepared by 100-fold dilutions of stock solution in YPD. Sterile 96-well flat-bottom
microtitration plates were used to make two-fold dilutions of the drug spanning a
concentration range of 512 μg/ml to 1 μg/ml. Columns 1 to 10 of the microtitration
plate contained 100 μl of Fluconazole + YPD. Column 11 was an agent-free control with
100 μl of YPD and column 12 was a media control used for background OD 600
correction. The prepared microtitration plates can be stored for < 1 week at -20°C.

19

NaCl, purchased from BioShop, was prepared at concentrations of 2 M in sterile
dH2O. Following a similar protocol, a concentration range spanning 1 M to 0.004 M was
prepared on microtitration plates.

1.2.3 Trait assays:

Minimum inhibitory concentration test
The microtitration test plates were incubated with shaking at 30 °C for 48h and
analyzed using a plate-reader (Cytation 5, BioTek Instruments). OD600 measurements
were taken every 30 minutes. Growth was recorded across the concentration gradient
and normalized to the agent-free control well. The normalized data was used to identify
MIC values which was defined as the smallest concentration at which 50% growth
inhibition occurs relative to the agent-free control. If >50% growth inhibition did not
occur across the entire tested concentration gradient, the breakpoint was arbitrarily
recorded as one step above the highest concentration.

Heat Shock Tolerance assays
As estimates of heat shock tolerance are only consistent at late saturation phase
of growth (Appendix A), heat shock tolerance was assayed at 48 hours after incubation.
Cells were inoculated and allowed to grow in Synthetic Defined Media (SDM) at 30°C. At
48 h post incubation, cells were resuspended in SDM and adjusted by
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spectrophotometry to an optical density at 600nm (OD 600) of 0.05. 250 μL of this cell
suspension was pipetted into microcentrifuge tubes in duplicate and heat shocked at 54
°C for 30 minutes. Following the heat shock, the microcentrifuge tubes were kept on ice
until plating within 30 min. Both heat shocked and non-heat shocked cell suspensions
were spread on YPDA to estimate viable cell counts. Heat shock tolerance was measured
as a percentage of surviving cells relative to the total number of cells.

Competitive fitness assays
Relative fitness under benign conditions (30 °C) was measured as competitive
fitness using a reference strain. The reference strain used, obtained from the yeast nonessential gene deletion array, had a BY4741 background (MATa ura3Δ0 leu2Δ0 his3Δ1
met15Δ0) and was YIR044CΔ. YIR044C is a pseudogene and is replaced by a gene
conferring resistance to the drug G418 (Sigma-Aldrich). G418-resistance was used as a
marker for subsequent competitive fitness assays as the focal strains were all
susceptible to G418. All focal strains and the reference strain were grown to saturation
in YPD at 30 °C and resuspended using spectrophotometry to an OD 600 of 0.05.
Following the resuspension, the reference strain and individual focal strains were
competed in YPD for 48 hours. Proportions of focal strain relative to the reference strain
both before and after the competition were determined by plating on YPDA and
YPDA+G418 (G418 concentration of 200 μg/ml). Relative fitness was calculated
according to the protocol described in Wong, Rodrigue & Kassen (2012) where the
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selection coefficient was determined using the equation described below. Fitness w was
calculated as 1+ s.
𝑙𝑛 𝑓𝑜𝑐𝑎𝑙𝑖𝑛𝑖𝑡𝑖𝑎𝑙 − 𝑙𝑛 𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒𝑖𝑛𝑖𝑡𝑖𝑎𝑙
𝑓𝑜𝑐𝑎𝑙𝑓𝑖𝑛𝑎𝑙
𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒𝑓𝑖𝑛𝑎𝑙
𝑠=
𝑁𝑜. 𝑜𝑓 𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠

1.2.4 Experimental evolution:
Three different experimental evolution experiments were conducted in this
study. In the first experimental evolution regime, fluconazole resistance was evolved
using S288C as the progenitor following the protocol adapted from Anderson et. al,
2003. Cells from an independent colony were grown overnight and a cell suspension
having a concentration of 5 x 104 cfu/ml was prepared and spread in duplicate onto solid
YPD media containing 256 μg/ml of fluconazole. After 4 days of incubation at 30 °C, the
largest, continuously growing colony from each plate was picked and assayed for
fluconazole resistance by MIC methods.
In the second evolution regime, thermotolerance was evolved using S288C as the
progenitor following a protocol adapted from Caspeta et al. (2014). Cells from an
individual colony were grown in YPD for 24 hours at 40 ± 0.3 °C and diluted into fresh
medium to an OD600 of 0.1. This was repeated for 36 days (~300 generations) following
which a cell suspension was prepared and plated on solid YPDA. The calculations for the
number of generations is described in Appendix C. One colony was isolated (T1) and
characterized for heat shock tolerance and fitness under benign conditions (30 °C).
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In the third evolution regime, heat shock tolerance was evolved using the T1
isolate as the progenitor. Cells from an individual colony were grown in YPD for 48 hours
following which a cell suspension was prepared by dilution to an OD 600 of 0.05. 250 μL of
this cell suspension was pipetted into microcentrifuge tubes and heat shocked at 54°C
for 30 minutes. 100 μL of the heat shocked suspension was used to inoculate 5 ml of
fresh media. Because heat shocked cells take longer to resume growth, subsequent heat
shocks were applied 72 hours after heat shocked cells were inoculated in fresh media.
This was repeated for 36 days (13 heat shocks, ~100 generations). One colony was
isolated (Iso-1) and characterized for heat shock tolerance and growth under benign
conditions (30 °C).

1.2.5 Statistical analyses:

Analyses of fluconazole and NaCl MICs for the four strains S288C, ERG3Δ, Ev1
and Ev2 were performed using one-way ANOVA tests. Five independent population
measurements from each strain were used for statistical testing of fluconazole and NaCl
MIC endpoints. MIC endpoints were log2 transformed prior to statistical analysis to
account for fold changes in concentration. Following the one- way ANOVA tests, posthoc Tukey tests were performed to make pair-wise comparisons of MICs across strains.
Analysis of heat shock tolerance and competitive fitness for the three strains
S288C, T1 and Iso-1 were performed using one-way ANOVA tests. Six trait
measurements from independent populations of tested strains were used to statistically
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compare heat shock tolerance. Three trait measurements from independent
populations of tested strains were used to statistically compare competitive fitness..
Post-hoc Tukey tests were performed to make pair-wise comparisons of heat shock
tolerance and competitive fitness across strains. Statistical packages used were R and
Prism Graphpad.

