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Summary
Cells constantly sense and react to their surrounding environment in order to
maintain their internal homeostasis. As conditions in the natural habitats of microorganisms can dramatically fluctuate, evolution acts to preserve cells that are well
adapted to a wide range of chemical, physical, and nutritional conditions. The adaptation
of micro-organisms to the various stimuli they encounter has been studied extensively
over the years, yet little attention has been given to clarify the temporal context in which
these stimuli appear. In fact, some ecological niches expose organisms to stimuli in a
predictable manner, thus offering the opportunity to prepare in advance for the next
environmental change rather than merely respond to the change upon encounter.
In my thesis I propose that adaptation is not restricted to different types of
environmental stimuli an organism encounters, but extends to act also on the temporal
order in which these stimuli appear. I borrowed the conceptual framework of Classical
Pavlovian Conditioning and ask whether genetic regulatory networks of Micro-organisms
evolved to capture the temporal connections between subsequent stimuli in their habitats.
I term a response strategy that captures the unidirectional temporal order of changes
Adaptive Environmental Conditioning.
Here I present evidence indicating that Adaptive Conditioning exists in two model
micro-organisms, S. cerevisiae and E. coli, under conditions found in their natural
habitats, the switch from fermentation to respiration and the passage through the
digestive tract, respectively. In both systems I studied the transcriptional response to
conditions that resemble these habitats to reveal that the natural temporal order of the
stimuli is embedded in the wiring of the regulatory network - early stimuli pre-induce
genes that would be needed only later on while later stimuli only induce genes needed to
cope with them. Yet the truly crucial question is whether such pre-exposure to the early
stimulus enhances the fitness of the organism when it subsequently encounters the later
stimulus. Such putative fitness enhancement might indicate that the observed response
strategy was selected for during evolution. Indeed my experiments measuring fitness in a
changing environment indicate that the proposed Adaptive Conditioning is likely an
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adaptive trait that could be selected for during evolution. In particular and in accordance
with the directionality of the transcriptional response, I observed a unidirectional fitness
advantage as pre-exposure to the stimulus that typically appears early in the ecology
improves the organism’s fitness when challenged with a second stimulus. Finally, I also
observed extinction of conditioned response in E. coli strains that were repeatedly
exposed only to the first stimulus in a lab evolution experiment. This extinction was
taken as evidence that Adaptive Conditioning can be selected against under an unsuitable
environment.
The hypothesis of Adaptive Conditioning is further studied on two
complementary levels. First I developed a mathematical model that predicts gain in
fitness due to early preparation in various environments in order to better understand the
key forces that select for this trait. The predictions of the model were experimentally
validated using E. coli. This successful validation indicates that the model can also serve
a predicative tool to identify ecologies potentially selecting for Adaptive Conditioning.
Additionally, I tried, as a proof of concept, to evolve a lineage of E. coli cells in a
laboratory evolution experiment to condition between previously unconnected stimuli.
Although Adaptive Condoning failed to evolve in this experiment, insights from this
system are now implemented to a new evolution experiment.
My work shows that Adaptive Conditioning is a selectable trait that was
repeatedly selected for during evolution both in prokaryotes (E. coli) and eukaryotes (S.
cerevisiae) and thus may be ubiquitous in biology.
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1 Introduction
Micro-organisms are constantly faced with environmental stresses and stimuli as
external conditions in the habitats can rapidly and dramatically fluctuate. The adaptation
of Micro-organisms to the various stimuli they encounter has been studied extensively
over the years yet little attention has been given to clarify the cellular response to these
challenges when they appear in the temporal context typical of the natural ecology. In
fact, some ecological niches expose cells to stimuli in a predictable manner, i.e., a
reoccurring set of stimuli that appears in a conserved order along the natural history of an
organism. For example, during alcoholic fermentation Saccharomyces cerevisiae
metabolizes glucose and produces ethanol until sugar depletion1. When the cells switch to
respiration in order to utilize the ethanol they are exposed to oxidative stress originating
from intercellular reactive oxygen species2. Therefore, in the context of alcoholic
fermentation yeasts are exposed to two stimuli, ethanol and oxidative stress, in a
sequential manner.
In my research I propose that adaptation is not restricted to different types of
environmental stimuli an organism encounters, but extends to act also on the temporal
order in which these stimuli appear. The capacity of higher organisms to capture the
temporal connection between events in their environment serves as a classical paradigm
in the study of learning. Here I borrow the conceptual framework of Classical Pavlovian
Conditioning3 and ask whether genetic regulatory networks of Micro-organisms
adaptively evolved to capture the temporal connections between subsequent stimuli in
their habitats. In a predictable environment, organisms that encode information about the
temporal relationship between stimuli in their regulatory network have a significant
advantage over organisms that react separately to each of the stimuli. I coin such a
regulatory strategy Adaptive Environmental Conditioning (Figure 1).
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Figure 1. Analogous response strategies to sequential stimuli in the organism’s environment. Pavlovian
Conditioning is a cognitive capacity of higher multi-cellular organisms that is facilitated by a learning
process. The proposed analogous Adaptive Environmental Conditioning is facilitated by natural selection
during the process of evolution in Micro-organisms.