1.3 Results

1.3.1 Fluconazole resistance – NaCl tolerance trade-off

One-way ANOVAs performed for fluconazole and NaCl MICs (Tables 1.1, 1.2)
show that both fluconazole MIC endpoints and NaCl MIC endpoints significantly differed
across strains (p < 0.0001 for both tests). A post-hoc Tukey test for fluconazole MICs
(Table 1.3) revealed that all strains significantly differed from each other (p < 0.001)
except for ERG3Δ and Ev2 which had similar fluconazole MICs (p > 0.999). Similarly, a
post-hoc Tukey test for NaCl MICs (Table 1.4) showed that all pairwise comparisons of
strains were significantly different (p < 0.001) except for the Ev1-S288C (p = 0.31) and
Ev1-ERG3Δ pairs (p =0.07).
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The ERG3Δ strain had the greatest resistance to fluconazole with a MIC of 512
μg/ml and the lowest NaCl tolerance with a MIC of 0.5 M. S288C had the lowest
resistance to fluconazole with a MIC of 64 μg/ml and an intermediate NaCl tolerance
with a MIC of 1 M. The isolate Ev1 was intermediate both in terms of fluconazole
resistance and NaCl tolerance with MICs of 256 μg/ml and 1 M respectively. The isolate
Ev2 had both the greatest resistance to fluconazole and greatest tolerance to NaCl with
MICs of 512 μg/ml and 2 M respectively. The highest MIC concentration values
reported here (512 μg/ml and 2 M) are each one concentration step above the actual
range tested and were reported when 50% growth inhibition did not occur even at the
highest concentration (256 μg/ml or 1 M).

1.3.2 Heat shock tolerance – Growth trade-off

A one-way ANOVA test (Table 1.5) showed that heat shock tolerance significantly
differed across strains (p < 0.0001). A follow up post-hoc Tukey test revealed that heat
shock tolerances for strains were significantly different from each other (Table 1.6).
S288C, the progenitor of all other thermotolerant strains, had the lowest heat shock
tolerance (Mean =5.17%). The T1 strain, isolated from a population evolved at elevated
temperatures (40 °C), had a mean heat shock tolerance of 21.23%. The isolate from the
heat shock regime, Iso-1, had a heat shock tolerance of 59.91%. Fitness under benign
conditions, analyzed using a one-way ANOVA (Table 1.7), also significantly differed
across strains (p < 0.0001). A post-hoc Tukey test revealed that all strains significantly
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differed from each other (Table 1.8). Surprisingly, the progenitor S288C had the lowest
competitive fitness with a mean relative fitness of 0.942. The T1 strain, evolved from
S288C at elevated temperatures, had the highest competitive fitness with a mean
relative fitness of 1.156. The isolate from the heat shock regime, Iso-1, had an
intermediate fitness under benign conditions with a mean competitive fitness of 0.987.
These results indicate that while evolution to elevated temperatures (40 °C) resulted in
an increase in heat shock tolerance relative to the ancestor S288C (p = 0.0047), it did
not come at the cost of relative fitness. Rather, competitive fitness was found to be
significantly higher for the T1 strain compared to S288C (p < 0.001). On the other hand,
while evolution under a regime of heat shocks (54 °C for 30 mins) resulted in an increase
in heat shock tolerance relative to the ancestral T1 strain (p <0.001), it also resulted in a
significant decrease in competitive fitness (p < 0.001).
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Figure 1.1: Relative growth of S288C, ERG3Δ, Ev1 and Ev2 strains across (A) fluconazole and (B) NaCl
gradients. Red boxes denote MIC values for each strain (placed above highest concentration tested if
growth inhibition does not occur across entire range). Yield values across concentration gradient are
relative to agent-free controls (bottom cells). Gradient bar on the right of each heat map represents
normalized OD 600.

Figure 1.2: (A) Heat shock tolerance (measured as % Survival) and (B) competitive fitness (w) of S288C,
T1 and Iso-1, relative to YIR044CΔ. Error bars represent SD.
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Table 1.1: Results of a One-Way ANOVA for differences in fluconazole MICs across strains. The strains
compared were S288C, ERG3Δ, Ev1 and Ev2.

Source

df

MS

Between groups

3

7.533

Within groups

16

0.075

Total

19

F
100.4

p
< .0001

Table 1.2: Results of a One-Way ANOVA for differences in NaCl MICs across strains. The strains
compared were S288C, ERG3Δ, Ev1 and Ev2.

Source

df

MS

Between groups

3

2.850

Within groups

16

0.125

Total

19

F
22.80

p
< .0001

Table 1.3: Post-hoc Tukey test results for differences in fluconazole MICs across strains. Common letters
indicate homogenous subsets. Letters that are not shared indicate significantly different mean values.

Group
S288C

Letters showing homogenous
subsets
A

Modal MIC
64μg/ml

ERG3Δ

B

512μg/ml

Ev2

B

512μg/ml

Ev1

C
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256μg/ml

Table 1.4: Post-hoc Tukey test results for differences in NaCl MICs across strains. Common letters
indicate homogenous subsets. Letters that are not shared indicate significantly different mean values.

Letters showing homogenous
subsets

Group
S288C

A

Ev1

A

ERG3Δ

Modal MIC
1M

B

1M

B

0.5M

Ev2

C

2M

Table 1.5: Results of a One-Way ANOVA for differences in heat shock tolerance across strains. The
strains compared were S288C, T1 and Iso-1.

Source

df

MS

Between groups

2

4751

Within groups

15

53.64

Total

17

29

F
88.58

p
< .0001

Table 1.6: Post-hoc Tukey test results for differences in heat shock tolerance across strains. Common
letters indicate homogenous subsets. Letters that are not shared indicate significantly different mean
values.

Letters showing homogenous
subsets

Group
S288C

Mean HST

A

T1

5.17
B

Iso-1

21.23
C

59.91

Table 1.7: Results of a One-Way ANOVA for differences competitive fitness across strains. The strains
compared were S288C, T1 and Iso-1.

Source

df

MS

Between groups

2

0.03815

Within groups

6

0.0003133

Total

8

F
121.8

p
< .0001

Table 1.8: Post-hoc Tukey test results for differences in competitive fitness across strains. Common
letters indicate homogenous subsets. Letters that are not shared indicate significantly different mean
values.