Over the years various response strategies were observed in Micro-organisms.
The simplest response strategy frequently used by organisms is to monitor the
environment and to directly respond to a stimulus upon encounter using a designated
mechanism (Direct Regulation, Figure 2). The environmental stress response in yeast
represents a complicated instance of the direct response strategy. The responses to the
various stresses are partially overlapping, each of the stresses activates a designated
response, yet there exist a common core response that is required for cope with all
stresses (Overlapping Response, Figure 2)4,5. Recent studies have shown an alternative
response strategy acting on the population level through creation of variation between
individuals. Theoretical work indicates that when a population of Micro-organisms
evolves under erratic environmental fluctuations, cells may not effectively monitor the
environment, but may rather utilize stochasticity to randomly alternate between potential
states (‘Stochastic Switching’, Figure 2). Stochastic Switching thus ensures that a portion
of the population is prepared in advance to the unpredicted challenge6,7,8.
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Most recently, Tagkopoulos et al.9 have discovered Associative Regulation
(Figure 2), a cognitive-like capacity in which bacteria associate between environmental
changes. Specifically, they studied the response of E. coli to temperature elevation which
is shortly followed by a drop in oxygen availability during its entry to the digestive tract.
Interestingly these two signals show a symmetrical associative regulation pattern - each
signal affects the expression of genes needed to cope with both, although one of the
stimuli shortly precedes the other. The authors successfully decoupled the two responses
during a lab evolution experiment in which the two signals were presented out-of-phase
from one another. The ability to decouple the two responses is an indication that the
coupling seen in the wild-type is not a trivial overlapping response to the two stresses
similar to the Environmental Stress Response.
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Figure 2. Five possible regulation strategies in response to environmental stimuli. (a) Under a Direct
Regulation strategy each of the stimuli, S1 and S2, activates exclusively the responses R1 and R2
respectively. The Overlapping Response (b) represents a more complicated case of Direct Regulation; the
two designated responses partly overlap. Under the Stochastic Switching strategy (c) cells randomly sample
either R1 or R2 in response to either S1 or S2, thus a portion of the population is prepared for unexpected
environmental changes. Under Associative Learning (d) each of the stimuli activates both responses. Under
Adaptive Conditioning (e) the stimulus that typically appears first in the ecology activates both responses,
while the stimulus that appears later induces only the second response.
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In my thesis I show that biological systems that react to a unidirectional temporal
order of environmental changes manifest a more elaborate predictive capacity than
simple association. This capacity is reflected in a corresponding asymmetric response
strategy - the first signal activates the responses to both first and second stimuli, yet since
the second stimulus does not predict the appearance of the first it only activates its own
response (Adaptive Environmental Conditioning, Figure 2).
I studied the hypothesis of Adaptive Conditioning on three fundamentally
different levels: (1) I developed a mathematical model that predicts circumstances under
which Adaptive Conditioning is evolutionarily beneficial, (2) I examined contemporary
living organisms to identify examples of existing Adaptive Conditioning and (3) I
conducted Pavlovian-like lab evolutionary experiments in order to select for lineages of
cells that condition between previously unconnected stimuli. Figure 3 shows the outline
of the basic paths of research.

Model Adaptive
Conditioning

Develop toy
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Develop
realistic
Model

Identify adaptation in
known ecologies

Evolve E. coli toward
de-novo conditioning

E. coli –
the digestive
tract ecology

S. cerevisiae –
the wine
ecology

Design
experimental
system

Test fitness
criteria of
adaptation

Examine
response
strategy

Analyze
selected
adaptations

Experimentally
validate
model

Figure 3. Outline of three fundamental levels for the study of the Environmental Adaptive Conditioning.
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Adaptive Conditioning is expected to provide a selective advantage in a limited
set of environmental and cellular conditions. Intuitively, highly predictable habitats, in
which an early stimulus is a reliable predictor for a subsequent stimulus, are ideal for this
type of adaptation. On the other hand, an irregular environment may generate many
wasteful "false alarms" events in which the organism will futilely prepare for the second
stimulus. I started my study by developing a mathematical model in order to theoretically
map the environmental and cell internal parameters under which Adaptive Conditioning
confers a selective advantage. This mapping clarifies the key forces that select for the
proposed adaptation and the relationship between them. Moreover, the mathematical
model’s quantitative predications are verified experimentally using E. coli. Thus I
conclude that the model can be used as a predictive tool to identify natural ecologies that
are likely to exhibit Adaptive Conditioning.
I next turned to study Adaptive Conditioning in contemporary living organisms. I
focused on the two model micro-organisms, S. cerevisiae and in E. coli under conditions
found in their natural habitats, the switch from fermentation to respiration and the
passage through the digestive tract, respectively. In each of the systems I uncover an
asymmetric response strategy that fits the temporal order of stimuli in the natural habitats.
I continue to test three criteria to determine whether the observed cross regulation pattern
forms an adaptive trait that was likely selected for during evolution:
1. Asymmetric fitness advantage: Pre-exposure to the naturally preceding stimulus, S1
enhances the fitness under the subsequent stimulus, S2. However, exposure to the
same two stimuli in reverse order does not enhance fitness.
2. Preparation is stimulus specific: The conditioned response is specific to S1 and not
to other unrelated stimuli that the organism did not encounter prior to S2 during its
evolution.
3. Preparation is costly Pre-induction of genes needed to cope with S2 is costly and not
beneficial during S1. Such early induction is preserved due to a future benefit that is
expected to exceed the cost, upon encounter with S2.
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During its life cycle E. coli alternates between two principal habitats, intestines of
mammals and water, sediment, and soil10. Focusing on the intestinal ecology reveals a
predictable environment that can potentially select for lineages of conditioned bacteria.
Specifically in my research, I focused on regulation of sugar metabolism pathways as
during passage along the digestive tract, exposure to lactose precedes exposure to another
sugar, maltose11. My experiments revealed an asymmetrical regulation strategy
compatible with Adaptive Conditioning - the sugar that is encountered early in the
digestive tract, lactose, also activates in advance genes that would be required only
further down the tract for metabolism of maltose. Additional experiments revealed that
this conditioned strategy forms an adaptive trait according to the three criteria outlined
above: Pre-exposure to lactose improves cells growth on maltose, yet reversing the order
of sugars does not improve fitness. Additionally, conditioning proves to be lactose
specific, pre-exposure to other sugars does not improve growth on maltose. Finally I
observed extinction of the conditioned response in E. coli strains that were repeatedly
exposed only to the first stimulus in a lab evolution experiment. This extinction indicates
that induction of the conditioned response is indeed maladaptive in the presence of first
stimulus.
Wine making is an ancient human trait, dating back thousands of years ago. Since
yeast cells that survive this stressful process are not killed but rather propagate and may
even be intentionally reused for future wine fermentations12, this process forms an
evolutionary cycle that potentially selects for lineages of conditioned yeasts. Specifically,
I focused on stresses that are typical to the switch from fermentive to oxidative
metabolism to reveal an example of existing Adaptive Conditioning. My experiments
revealed the asymmetric fitness advantage expected under the hypothesis, i.e., cell
survival is higher when consecutive stresses are introduced in their natural order, rather
than in the reverse order. Additionally, I observed that this advantage is restricted to
stresses encountered during wine production in line with the requirement of high
specificity. Finally, I examined the genome-wide transcriptional response under relevant
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stresses and revealed the underlying molecular mechanism – genes required to cope with
the second stress are already pre-induced upon encounter the first stress.
Adaptive conditioning is proposed to be the result of explicit selective
circumstances – a consistent environment of recurring stimuli. In a third path of research
I conducted directed evolution experiments in order to select for lineages of cells that
condition between previously unconnected stimuli. In these experiments E. coli cultures
were diluted daily into a new growth medium and were sequentially exposed to two
stimuli, e.g., addition of maltose followed by exposure to heat shock. Unfortunately, even
after three months of serial transfers a conditioned response was not observed between
the stimuli pair. However, other, more trivial, adaptations were fixated, e.g., increased
resistance to heat shock. Conclusions and insights from this experiment series were
implemented in the design of a new set of experiments that will be conducted by another
student in the lab.
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2 Materials and Methods
2.1 E. coli Experiments
2.1.1 Strains and media
E. coli MG1655 (E. coli genetic stock centre) was used for model validation
experiments and for the fitness experiments.
E. coli W224413 was used as a lacZ mutant strain (lacZ39∆) for model validation
experiments. W2244 has a deletion of a third of the lacZ gene, the mutant shows no βgalactosidase activity yet has an active permease13.
An E. coli GFP reporter library14 was used to monitor operon expression in
response to treatment with various carbon sources.
The evolved E. coli strains were kindly provided by Erez Dekel and are described
Oxman et al.15
All experiments were done in M9 defined medium consisting of M9 salts (1 mM
MgSO4, 0.1 mM CaCl2, 0.05% casamino acids, and 5ng/ml Thiamine) supplemented
with the appropriate carbon source.
Three basic media types were used:
1. M9
2. M9-Gly [0.1% glycerol (Baker)]
3. M9-Glu [0.1% glucose (Sigma) + 20 mM cAMP (Sigma)], cAMP was added to avoid
glucose repression16.

To test the effect of various treatments the media were supplemented with the following:


Lactose 10mM (Fluka). This concentration was chosen as it allows maximal growth
on this carbon source.
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Maltose 5mM (Sigma). This concentration was chosen as it allows maximal growth
on this carbon source.



Galactose 10mM (Sigma). This concentration was chosen to be equal to the
concentration of lactose.



Sucrose 10mM (Sigma). This concentration was chosen to be equal to the
concentration of lactose.



IPTG 0.15mM (Sigma). This concentration was chosen to achieve saturation of the
lactose operon induction16.



Kanamycin 25 μg/ml (Sigma) was used in the GFP expression experiment to maintain
selection of the plasmid.

2.1.2 Population size and growth rate measurements
Population size and growth rate measurements were preformed similarly to Dekel
and Alon17. Overnight cultures were diluted into fresh media and were grown for 1 hour
at 370C. The cultures were then transferred to a 96-well plate to perform the experiments.
Population size and growth rate were monitored using a multi-well spectrophotometer at
595 nm (GENios and INFINITE200; TECAN). Alternatively treated cultures were plated
in a “checkerboard pattern” to account for different growth rates on different locations on
the plate17. The effect of a given treatment was calculated by dividing the OD at a given
treated well to the average OD of its four alternatively treated neighbors. This yielded 48
ratios which greatly increase the resolution of measurement and the ability to detect
reliably even small differences in population sizes.
2.1.3 Monitoring operon activity with promtor-fused GFP library
Overnight cultures, each carrying a unique plasmid with a specific promoter fused
to GFP, were diluted into fresh M9-Glu media and were grown for 1 hour at 370C. The
cultures were then transferred to a 96-well plate and treated with sugars. Expression and
cell growth (at 300C) were monitored simultaneously using INFINITE200 (TECAN) a
multi-well reader (fluorescence at 495/520 nm, OD at 595 nm). OD and GFP signals
were smoothed using local regression with the MATLAB “smooth” function (rlowess
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option). The normalized GFP level and promoter activity were calculated similarly to
Kaplan et al16. Briefly, the GFP signal was calculated after subtraction of the media
fluorescence and cell auto fluorescence. GFP per cell was calculated by dividing the GFP
signal by the OD measured. Promoter activity ((dGFP/dt)/OD) was taken as the average
promoter activity measured in a time window of 1 hour of exponential growth.
The following operons were examined in my research: MalEFG, MalK-lamBmalM, MalPQ, MalS , MalZ, LacZYA. For simplicity I refer to the operons by the name
of the first gene only. The maltose operon MalT was not included in my analysis as it
shows no responsiveness to maltose (results not shown).
2.1.4 Monitoring operon transcription using qRT-PCR
Overnight cultures were diluted into either M9-Gly or M9-Glu media alone or
supplemented with either lactose or maltose, and grown until reaching the logarithmic
phase. RNA was extracted using RNeasy Mini kit (QIAGEN) and used as a template for
the reaction. qRT-PCR was done using the LightCycler 480 system (Roche) according to
the manufacture instructions.
2.1.5 Measuring fitness advantage in alternating sugar environment
Overnight cultures were diluted either into M9-Gly+S1 (e.g., lactose) (treated) or
M9-Gly (untreated). After 3 hours the size of the populations was determined (OD). The
OD values were used in order to dilute (1:100) an equal amount of cells into a new
growth medium containing low levels of S2 (e.g., maltose) as a sole carbon source. In
order to account for a potential metabolic effect a residual S1 that remains after dilution
of the treatment culture, an identical trace amount of S1was added to the control growth
medium. The populations’ size was measured after 2 hours of growth. The population
size ratio (treated/untreated) was used as an indication of fitness advantage originating
from pre-exposure to S1. In order to account for the possibility that the growth advantage
observed due to early exposure to lactose originates from the metabolic value of this
sugar as a carbon source rather than its role as a conditioning signal, I preformed a
control experiment, See Additional Results section.
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2.2 S. cerevisiae Experiments
2.2.1 Strains and media
Strain BY4741 (MATa; his31; leu20; met150; ura30) was used in all yeast
experiments.
All deletion strains used in this study are based on Strain BY4741 and were
obtained from the Saccharomyces Genome Deletion Project18.
Experiments were carried out in liquid YPD medium (2% yeast extract, 1%
peptone, 1% dextrose) at 30°C. Osmotic stress was applied by addition of KCl (Baker),
oxidative stress was applied by addition of hydrogen peroxide (Frutarom) and heat shock
was applied by transferring the cell cultures into a preheated water bath. Parallel
application of heat shock to multiple strains was done using a multiwall plate in a PCR
machine.
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For