Group
S288C
T1

Letters showing homogenous
subsets

Mean fitness

A

0.942
B

Iso-1

1.156
C

30

0.987

1.4 Discussion

Fitness trade-offs cause variance in fitness across environments and, because of
this, are central to the evolution of bet hedging. The objective of this study was to
assess two different systems for the presence of a trade-off using an experimental
evolution approach. In the first system, that tested the trade-off between fluconazole
resistance and salt tolerance, a trade-off was observed on comparing the ERG3Δ strain
(obtained from the non-essential gene deletion array) to the lab strain S288C. Here,MIC
tests showed that ERG3Δ had a higher resistance to fluconazole and a lower tolerance
to NaCl relative to S288C. This increased resistance to fluconazole and decreased
tolerance to NaCl in the ERG3Δ strain is in keeping with results obtained from largescale gene deletion phenotype studies (Dudley, Janse, Tanay, Shamir, & Church, 2005;
Yoshikawa et al., 2011). The altered sterol composition causing hyperpolarization of the
cell membrane in the ERG3Δ strain has been shown to mediate this trade-off (Kodedová
& Sychrová, 2015). However, the fluconazole resistant isolates (Ev1 and Ev2) obtained
from the selection experiment did not show this trade-off. Fluconazole resistance
evolved by subjecting populations to a single high dose of fluconazole, as in this study,
has been shown to result in recessive mutations in ERG3 causing the overexpression of
ERG11 which encodes the drug target. Ev1 had a significantly higher fluconazole
resistance relative to the ancestor S288C. However, neither Ev1 nor the ancestor
differed significantly in terms of tolerance to NaCl, suggesting that fluconazole
resistance did not evolve at the cost of NaCl tolerance. A similar observation was made
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in the case of Candida albicans where fluconazole resistant and sensitive strains did not
differ in their response to osmotic stress (Kolecka, Krauke, Bujdakova, & Sychrova,
2009). In the present study, the isolate Ev2 had the highest fluconazole resistance
amongst all strains that were compared, including the ancestor S288C. Surprisingly, Ev2
also had the highest tolerance to NaCl compared to all other strains. This implies a
possible mechanism where resistance to fluconazole also confers cross-resistance to
NaCl. The difference in trade-offs observed between the isolates Ev1 and Ev2 is
potentially indicative of different mechanisms underlying evolved fluconazole resistance
that may each come with varying costs. In addition, studies have shown that even if the
evolution of drug resistance does come at a fitness cost initially, these costs can be
eliminated by further evolution though compensatory mutations (Levin, Perrot, &
Walker, 2000; Maisnier-Patin & Andersson, 2004; Zhang, Sahin, McDermott, & Payot,
2006). The elimination of fitness costs has also been observed in the case of evolved
fluconazole resistance where an initial fitness cost was alleviated though further
evolution without affecting fluconazole resistance (Cowen, Kohn, & Anderson, 2001).

A system developed for the study of bet hedging requires a reliable, or “hard”
evolutionary trade-off. In this system, while a trade-off was observed in the ERG3Δ
strain, it was not observed in the case of evolved fluconazole resistance. Therefore, if
this system was used to impose fluctuating selection, the evolutionary strategy that
would maximize the GMF would not be bet hedging but rather the independent
maximization of both fluconazole resistance and NaCl tolerance. However, while a
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trade-off was not observed in this study, it is difficult to rule out costs of adaptation to
fluconazole entirely. It is possible that trade-offs associated with fluconazole resistance
are manifested in alternative environments that have not been tested in this study.
Future studies on trade-offs associated with fluconazole resistance should explore
fitness costs using a variety of stressors and media conditions.

In the second system, the trade-off between thermotolerance and growth at
ancestral temperatures was assessed. Thermotolerance evolution in yeast is associated
with a reduction in growth-related cellular functions which, while critical to the
acquisition of thermotolerance, is also correlated with decreased fitness at ancestral
temperatures (temperature conditions prior to thermal evolution) (Zeldovich, Chen, &
Shakhnovich, 2007). This trade-off in fitness at ancestral temperatures has also been
observed in a variety of systems including of viruses, bacteria and ectotherms (Bennett
& Lenski, 2007; Huey & Kingsolver, 1989; Knies, Izem, Supler, Kingsolver, & Burch, 2006;
White, DeBach, & Garber, 1970). We found that while evolution at 40 °C resulted in an
increase in heat shock tolerance relative to the ancestor, it did not come at a cost of
fitness in ancestral temperatures. Instead, the thermotolerant strain T1 in addition to
having higher heat shock tolerance also had higher fitness at 30 °C relative to the
ancestor S288C. This could be due to cross-adaptation where mutations that increase
fitness under elevated temperatures also increase fitness under benign conditions. This
explanation seems unlikely as numerous studies point to the central trade-off between
growth rate and stress-tolerance functions, suggesting that these traits cannot be
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improved independently (Spor, Wang, Dillmann, de Vienne, & Sicard, 2008; Zakrzewska
et al., 2011).

Another possibility is that yeast adapt to rich media conditions simultaneously
with thermal evolution. This is characteristic of a multi-trait trade-off in which two or
more functions compete for a common limiting resource. An inverse relationship
between growth and stress tolerance is a result of fine-tuned physiological pathways
that have evolved in both naturally and artificially selected yeast (Deutscher, Meilijson,
Kupiec, & Ruppin, 2006; Vilaprinyo, Alves, & Sorribas, 2006). However, the pathways
that underlie the functions of growth rate and stress tolerance are not entirely
independent of each other, sharing partial overlap, which can result in the
simultaneous, albeit limited, maximization of both functions (Castrillo et al., 2007; S.
Levy et al., 2007). This is likely the case in the heat shock tolerance – growth trade-off
system, as yeast in this study were evolved in nutrient rich medium (YPD) in which
resources are abundant. Under such conditions, a trade-off is not manifested until the
shared resource becomes limiting. If resource limitation does underlie this trade-off,
further adaptation to heat should result in the loss of fitness under benign conditions.
Indeed, we find that resource limitation does underlie this trade-off as further evolution
experiments using a regime consisting of frequent heat shocks resulted in a fitness cost
of adaptation in the isolate Iso-1 relative to the T1 ancestor. Taken together, these
results indicate the existence of a multi-trait trade-off between heat shock tolerance
and growth under benign conditions mediated by competition for a limiting resource. In
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further support for this trade-off, evolving heat shock tolerant strains under benign
conditions (Appendix B) resulted in an increase in competitive fitness under benign
conditions that come at the cost of heat shock tolerance. Because the trade-off is only
manifested after both traits are improved to a degree, we suggest the use of the T1
isolate for thermal evolution regimes to evolve bet hedging. While this strain has both a
higher heat shock tolerance and fitness under benign conditions relative to the
ancestor, further improvement in heat shock tolerance comes at a cost of fitness under
benign conditions. We also suggest the use of nutritionally poor media for the evolution
of yeast cultures to accentuate the effects of resource limitation that underlie this
trade-off. This study demonstrates that evolved strains gain heat shock tolerance at the
cost of fitness in benign environments, suggesting the presence of a trade-off. To better
understand how phenotypic differences in heat shock tolerance and fitness in benign
conditions are manifested and if quantitative relationships in this trade-off exist, future
studies should explore this trade-off on genetic, transcriptomic and proteomic levels.
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Chapter 2: Bet hedging evolves as a constraint on
adaptation
2.1 Introduction