specific

concentrations

see

Table 1.
2.2.2 Cross-protection experiments
An overnight culture was diluted into fresh YPD medium and grown to a cell
concentration of 2*106 cells/ml. Cells were diluted 1:2 into the first stress (S1). Transfer
into the second stress (S2) was done by centrifuging the culture, removing the medium
containing the stress and adding new medium containing the second stress. Stress levels
and exposure periods were calibrated to achieve a mild effect (50% survival) for S 1 and a
severe effect (0.5% survival) for S2 (see example of calibration experiment in Figure 4).
A

full
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list

of

stress

levels

used

appears

in

Table 1. This experimental design is crucial since it allows to measure fold
protection values which span two orders of magnitude.
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Table 1 – Stresses levels applied for measuring cross protection phenotypes

Stress type

Stress level

Exposure Time

High osmolarity: KCl (mild)

1M

30'

low pH (mild)

2

30'

High pH (mild)

8.2

45'

Copper: CuSO4 (mild)

4 mM

45'

Acetic acid (mild)

60 mM

45'

Heat shock (mild)

42°C

45'

Heat shock (severe)

49°C

45'

Ethanol (mild)

4%

30'

Ethanol (severe)

16%

35'

Oxidative stress: H2O2 (mild)

1mM

30'

Oxidative stress: H2O2 (severe)

30mM

20'

Survival ratio

1
0.75
0.5
0.25
0
0

20

40
40

Time (min)

60

45
80

50

Temp (oC)

Figure 4. Calibration of heat shock levels. Heat was applied while varying the both the temperature and
exposure time. Black circles mark the mean survival ratio measured for at least three independent repeats.
Bars denote the standard deviations. Green arrows mark the stress levels found to result in mild and severe
effects.
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Samples were taken from cultures at the end of each treatment and plated on YPD
plates. The plates were incubated for 48 hours at 30°C before counting the colonies
formed. The fold protection (FP) entailed by pre-exposing cells to a mild level of S1
before a severe level of S2 was calculated after measuring three independent survival
ratios (Sur):
FPs1s 2 

Surs1s 2
Surs1  Surs 2

2.2.3 Sensitivity of deleted strains to heat and oxidative stress
Cultures of both wild type and deleted strains were grown overnight at 30 oC in a
96-well plate. Cultures were then diluted (1:20) into fresh YPD medium and grown for 3
hours. Cultures were then diluted into either mild heat shock (37oC for 30 minutes) or
mild oxidative stress (H2O2 1mM for 30 minutes). The stresses were calibrated to result
in a similar effect on the survival of the wild type strain (90%). As a control, untreated
isogenic cultures were diluted into rich medium. All cultures were then diluted (1:20) into
fresh YPD medium and grown for 6 hours. Population size was monitored using a multiwell spectrophotometer at 595 nm (INFINITE200; TECAN). Survival ratio was
calculated by dividing the OD of stress treated cultures by the OD of untreated cultures.
Each strain was measured in 4 independent experiments. A t-test was used to determine
whether the difference in the mean survival ratio of a deletion strain and the wild type is
statistically significant in a given stress.
2.2.4 Genome-wide expression experiments
An overnight culture was diluted into fresh YPD medium and grown to cell
concentration of 2.5*107 cells/ml. Cells were diluted 3:4 into a fresh medium with the S1
treatments (KCl 0.8M, heat shock 40°C or YPD as control) and grown for 45 minutes.
Cells were then diluted 1:10 into the second treatments, S2 (H2O2 0.66mM or YPD as
control). First stress (S1) levels were calibrated to have an identical exposure period and
relatively minor effects on survival across all treatments.
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Aliquots (5ml) were removed after 0, 30, and 45 minutes into S1 while in S2
aliquots (50ml) were removed after 15, 30, and 45 minutes. Samples were frozen in
liquid nitrogen, and RNA was extracted using MasterPure™ (EPICENTER
Biotechnologies). The quality of the RNA was assessed using the BIOANALYZER 2100
platform (AGILENT); the samples were then processed and hybridized to Affymetrix
yeast 2.0 microarrays using the Affymetrix GeneChip system according to
manufacturer’s instructions.
2.2.5 Defining essential gene sets
Essential gene sets for each stress were defined according to the gene annotation
in the Proteome BioKnowledge Library (a manually curated, proteome-wide compilation
of scientific literature). For example, the set of oxidative essential genes was obtained by
finding genes annotated as conferring either sensitivity to oxidative stress (when mutated)
or resistance to oxidative stress (when over-expressed). In order to discard genes which
are essential for more than one of the tested stresses I defined sets of non overlapping
unique essential genes. For example, a set of unique oxidative essential genes comprises
of genes essential under oxidative stress but not essential under osmotic stress or heat
shock.
2.2.6 Induction of the gene sets under different stresses
I tested whether the above sets of essential genes are over-expressed in response
to a given stress using a simple binomial test. Towards this aim I used the time point
within the stress that showed a peak in the genome-wide averaged response. Genes were
then categorized as induced or repressed according to their fold change at this peak time
point. Finally, the binomial test was used to check whether the number of essential genes
that were induced at a given condition is significantly high, given the genome wide apriori probabilities.
2.2.7 Identifying candidate genes that facilitate conditioning
I define an ideal expression profile describing the expected dynamics of a gene
that can facilitate the observed cross-protection phenotype (heat shock protects against
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oxidative stress while osmotic stress does not protect against oxidative stress). Thus the
profile is defined accordingly:
1. Level of induction in response to heat shock- 0.2 in log2 scale or higher.
2. Level of induction in response to oxidative stress- 0.2 in log2 scale or higher.
3. Induction under osmotic stress is significantly lower than in heat shock- 0.4 in log 2
scale (this high threshold was used to completely avoid genes induced under both
osmotic and heat shock to similar levels).
4. Induction is maintained higher in the transfer from heat shock to oxidative stress
relative to the expression level seen when heat shock-treated cells are transferred to
YPD.
A control profile is similarly defined by using osmotic stress instead of heat shock
in the above requirements. The results are qualitatively similar under alternative cut-off
values (results not shown).
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3 Results
3.1 A Mathematical Model of Adaptive Conditioning
Adaptive

Conditioning

confers

a

selective

advantage

under

specific

environmental conditions. Intuitively, highly predictable habitats, in which an early
stimulus is a reliable predictor for a subsequent stimulus, are ideal for this type of
adaptation. Additionally, in the responding cellular system it is crucial that the cost of the
early preparation will be smaller than the benefit gained from encountering the second
stimulus in a prepared mode. In order to better understand the economic considerations of
cells when conditioning between stimuli in their environment, a simple mathematical
model and experimental test system were developed. For simplicity I focus on the
minimal environmental scheme that can potentially select for conditioning. The
environment includes two stimuli, S1 and S2, which require two independent cellular
responses R1 and R2, respectively. The model calculates the relative fitness advantage of
cells employing a conditioned response over cells employing a direct response strategy in
a given environment. The fitness advantage is given in an experimentally measurable
quantity – population size ratio after a single encounter with the stimuli pair.
The mathematical model is developed here in a few stages. I start by presenting a
simple toy equation mapping the key environmental and cell internal parameters that
affect the fitness of Adaptive Conditioning over the Direct Response strategy. This toy
equation is then further developed to a more realistic mathematical model that includes
biologically meaningful and measureable parameters. The accuracy of the model’s
predictions is experimentally validated using E. coli. After validation the model is further
developed to consider a more complicated manifestation of the Adaptive Conditioning –
a two-phase conditioning strategy in which the cells only partially commit to the R2
response upon encounter with the predicative stimulus.
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3.1.1 A toy model of the relative fitness of Adaptive Conditioning
Adaptive

Conditioning

confers

a

selective

advantage

under

specific

environmental conditions. The predictability of the habitat is a key environmental
parameter that affects the relative fitness a conditioned organism will have over unprepared cells. Let us consider an environment that includes both coupled and uncoupled
appearances of the two stimuli, S1 and S2, and denote p as the probability that S2 will
occur given S1 after a Δt time period. Two key parameters of the biological system affect
the relative fitness of the conditioned organism, the energetic cost of preparation (denoted
C), and the benefit gained from encountering the second stimulus in a prepared mode
(denoted B). The gain and cost parameters are, in turn, dependent on the typical time
constants of the habitat. The cost is expected to be proportional to duration of “untimely”
response, i.e., the period in which the conditioned organism induces the R2 response
although S2 is not present. The gain is expected to be proportional to the preparation
period before actual encounter with S2, e.g., a short period might not be sufficient for full
preparation.
Equation 1 incorporates the three relevant key parameters to calculate the fitness
difference (∆Fc-d) between an organism that uses the Adaptive Conditioning strategy and
a naïve organism that adheres to the Direct Regulation strategy:
(1)

Fcd  p  B(t )  C (t )  1  p   C (t S1 )
i

ii

Thus the fitness difference is calculated as the difference between two terms, term
(i) represents the net contribution to fitness difference due to cases in which S1 was
followed by S2. Such cases will contribute to the fitness advantage of the conditioned
organism (given that the benefit is larger than the cost). In contrast, term (ii) represents
uncoupled events, i.e., cases that may be regarded as “false alarm", in which S1 occurred,
yet S2 did not follow it; such cases will diminish the advantage of the conditioned
organism. The two terms are weighted by the respective probabilities p and the
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complementary probability (1-p). Note that appearance of S2 alone does not affect ∆F as
both under Direct Regulation and the conditioned strategy encounter with S2 alone will
result in identical induction of R2. The dependence of fitness on the interplay between the
three key factors, the cost, gain, and predictability are shown in Figure 5.

C

Gain (B)

10

5

A
B
0

0

0.5
0.5

Cost (C)

1 1

Predictability
(p)

Figure 5. Relationship between three key parameters that affect the relative fitness advantage of an
organism that applies Adaptive Conditioning. Each point in the 3D space marks a system that is
characterized by different values of the gain, cost, and predictability parameters. The subspace above the
curved plane represents combinations of values that favour Adaptive Conditioning, whereas points below it
correspond to combinations that favour Direct Regulation. For example, point A favours conditioning since
the environment is relatively predictable and the gain from early preparation to S 2 is much larger than the
cost. Point B marks a parameter combination that is not suitable for Adaptive Conditioning since the
environment is relatively unpredictable while preparation is costly relative to the potential benefit. Point C
marks a case in which the low predictability is compensated by the low cost and high gain from
preparation.