The natural environment is a composite of diverse environmental factors that
are each in a constant state of flux. These environmental factors vary both spatially and
temporally and cause dynamic changes in fitness. The resulting variation in fitness can
be quite drastic and can be seen as a factor influencing extinction risk (Balmford, 1996;
Vincenzi, 2014). Bet hedging, as a mode of evolutionary response, is a risk-aversion
strategy that allows organisms to persist in the face of these fluctuations (Lewontin &
Cohen, 1969; Philippi & Seger, 1989). A bet-hedging strategy maximizes long-term, or
geometric mean, fitness through a reduction in fitness variance across environments by
sacrificing fitness in average or expected environments in exchange for increased fitness
in rare but calamitous environments.
The surge of interest in bet hedging in recent years (Frankenhuis, Panchanathan,
& Belsky, 2016; Furness, Lee, & Reznick, 2015; García-Roger, Serra, & Carmona, 2014;
Graham, Smith & Simons, 2014; Gremer, Kimball, & Venable, 2016; Lycus et al., 2018;
Tarazona, García-Roger & Carmona, 2017) has led to a comprehensive understanding of
the prevalence and circumstances under which bet hedging evolves. Despite the
extensive theoretical groundwork for bet hedging and growing empirical evidence that
it exists, how bet hedging evolves remains an unanswered question. The process that
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maximizes long-
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term fitness necessarily entails the selective maintenance of suboptimality over shorter
timescales. This can only occur through selection for the ability to not strongly respond
to selection in the short-term.
The idea that bet hedging evolves as a constraint on adaptive tracking has been
proposed as a conceptual model (Simons, 2002) but it has been neither mathematically
modelled nor empirically tested. Adaptation is not instantaneous and always lags behind
a change in the environment. This limitation on the course of adaptation which impedes
the outcome of adaptive tracking is an evolutionary constraint. Different types of
evolutionary constraints exist including i) Genetic constraints (limitation on standing
genetic variation), ii) Developmental constraints (limitation on developmental states
that can be expressed) and, iii) Functional constraints (limitation on trait values or a
combination of trait values)(Arnold, 1992; Blows & Hoffmann, 2005). The study of
constraints has focused on their source, strength, immediate consequence and
persistence, and constraints have traditionally been viewed as hinderances to adaptive
evolution. In this study, we propose to empirically test the idea that in the face of
fluctuating selection, constraints can be adaptive when they are evolved as a bethedging trait. If genetic variation in constraint exists, selection can act on this variation.
In doing so, fitness in rare but detrimental environments is not compromised and a
constraint on adaptive tracking increases long-term, or geometric-mean fitness.
Bet hedging is expected to evolve when fitness values fluctuate across
environments due to fitness trade-offs. Trade-offs exist when traits have opposing
effects on fitness (Garland, 2014). In the absence of trade-offs, traitscan evolve
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independently; thus, evolution of phenotypes that are well adapted to all environments
would be expected. However, if trade-offs prevent simultaneous adaptive evolution of
both traits, the evolution of bet hedging mitigates fluctuations in fitness values. This
study takes an experimental evolution approach in the yeast Saccharomyces cerevisiae
and, using a Heat Shock Tolerance—Growth trade-off system (as described in Chapter 2,
Section 2.3), we test the hypothesis that bet hedging evolves as a constraint on adaptive
tracking. To ask if a constraint evolves under environmental fluctuation, we select for
the retention of the bet-hedging trait (heat shock tolerance) through a reduction in the
frequency of extreme environments (heat shocks) across two sequential regimes. The
two evolution regimes, Regime-A (high frequency of extreme environments) and
Regime-B (low frequency of extreme environments), both impose fluctuating selection
using heat shocks (54 °C) and benign environments (30 °C). As the frequency of heat
shocks decreases from Regime-A to Regime-B, benign conditions become more frequent
resulting in increased selective pressure to enhance growth at 30 °C. However, any
improvement in growth results in the loss of heat-shock tolerance which is necessary for
survival. Therefore, we predict that ‘low frequency of extreme environments’ within
this experimental design selects for a constraint on adaptation to benign environments
and, by extension, the retention of heat shock tolerance. Because adaptation is never
completely unconstrained and some level of resistance to adaptation exists prior to any
variable selection, we begin with a high frequency regime and test for a change in
constraint when the frequency of heat shocksdecreases.
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Using the T1 thermotolerant strain (Chapter 2, Section 2.3.1) as the ancestor, 8
replicate lines were first passed through Regime-A for 100 generations and then
transferred to Regime-B for 100 generations. We predict the evolution of increased heat
shock tolerance and a concomitant decrease in fitness under benign conditions at the
end of both Regime-A (EoR-A) and at the end of Regime-B (EoR-B) relative to the
ancestor. Testing the hypothesis that bet hedging evolves as a constraint on adaptive
tracking requires phenotypic measurements of evolved constraints (as described in
Appendix B). Therefore, the test of this hypothesis—that evolution is constrained—
requires an evolutionary rather than a single time-point assay: we compare evolved
constraints at EoR-A and EoR-B by allowing for further evolution to gauge the loss of
heat-shock tolerance under constant benign environments, following which both heat
shock tolerance and fitness under benign conditions are tested.
Four possible scenarios exist as the outcome for tests of evolved constraints as
lines from the two regimes are evolved under benign conditions (Fig. 3.1). In the first
scenario (Fig. 3.1.A), a constraint on adaptive tracking does not evolve at EoR-B relative
to EoR-A. This is the null expectation and is characterized by lines from EoR-A and EoR-B
being indistinguishable in terms of constrained evolution. In the second scenario (Fig.
3.1.B), a constraint on adaptive tracking does not evolve but lines from EoR-A have a
higher heat shock tolerance than those from EoR-B both before and after evolution
under benign conditions. In this scenario, although lines from EoR-A have a higher heat
shock tolerance after evolution under benign conditions, this cannot be attributed to an
evolved constraint but rather simply due a higher initial heat shock tolerance compared
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to lines from EoR-B. Similarly, interpretations of evolved constraints can only be made if
lines from EoR-B do not have a higher initial heat shock tolerance relative to lines from
EoR-A. In the third and fourth scenarios (3.1.C and 3.1.D respectively), lines from EoR-B
are more constrained when evolving under benign conditions relative to those from
EoR-A. This is characterized by lines from EoR-A losing heat shock tolerance more
rapidly than lines from EoR-B after further evolution under benign conditions. In the
third scenario, the initial heat shock tolerance of lines from both regimes are
indistinguishable whereas in the fourth scenario the initial heat shock tolerance of lines
from EoR-B is lower relative to that of lines from EoR-A. This reduction in heat shock
tolerance can be attributed to increased selective pressure in Regime-B to improve
fitness under benign conditions which is expected to come at a cost of heat shock
tolerance. The third and fourth scenarios represent the evolution of a bet-hedging trait
in Regime-B, characterized by the retention of heat shock tolerance, that has evolved as
a constraint on adaptive tracking.
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Figure 2. 1: Four possible scenarios representing the outcome of assays of evolved constraints in lines
from Regime-B (blue; low-frequency extreme events) relative to those from Regime-A (red; highfrequency extreme events). Scenarios A and B represent the null prediction where a constraint does not
evolve in Regime-B relative to Regime-A, i.e., heat shock tolerance is lost at similar rates. Scenarios C
and D represent the evolution of constraint in lines from Regime-B relative to lines from Regime-A. This
is characterized by the lower evolutionary rate of loss of heat shock tolerance in Regime-B lines relative
to Regime-A lines.
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2.2 Materials and Methods:

2.2.1 Strains and culture conditions:

The previously evolved thermotolerant yeast strain T1 (Chapter 1, Section 1.1.3)
with an S288C background (MATα SUC2 gal2 mal2 mel flo1 flo8-1 hap1 ho bio1 bio6)
was used as the ancestor for experimental evolution. Yeast inocula using the T1 strain or
test populations were prepared by growing for 24 h (for competition assays) or 48 h (for
heat shock tolerance assays) in 5ml Synthetic Defined Medium (SDM) broth using a
shaker incubator at 30 °C. SDM contains 6.7 g of Yeast Nitrogen Base (without amino
acids with ammonium sulfate) and 2% dextrose per litre. For competition experiments
the reference strain used was YIR044CΔ. YIR044CΔ was obtained from the yeast nonessential gene deletion array and has a BY4741 background (MATa ura3Δ0 leu2Δ0
his3Δ1 met15Δ0) and is deleted for the gene YIR044C, a pseudogene that was replaced
by a gene conferring resistance to the drug G418. For competition experiments all focal
strains, test populations and the reference strain were grown to saturation in SDM+ His
(10 mg/L), Met (10 mg/L), Leu (30 mg/L), Ura (10 mg/L). Strains were archived every ~20
generations during experimental evolution at -80 °C in 15% glycerol.
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2.2.2 Trait assays:
Heat Shock Tolerance assays
Cells from an individual colony (in the case of the T1 strain) or from a population
aliquot (in the case of test populations) were each separately inoculated and allowed to
grow in SDM at 30 °C. At 48 h post incubation, cells were resuspended in SDM and
adjusted by spectrophotometry to an optical density at 600nm (OD 600) of 0.05. 250 μL of
this cell suspension was pipetted into microcentrifuge tubes in duplicate and heat
shocked at 54 °C for 75 minutes. Following the heat shock, the microcentrifuge tubes
were kept on ice until plating within 30 min. Both heat shocked and non-heat shocked
cell suspensions were spread on YPDA to estimate viable cell counts. Heat shock
tolerance was measured as a percentage of cells surviving heat shock relative to the
total number of viable cells prior to heat shock.
Competitive fitness assays
Relative fitness under benign conditions (30°C) was measured as competitive
fitness using a reference strain, YIR044CΔ. All focal strains/test populations and the
reference strain were grown to saturation in SDM+ (His, Met, Leu, Ura) at 30 °C and
resuspended using spectrophotometry to an optical density of 0.05. Following the
resuspension, the reference strain and individual focal strains/test populations were
competed in SDM + (His, Met, Leu, Ura) for 48 hours. Proportions of focal strain/test
population relative to the reference strain both before and after the competition were
determined by plating on YPDA and YPDA+G418 (drug concentration of 200 μg/ml),
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G418 obtained from Sigma-Aldrich). Relative fitness was calculated as per the protocol
described in Wong, Rodrigue & Kassen (2012) where the selection coefficient was
determined using the equation described below. Fitness w was calculated as 1+ s.

𝑠=

𝑙𝑛

𝑓𝑜𝑐𝑎𝑙𝑖𝑛𝑖𝑡𝑖𝑎𝑙
𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒𝑖𝑛𝑖𝑡𝑖𝑎𝑙
− 𝑙𝑛
𝑓𝑜𝑐𝑎𝑙𝑓𝑖𝑛𝑎𝑙
𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒𝑓𝑖𝑛𝑎𝑙
𝑁𝑜. 𝑜𝑓 𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠

2.2.3 Experimental evolution:
In this study, heat shock tolerance was evolved using the T1 isolate as the
progenitor in 8 replicate lines across two sequential regimes, viz., Regime-A and RegimeB. Regime-A consisted of heat shocks applied every ~8 generations for ~100 generations
(11 heat shocks over 32 days). At the end of Regime-A, the 8 replicate lines were
transferred to Regime-B for another ~100 generations. Regime-B consisted of heat
shocks applied every ~40 generations (2 heat shocks over 26 days). Because heat
shocked cells take longer to resume growth, subsequent heat shocks in Regime-A were
applied 72 hours after heat shocked cells were inoculated in fresh media. In Regime-B,
cultures were diluted in fresh media five times (~8 generations per dilution) between
heat shocks. For the application of heat shocks, cells were first grown in SDM for 48
hours (Appendix A) following which a cell suspension was prepared by dilution to an
OD600 of 0.05. 250μL of this cell suspension was pipetted into microcentrifuge tubes and
heat shocked at 54°C for 75 minutes. 100μL of the heat shocked suspension was used to
inoculate 5ml of fresh SDM.
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2.2.4 Constraint estimation:

Evolutionary constraints were measured phenotypically as the retention of heat
shock tolerance under opposing selection (growth at 30°C). Cells from the focal
strains/test populations were grown in YPD in duplicate for 24 hours and diluted to an
OD600 of 0.05. This was repeated for 18 days (~150 generations). Heat shock tolerance
was measured at generation 0, generation 100 and generation 150 following which
statistical analyses were performed for the loss of heat shock tolerance. Fitness at 30°C
was also measured at generation 0 and generation 150 following which statistical
analyses were performed for gain in fitness under benign conditions.