The results of the simple toy model reflect a non-linear dependency between the
relative fitness of conditioning and the basic environmental and biological parameters.
Furthermore, the results are in agreement with the basic intuition regarding parameter
combinations that select for Adaptive Conditioning over the Direct Response strategy –
highly predictable habitats and biological systems that are characterised by a high gain to
cost ratio.
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3.1.2 A mathematical model of Adaptive Conditioning
The toy model displayed above reflects the basic parameters that affect the
relative fitness of conditioning and the relationship between them. However, in order to
derive quantitative predictions from the above phenomenological equation I further
developed the model to include biologically meaningful and realistic parameters, such as
measurable gain, cost and time scales.
The mathematical model for Adaptive Conditioning follows the growth dynamics
of two organisms in the given environment while taking into account the alternative
response strategies. Environments are characterized by the stimuli, the typical time
constants of the stimuli presence and the predictability of their coupling. The organisms
are characterized by their alternative response strategies and the values of gain and cost
parameters. I restricted the model to a minimal set of biological assumptions: (1) R2
requires a protein system to be transcribed and translated. (2) The energetic cost of the R 2
protein system is proportional to the R2 production rate, and (3) the benefit gained upon
exposure to S2 is assumed to be linearly proportional to the level of the R2 protein system
at a given time point. Note however that this model can be accommodated to include
other, more complex, assumptions regarding the biological system and the environment.
In this section I will describe the equations of the mathematical model in a few
stages. First I present the organism’s response function - a function describing the time
dependent changes in the R2 response level in a given environment. The gain and cost
effects, manifested as changes in the basal growth rate, are derived from the response
function. By integrating over the gain and cost functions I calculate the accumulative
effect of a response strategy in the given environment. Finally, the accumulative effects
are plugged back into the toy equation to yield an experimentally measurable fitness
parameter. The fitness difference (∆Fc-d) is represented as the predicted population size
ratio between alternatively responding cells after encounter with the considered
environment.
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In order to model the time dependent dynamics of the R2 protein system I relied
on the function describing an exponential approach to a steady state protein level:

Y (t )  Yst (1  e t )

(2)

Where t is the time from induction, Yst is the steady state level of the protein and α is the
dilution/degradation rate. For simplicity, active degradation of the protein is neglected
and hence α equals the growth rate19. This basic function is used to develop the two
alternative response functions rd(t), rc(t), which denote the relative response level
(normalized to Yst) under the Direct Regulation and Adaptive Conditioning, respectively
(Figure 6, red and blue graphs)
(3)

rd (t )  1  e  ( t t )

(4)

rc (t )  1  e t

1

R2 level

With a limitation for rd(t), Δt < t.

1

rd(t)

rc(t)

0
0

t’ Δt
S1

S2

Time
Figure 6. Response functions under different regulation strategies. The functions rd(t) and rc(t) describe the
relative R2 level in a given environment under direct and conditioned response strategies, respectively.

The benefit gained under each regulation strategy is modeled through a temporary
increase in the basal grow rate. I assume that the gain is linearly proportional to the
response level at a given time point, yet it is important to note that a benefit is gained
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only when S2 is present. As the gain depends on the biological system under study, a
scaling parameter is required.
(5)

bi (t )    ri (t )

Where κ is a system specific scale parameter and i marks the type of the response
strategy (Direct or Conditioning). An example of the derived gain graphs is shown in
Figure 7.
The cost under each regulation strategy is modeled through a temporary decrease
in the basal grow rate. I assume that the cost is linearly proportional to the relative rate of
R2 production (β). This cost reflects constant rate processes such as transcription and
translation which were recently shown to account for the observed cost during protein
expression17,20. As the R2 production rate, β, is s binary parameter (β=0 or β=1) in both
regulation strategies, upon induction the cost is a time independent constant (scaled by a
system factor η):
(6a)

c(t )  

In specific systems the cost might show a more complex and nonlinear
dependency on activation period (for example, if accumulation of R2 harms the cell).
Thus the cost function might be further developed to include an additional cost factor η*
and the cost function becomes:
(6a)

c(t )     * (t )

In order to calculate the accumulative effect of all changes on the basal growth
rate I integrate over the gain and cost functions during the relevant time intervals (see
Supplementary Results for integration details). The fitness of each regulation strategy in a
given environment is given by the sum of the gain and cost integrals (see example in
Figure 7). Note that as this fitness is calculated independently for each strategy. This
fitness is in fact relative to a "no-response" strategy, in which the basal growth rate is
maintained (no benefit is gained and a cost does not exist).
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Figure 7. Calculation of fitness difference according to the detailed mathematical model. The blue, red and
green graphs mark direct, conditioned, and two-phase conditioning regulation strategies, respectively.
Details on the two-phase conditioning strategy appear later in this section. The durations of S1 and S2 are
marked on top. Upon induction the R2 response is assumed to follow an exponential approach to a steady
state level. The cost and the gain are manifested by temporal changes in the growth rate (GR) relative to the
basal growth rate. The cost is constant and exists throughout the response period. The benefit is linearly
proportional to the R2 level when S2 is present. The final effect on the growth rate is given by subtracting
the cost from the gain. By integrating over all changes in growth rate one can calculate the predicted
population size under each strategy after an encounter with a pair of stimuli

After acquiring biologically informative cost and gain expressions the parameters
from the toy model describing the fitness difference can be further developed (equation
1). The gain (B in equation 1) is essentially the difference between the integrals of the
gain functions (equation 5):

(7)
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t

t

t

B (t )    rc dt    rd dt    rc  rd dt

The cost (C in equation 1) is essentially the difference between the integrals of the
cost functions (equation 6) during the relevant time intervals. In coupled cases (S2 was
preceded by S1) the period of surplus response is Δt, thus the cost in coupled cases (Ccp)
is:




0

t

Ccp   dt   dt    t  C (t )

(8a)

while in uncoupled cases (only S1 appeared) the period of surplus response is whole
duration of S1 (ts1) since under direct response there is no response at all. Thus the cost in
uncoupled cases (Cun) is:
tS !

0

0

0

Cun   dt   dt    t S 1  C (t S 1 )

(8b)

To conclude, the toy equation describing the fitness difference between a
conditioned and a direct response strategies can be now be rewritten:

(1a)

Fcd

 

 p      rc  rd dt   t   1  p    t S1 
 t


Note that the ∆F expression denotes the difference in reproduction capability using the
new cost and gain expressions which in turn reflect changes in the basal growth rate of
the organism. Assignment of the solved integrals of the gain and cost functions in the
above equation results in following expression (see also Supplementary Results section):

(1b)

 (1  e t )

Fcd  p   
 t   (1  p )  t S 1




this expression can be easily solved and is dependent only on the environmental
parameters (the time constants and the predictability parameter) and on the biological
scaling parameters.
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The new developed fitness expression (1b) is extremely useful as it can be used to
calculate an experimentally measurable fitness parameter – population size ratio using a
simple transformation:
(9)