2.2.5 Statistical analyses:

Analysis of heat shock tolerance and competitive fitness for the ancestor T1 (6
trait measurements from independent replicate populations) and 8 replicate
populations at the end of Regime-A (EoR-A lines) and at the end of Regime-B (EoR-B
lines) were performed using one-way ANOVA tests. Post-hoc Tukey tests were
performed to make pair-wise comparisons of heat shock tolerance and competitive
fitness. Since replicate lines from EoR-A and EoR-B are independently evolving, we use a
simple ANOVA model instead of a repeated measures model.
The two regimes (Regime-A and Regime-B) and three time points (generation 0,
generation 100 and generation 150) were used to perform statistical analyses of evolved
constraints. A two-way ANOVA was used to model the effect of regimes and time points
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on heat shock tolerance, following which a post-hoc Tukey test was performed. A similar
analysis was also performed using a Two-way ANOVA test to model the effect of
regimes and time points on competitive fitness. A simpler ANOVA model is used here
instead of a repeated measures model as individual replicate lines in this experiment
evolve completely independently through time. Statistical packages used were R and
Prism Graphpad.

2.3 Results:
2.3.1 Heat shock tolerance evolves at the cost of fitness at 30 °C in both regimes
A one-way ANOVA (Table 2.1) showed that heat shock tolerance was significantly
different across groups (p = 0.0017). A follow up post-hoc Tukey test (Table 2.2)
revealed that evolved heat shock tolerance in lines from the end of Regime-A (EoR-A;
(mean = 21.92%) and end of Regime-B (EoR-B; (mean = 19.77%) was significantly higher
than that of the ancestor T1 (mean = 12.44%). However, the heat shock tolerance of
lines from EoR-A and EoR-B did not significantly differ from each other (p = 0.576). A
similar analysis using a one-way ANOVA (Table 2.3) to compare relative fitness under
benign conditions revealed significant differences across groups. A follow up post-hoc
Tukey test (Table 2.4) showed that relative fitness under benign conditions for lines
from EoR-A (mean = 1.089) and EoR-B (mean = 1.038) was significantly lower relative to
the ancestor T1 (mean = 1.171). Here too, lines from EoR-A and EoR-B were not

47

significantly different from each other in terms of relative fitness under benign
conditions (p = 0.12).

2.3.2 Analysis of the evolutionary constraint assay

A two-factor ANOVA (Table 2.5) was used to model the effect of regime (that
differed in the frequency of heat shocks) and time evolved under benign conditions in
the final evolutionary constraint assay on heat shock tolerance. We found significant
main effects of both regime (p = 0.004) and time evolved under benign conditions (p =
0.0259). Interestingly, the interaction between regime and time was also significant (p =
0.004). Overall, lines from EoR-A lost heat shock tolerance more rapidly than lines from
EoR-B (Fig. 2.2). A post-hoc Tukey test (Table 2.6) revealed a significant reduction in heat
shock tolerance by generation 150 for lines from EoR-A (p = 0.001). In contrast, heat
shock tolerance did not significantly change by generation 150 for lines from EoR-B (p =
0.988). Furthermore, we found an increasing effect of regime across time evolved under
benign conditions as heat shock tolerance was greater for lines from EoR-B compared to
lines from EoR-A only at generation 150 (p = 0.003) but not at generation 100 (p =
0.299) and generation 0 (p = 0.945).
A two-factor ANOVA (Table 2.7) was used to model the effect of regimes that
differ in the frequency of heat shocks and time evolved under benign conditions on
fitness at 30 °C. Here too, we found the effects of regime, time and the regime:time
interaction to be significant (p < 0.001 for both regime and time, p = 0.011 for
regime:time). Overall, lines from EoR-A increased fitness at 30 °C more rapidly than lines
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from EoR-B (Fig. 2.2.B). A post-hoc Tukey test (Table 2.8) revealed a significant increase
in fitness at 30 °C by generation 150 for lines from EoR-A (p < .001). In contrast, heat
shock tolerance did not significantly change by generation 150 for lines from EoR-B (p =
0.342). We foundd an increasing effect of regime across time evolved under benign
conditions as fitness at 30 °C was greater for lines from EoR-A compared to lines from
EoR-B at generation 150 (p < .001) but not at generation 0 (p = 0.649).

Figure 2.2: Trait measurements after evolution in Regime-A (100 generations) and Regime-B (100
generations) relative to the T1 ancestor. (A) Heat shock tolerance (measured as % Survival) across lines.
(B) Competitive fitness (w) under benign conditions across lines. Error bars represent SD.
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A

B

Figure 2.3: Evolved constraints measured as (A) loss of heat shock tolerance (measured as % Survival)
and (B) gain in competitive fitness at 30°C after selection in the evolutionary constraint assay under
benign conditions for 150 generations in lines from Regime-A (red) and Regime-B (blue). Error bars
represent SD.
Table 2. 1: Results of a one-way ANOVA for differences in heat shock tolerance across evolved lines
from EoR-A & EoR-B and the T1 ancestor.

Source

df

MS

Between groups

2

163.5

Within groups

19

18.0

Total

21

F

P

9.085

0.0017

Table 2. 2: Post-hoc Tukey test results for differences in heat shock tolerance across evolved lines and
the T1 ancestor. Common letters indicate homogenous subsets. Letters that are not shared indicate
significantly different mean values.

Groups

Letters showing homogenous
subsets

Mean HST (% Survival)

Regime-A

A

21.92

Regime-B

A

19.77

T1

B

12.44

Table 2. 3: Results of a one-way ANOVA for differences in relative fitness under benign conditions
across evolved lines from EoR-A & EoR-B and the T1 ancestor.
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Source

df

MS

Between groups

2

0.02344

Within groups

17

0.002404

Total

19

F

P

9.751

0.0015

Table 2. 4: Post-hoc Tukey test results for differences in relative fitness under benign conditions across
evolved lines and the T1 ancestor. Common letters indicate homogenous subsets. Letters that are not
shared indicate significantly different mean values.

Letters showing homogenous
subsets

Groups

Mean fitness

Regime-A

A

1.089

Regime-B

A

1.038

T1

B

1.17

Table 2. 5: Results of a two-factor ANOVA for differences in heat shock tolerance across evolution
regimes and time points. Lines from EoR-A and EoR-B and time points at generation 0, 100 and 150 of
the evolutionary constraint assay were compared.

Source

df

SS

F

P

Regime

1

212.8

9.195

0.0042

Time

2

184.7

3.991

0.0259

Regime: Time

2

285.7

6.174

0.0045

Residuals

42

971.9
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Table 2. 6: Results of a post-hoc Tukey test for differences in heat shock tolerance at different
timepoints for lines from EoR-A and EoR-B. Common letters indicate homogenous subsets. Letters that
are not shared indicate significantly different mean values.

Level (Strain : Time)

Letters showing homogenous subsets

Mean HST

Regime-A : Gen0

A

Regime-B : Gen0

A

B

19.77

Regime-B : Gen100

A

B

19.53

Regime-B : Gen100

A

B

21.28

Regime-A : Gen100

21.92

B

Regime-A : Gen150

C

14.45

C

11.58

Table 2. 7: Results of a two-factor ANOVA for differences in fitness at 30°C across evolution regimes and
time points. Lines from EoR-A and EoR-B and time points at generation 0 and 150 of the evolutionary
constraint assay were compared.

Source

df

SS

F

P

Regime

1

0.043

19.207

< .001

Time

1

0.059

26.331

< .001

Regime: Time

1

0.017

7.423

0.011

Residuals

28

0.002

Table 2. 8: Results of a post-hoc Tukey test for differences in fitness at 30°C at different timepoints for
lines from EoR-A and EoR-B. Common letters indicate homogenous subsets. Letters that are not shared
indicate significantly different mean values.

Level (Strain : Time)

Letters showing
homogenous subsets

Mean fitness

Regime-A : Gen0

A

1.090

Regime-B : Gen0

A

1.062

Regime-B : Gen150

A

1.102

Regime-A : Gen150

B
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1.221

2.4 Discussion:
Although bet hedging is known to evolve in unpredictably fluctuating
environments, how it is expected to evolve when it involves selection for apparent
suboptimality over shorter time scales remains an unanswered question. Under
conditions where bet hedging is expected to evolve, long-term evolutionary success is
maximized by the ability to retain traits that increase survival in rare but detrimental
environments. This is only possible if there is a lack of response to selection under
benign conditions. In this study, we test the hypothesis that such adaptive constraints
on short-term evolution evolve. We take an experimental evolution approach, using
fluctuating selection comprised of heat shocks and benign environments imposed across
two sequential regimes (Regime-A and Regime-B) in which the frequency of heat shocks
decreases. Following evolution in both regimes, we expect the evolution of increased
heat shock tolerance that comes at a cost of fitness under benign conditions.
To test the central hypothesis that bet hedging evolves as a constraint on
adaptive tracking, we empirically measured evolved constraints in lines from the end of
Regime-A (EoR-A) and the end of Regime-B (EoR-B) by allowing for further evolution
under constant benign conditions and assaying periodically for the loss of heat shock
tolerance and increase in fitness at 30 °C. If bet hedging does evolve as a constraint on
adaptive tracking, we expect heat shock tolerance to be retained in lines from EoR-B
(where heat shocks were rare) longer than for lines from EoR-A (where heat shocks
were frequent). This is what we find as lines from EoR-A lose heat shock tolerance over
150 generations whereas lines from EoR-B do not. We also find that the loss of heat
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shock tolerance in lines from EoR-A is associated with an increase in fitness at 30 °C. In
contrast, lines from EoR-B do not significantly improve fitness at 30 °C after evolving for
150 generations under benign conditions. This indicates that evolution in Regime-B,
where heat shocks were rare, selected for a constraint on adaptive tracking that
prevented the otherwise expected loss of heat shock tolerance and concomitant
increase in fitness under benign conditions. Furthermore, after evolving for 150
generations under benign conditions, lines from EoR-B, while suboptimal under benign
conditions, have a significantly greater heat shock tolerance relative to lines from EoR-A.
Evolved lines from EoR-A and Eor-B had a higher heat shock tolerance and lower
fitness under benign conditions relative to the ancestor, suggesting that heat shock
tolerance came at the cost of fitness under benign conditions. Due to the greater
number of benign environments in Regime-B, lines from EoR-B were expected to have
lower heat shock tolerance and higher fitness under benign conditions relative to lines
from EoR-A. However, lines from EoR-A and EoR-B did not significantly differ in heat
shock tolerance or in fitness under benign conditions possibly because the lines in
Regime-B were only evolved for a relatively short period of time (100 generations).
Relative fitness under benign conditions was measured using competition assays with a
reference strain. It is important to note that due to auxotrophies in the reference strain,
assays were performed in medium enriched with the necessary amino acids. Therefore,
if genotype-environment interactions exist between evolved yeast strains and the
defined, amino acid enriched medium, estimates of relative fitness may not accurately
represent fitness under experimental conditions imposed during evolution. To account
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for background effects of laboratory conditions across sequential regimes, a control line
was evolved under benign conditions for the duration of both Regime-A and Regime-B.
The two control lines were assayed for heat shock tolerance and growth under benign
conditions and were found to not significantly differ from each other, indicating that
background laboratory conditions did not influence evolved heat shock tolerance or
growth under benign conditions.
Maximizing the GMF, or long-term evolutionary success, is strongly influenced by
fitness in rare but extreme environments. Because constraints on adaptive tracking
result in increased survival under such detrimental conditions, they can potentially be
adaptive in the long-term. Constraints on tracking cannot evolve instantaneously and,
like all selectable traits, genetic variation in constraint is a prerequisite for the evolution
of a constraint. While substantial phenotypic variation in constraint was observed at the
end of both Regime-A and Regime-B, genetic variation for constraint could not be
quantified using this study design. Future study aiming to estimate genetic variation in
constraint would require replication of individual lines in assays for evolved constraints.
Some genetic mechanisms behind bet-hedging traits have been described
(Evans, Dionne, Miller, & Bernatchez, 2012; Maxwell & Magwene, 2017; Simons &
Johnston, 2006; Verstraeten et al., 2015). In yeast, the trait that controls heat shock
tolerance has been shown to be a diversification bet-hedging strategy (S. F. Levy, Ziv, &
Siegal, 2012). Clonal yeast populations show a distribution of growth rates when
cultured in benign environments (Avery, 2006; Raser & O’Shea, 2004). Slow growth
rates are correlated with intracellular levels of Tsl1, a regulator of trehalose synthesis,
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and are a reliable predictor of heat shock tolerance (Levy, Ziv & Siegal, 2012). However,
despite an understanding of genetic mechanisms underlying bet-hedging traits, the
genetic basis of evolutionary constraints that influence the persistence of bet-hedging
traits remains poorly understood. The present study warrants genetic studies of evolved
constraints to better understand how bet-hedging traits persist in the short-term. Longterm selection acting on constrained traits can potentially lead to such traits being
phylogenetically embedded and shared between multiple species. In that case,
evolutionarily conserved traits could be considered a product of long-term selection for
constrained traits. An example of a conserved trait in yeast are orthologous ribosomal
protein promoters that show conserved expression even when genomically integrated
into other distinct yeast species. This conserved expression was found to be mediated
by compensatory changes where the effects of mutations in one site of the core
promoter are nullified by mutations in another site (Zeevi et al., 2014).
Our study provides qualitative evidence that the evolution of bet hedging occurs
through selection for a constraint on adaptive tracking. However, quantitative
inferences of the degree of constrained evolution that is adaptive given the frequency of
heat shocks is beyond the scope of this study, and would require detailed assessment of
the optimal value of the constrained trait that maximizes geometric-mean fitness across
fluctuating environments. This study shows that the retention of heat shock tolerance
only occurred in Regime-B, where heat shocks were rare, demonstrating that selection
can act on variation in heat shock tolerance retention which is necessary for bet
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hedging. Although constraints have traditionally been viewed as maladaptive, we show
that they may be adaptive and could potentially be selected for over the long term.
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Appendices