Nc / N d  exp(  Fcd )

Where δ is the basal growth rate. A population ratio above one indicates that the tested
environment favors conditioning. For example, a ratio of 1.05 indicates that after a single
cycle in the environment (weighted by the probability factor p), a conditioned population
will be larger by 5% than a population with a Direct Regulation strategy.
3.1.3 Experimental validation of model’s predictions
I devised an experimental system to test the model’s predictions under a specific
environmental setup – addition of lactose, a superior carbon source, to E. coli cells
growing on glycerol, an inferior carbon source (Figure 8A). I reasoned that cells preinducing the lactose operon will be able to better utilize lactose resources upon encounter
than naïve cells.
The values of the gain and the production cost (κ and η, respectively) have been
previously measured for the lactose operon17,20 and validated by myself. However, an
additional cost parameter (η*) is also known to exists in this system. This cost originates
from excessive transport of lactose and consequent loss of membrane potential in cells
already expressing the lactose permease when encountering the sugar21. I estimated the
value of the additional cost using a lacZ mutant strain that can transfer lactose but cannot
metabolize it (Supplementary Figure 2). Using the gain and cost measurements it is
possible to test the relative fitness of conditioning for different delay times between preinduction of the operon and lactose exposure. Note that the experiments allow testing the
accuracy of the model’s predictions without the use of any free parameters.
Figure 8B shows a comparison between the predicted and observed growth
advantage of a pre-induced population over a control naive population, as a function of
the time interval, t. As the figure shows, a good fit is observed between the predictions
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and the experimental results. It is important to note that the pre-induction exercised here
is an artificial mimicry of a more natural conditioning situation, yet the ability to
accurately predict the fitness difference in this simple system indicates that the model can
be used to explore natural, more complex situations.

A.
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population

2.5h
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Artificial inducer + lactose
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Figure 8. Validation of mathematical model’s predictions. (A) Experimental setup to measure the fitness of
inducing the lactose operon prior to lactose exposure. Two identical populations of E. coli are exposed to
identical stimuli at a different order. The lactose operon of one culture is pre-induced by an artificial
inducer. The size of the two populations is measured two and a half hours after lactose addition. (B)
Mathematically predicted and experimentally observed fitness advantage of pre-induction of the lactose
operon. The y-axis depicts the relative fitness of conditioning, measured as the ratio between the population
sizes of two alternatively treated cultures. Model predictions were calculated by substituting the known cost
)  0.924  0.04  t   2 (t )
and gain values of the lactose system in Equation (1b): F  0.17  (1  e
.
Calculation of the expected population ratio from F was done using Equation (9). The red and blue graphs
depict the ratio between the two populations (ODconditioned/ODunconditioned) as predicted by the model and
experimentally observed, respectively. Bars denote the standard errors of three repetitions.
0.924t
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1

3.1.4 Model expansion – two-phase Adaptive Conditioning
The strategy of Adaptive Conditioning described above represent a full
commitment of an organism to the R2 response already upon encounter with the
preceding stimulus S1. However, under a more adjustable strategy S1 might activate R2 to
either a full or a partial level. Such partial activation would reflect only a limited
commitment of the cell to the R2 in response to S1, while only S2 would fully trigger the
R2 response. I term this strategy two-phase conditioning to indicate the two steady state
levels of R2 – first, an intermediate level when S1 is encountered, and then to a full level,
when S2 appears. An example of the response dynamics under two-phase conditioning is
shown by the green graphs in Figure 7. Under some environments the two-phase response
strategy may be optimal. Intuitively, this strategy can be viewed as a risk management
strategy, allowing an organism to be moderately prepared for only a part of the cost.
I further developed the mathematical model to include the two-phase response
strategy. Basically, this expansion is achieved through changes in the production rate
parameter β. Previously induction of the R2 response followed a binary pattern under the
direct and one-phase conditioning strategies. Upon response, the R2 relative production
rate parameter β is 1, otherwise β is 0. The difference between the Direct Response and
one-phase conditioning was manifested by the different assignment to β upon encounter
with S1. Under two-phase conditioning R2 induction level is stimulus dependent. Upon
encounter with S1, R2 is induced only to a partial level (0<β<1) while upon encounter
with S2, R2 is fully induced (β=1). The relative fitness of two-phase conditioning can be
analytically calculated, given the intermediate level β. A full account on the extended
model is detailed, for easier readability of the main text, in the Supplementary Results
section.
After deriving the fitness functions of the two-phase response strategy I can use the
mathematical model as a predictive tool to identify the most beneficial response strategy
in a given habitat. Specifically, given the typical gain and cost values of the biological
system and the predictability level of the environment, the model can analytically find the
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optimal fractional level of R2 induction in response to the preceding stimulus S1.
Figure 9 shows the predicted optimal R2 activity in response to S1 as a function of the
gain to cost ratio and the typical delay time. The figure illustrates the value combinations
that select for a two-phase conditioned strategy. As the gain to cost ratio decreases at a
given delay, the optimal strategy shifts toward the two-phase conditioning. Likewise, at a
given gain to cost ratio, a negative correlation between the optimal intermediate
expression level and the delay time is observed, e.g., long delay periods are optimal for
two-phase conditioning or even only Direct Regulation.
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Figure 9. Model-predicted regulation strategies under different value combinations. The model was used to
calculate the optimal intermediate level of induction after encounter with S 1 as a function of the gain to cost
ratio and the delay time. The color code marks the predicted relative intermediate level. In cases where the
cost exceeds the gain not responding is the optimal strategy.
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7