Appendix A: Heat shock tolerance across phases of yeast growth
The use of heat shock in an evolution regime requires an understanding of the
appropriate timing of heat shocks to ensure consistency of heat shock tolerance
measurements and to maximize the difference in heat shock tolerance between
thermotolerant variants and the wild type ancestor. Yeast growth occurs across three
distinct growth phases, viz. lag, exponential growth and saturation. Cells in the
saturation or G0 phase have been found to be significantly more thermotolerant due to
higher levels of trehalose accumulation than for rapidly dividing cells (Paris & Pringle,
1983). To understand how tolerance to heat shocks varies across different phases of
growth, we administered heat shocks at 4 hour intervals over a period of 48 hours for
the ancestor S288C and the evolved thermotolerant T1 strain (Fig. A1). Heat shock
tolerance at each time point was measured in duplicate as the percentage of surviving
cells relative to the total number of cells. We found that although heat shock tolerance
varied over 48 hours, it stabilized around 36 to 48 hours. Moreover, the difference in
heat shock tolerance between the thermotolerant strain (T1) and the wild type (S288C)
was greatest around 36-48 hours (late saturation phase) compared to the lag phase (0
to 8 hours) and the exponential growth phase (8 to 16 hours). Using this information,
heat shock tolerance assays were designed such that assays were performed after 48
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hours of growth to ensure consistency in heat shock tolerance measurements. Evolution
regimes using heat shocks were designed such that heat shocks occurred at the late
saturation phase of growth in order to maximize the difference in survival between
thermotolerant variants and the ancestor.

Figure A.1: Heat shock tolerance (expressed as % Survival) measured at 4 hour intervals over 48 hours
for S288C and T1 strains. Error bars represent SD.
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Appendix B: Estimation of evolutionary constraint

Testing the hypothesis that bet hedging evolves as a constraint on adaptive tracking
requires an appropriate method to measure evolutionary constraints. Because
evolutionary constraints offer resistance along the course of adaptation, they can be
measured empirically as the persistence of a trait despite selection acting against the
trait (Arnold, 1992). If heat shock tolerance comes at a fitness cost under benign
conditions, continued evolution under benign conditions should result in the loss of heat
shock tolerance. However, if adaptation to benign conditions is constrained, the
retention of heat shock tolerance is expected. As a preliminary test to determine how
best to measure constraints associated with evolved heat shock tolerance, the two
isolates (Iso-1, Iso-2) from the heat shock regime and their ancestor, the T1 strain
(Chapter 1, Section 1.1.3), were evolved for 100 generations under constant benign
conditions (30°C) in 3 replicate lines each. Because the T1 strain was derived from a
population that was evolved at 40°C whereas the two isolates were evolved under
repeated heat shocks, predictions regarding differences evolved constraints between
the T1 strain and the isolates could not bemade.
Heat shock tolerance and fitness under benign conditions was measured at
generation 0 and generation 100. Fitness under benign conditions was measured as
competitive fitness using a reference strain. Our results demonstrate that evolution
under benign conditions resulted in a significant reduction of heat shock tolerance in
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Iso-1 and Iso-2 after only 100 generations. The T1 strain, in contrast, did not show a
significant reduction in heat-shock tolerance. Furthermore, we also find that fitness
under benign conditions (measured as competitive fitness) increased for Iso-1 and Iso-2
but not for T1 after further evolution under benign conditions. Taken together, these
results suggest that evolution under benign conditions is more constrained for T1
compared to Iso-1 and Iso-2.

Figure B.1: : Evolved constraints empirically measured as (A) loss of heat shock tolerance
(measured as % Survival) and (B) gain in fitness under benign conditions after selection under
benign conditions for 100 generations in the isolates Iso-1 (blue), Iso-2 (green) and the ancestor T1
(red). Error bars represent SD.
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Appendix C: Estimation of doubling time and number of
generations per transfer

To estimate the number of generations per transfer during experimental evolution, we
calculated the doubling time from growth measurements. Two mid-log values were
used to calculate doubling time. Here, we used OD 600 measurements at 15.5 hours
(0.402) and 21 hours (1.609). Doubling time was calculates using the equation:

Using this, doubling time was estimated to be 2.74 hours. We the use the doubling time
to estimate the number of doublings, given the starting cell concentration, for a cell
culture to reach early saturation. Since yeast cultures reach saturation ~22.5 hours, the
number of generations (g) in each transfer during experimental evolution was calculated
as g= T/ Td.
T is the time taken to reach early saturation and T d is the doubling time. Using this, g
was calculated to be 8.213.
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