3.2 Adaptive Conditioning in E. coli and the Intestinal Ecology
During its life cycle E. coli mainly alternates between two habitats, intestines of
mammals and water, sediment, and soil10. Focusing on the intestinal ecology reveals a
predictable environment that can potentially select for Adaptive Conditioning.
Specifically, during passage along the digestive tract, exposure to lactose precedes
exposure to another sugar, maltose11. I thus expect that this environment can select for
Adaptive Conditioning in sugar metabolism – bacteria that link between the presence of
lactose and future exposure to maltose may be better utilize maltose resources upon
encounter. Note that as explained in the Introduction section, recent work has already
shown that this ecology selects for a symmetrical association between stimuli9. Genes
required for coping with either elevated temperature or decrease in oxygen availability
are induced in response to each of the stimuli separately.
The study of existing conditioning in E. coli is presented here in a few stages. I
start by briefly describing the main habitats of E. coli as a predictable environment.
Specifically, I focus on regulation of maltose and lactose operons to uncover molecular
evidence for a two-phase conditioned response strategy that fits the order of stimuli in the
intestinal tract. Moreover, I examined whether the observed conditioned response
provides a fitness advantage to the organism and is not merely a result of a neutral cross
talk between the metabolic pathways. In line with the three criteria outlined the
Introduction section, I observed a unidirectional fitness advantage when cells growing on
maltose were pre-exposed to lactose. Specificity of the fitness advantage was also
observed, pre-exposure to other sugars did not improve cells growth on maltose. Finally,
I observed extinction of the conditioned response in E. coli strains that evolved in an
environment that repeatedly exposed them to lactose (S1) without the subsequent maltose
(S2), indicating that conditioned response is maladaptive in the presence of S1.
3.2.1 Intestinal ecology potentially selects for Adaptive Conditioning
During its life cycle E. coli alternates between two principal habitats, intestines of
mammals and water, sediment, and soil10. The population of E. coli cycling through the
digestive track can be roughly divided into three categories according to their
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colonization in this system. The colonization of the newborn intestine occurs within the
first few days after birth. From that stage on it is difficult for new strains to become
implanted there (yet this process does regularly occur). The crucial point is that the
majority of strains found in fecal samples are transient E. coli strains that persist in the
colon for shorts periods of a few days to a few weeks22. Thus, although colonization is a
lifelong event from the perspective of the host, the majority of individual E. coli cells
cycle through this habitat within much shorter periods. A third population of E. coli is
expected to constantly cycle through the digestive track without any colonization and
thus to exit within a few hours after entering it. To conclude, individual cells do
experience repeated exposure to the alternating habitats and may eventually condition
between some of the typical stimuli in those habitats.
Figure 10A shows the evolutionary cycle composed from the two alternating
environments and the typical stimuli. The external environment is rich in oxygen and is
usually colder than the temperature controlled anaerobic environment of the intestines.
Additionally, nutrients availability is known to dramatically change along the intestinal
tract as the host’s body breaks down large molecules or absorbs some products.
Specifically, during passage along the digestive system, exposure to lactose precedes
exposure to another sugar, maltose11.
The mathematical model was used in order to predict which type of regulation
strategy is most beneficial for the induction of the lactose and maltose metabolic
pathways. Calculations were based on the known parameter values of the digestive tract
(the values of the typical delay and the basal growth rate used are taken from
Savageau11). Unfortunately, the values of the gain and cost parameters are not known for
this system and direct measurement within the natural habitat is extremely difficult. Thus
I define a wide range of possible gain to cost ratios. As E. coli respond to maltose it is
safe to assume that a gain is greater than the cost yielding a lower boundary of one to the
ratio. As an upper boundary I used the gain (κ) to cost (η) ratio of the lactose system
which reflects the energy yield in a carbon source superior to maltose (the additional cost,
η*, found in the lactose system is ignored as it reflects unique damage phenomenon).
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As Figure 10C shows, under this range of possible values the model predicts that a twophase conditioning strategy will be most beneficial. Thus upon encounter with lactose
cells are expected to fully induce the lactose operon and additionally induce the maltose
operon to an intermediate level. As this is an asymmetric regulation strategy, upon
exposure to maltose, cells are expected to induce only the maltose operons.
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Figure 10. Principle habitats of E. coli and possible conditioning between to characteristic stimuli. (A)
Two habitats of E. coli acting as an evolutionary cycle. (B) Focus on two stimuli in the digestive track,
lactose and maltose, and their typical time constants (figure adopted with changes from Savageau11). (C)
Model-predicted regulation strategies under different combinations of parameter values (similarly to
Figure 9). The color code marks the predicted relative intermediate level. The typical delay time and
feasible range of gain to cost ratios are marked in grey. The magenta bar depicts the mean intermediate
induction levels (0.37±0.2) observed for the five maltose operons in response to lactose in the wild type E.
coli.
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3.2.2 Adaptive Conditioning in lactose and maltose pathways
The mathematical model indicates that the most advantageous strategy in regard
to sugar metabolism is a two-phase conditioned response strategy that captures the
temporal order of sugar availability in the digestive tract. I reasoned that if the response
strategy is implemented through wiring of the transcriptional network, evidence of
conditioning can be observed by monitoring the activity of the relevant promoters. In
order to systematically test the promoter activity of the operons in the presence of
maltose and lactose, I used the E. coli promtor-fused GFP library constructed and
previously by Zaslaver14. The experiments revealed the asymmetrical regulation pattern
predicted by the model (Figure 11). Maltose operons that are induced by maltose are also
induced, yet to a lower level, by lactose, thus manifesting the predicted two-phase
conditioning strategy. Interestingly, basic responsiveness of some of the maltose operons
to lactose was observed in a different E. coli strain as well23. In contrast, and as expected
by the hypothesis, the lactose operon remains unaffected by the presence of maltose
(Figure 11). The intermediate response level of the five maltose operons to lactose is
similar, showing a surplus activity of 0.37±0.2 above the basal promoter activity. This
level of partial activity can be plugged back into the model (Figure 10C) in order to
estimate the gain to cost ratio in the system. Given an expected three hours time interval
and the observed partial activation level, I predict that the ratio is around 1.7.
Supplementary Figure 3 demonstrates the two-phase induction dynamics of the maltose
operons in response to sequential addition of sugars (lactose followed by maltose).
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Figure 11. Conditioned response in sugar metabolism of wild-type E. coli. The GFP signal of lactose and
maltose operons was monitored during exponential growth after addition of either sugars. The normalized
promoter activity was calculated by dividing the promoter activities by the maximal promoter activity
observed. Bars denote standard deviations of four repetitions. .Promoter activities of four out of five
maltose operons are significantly higher under lactose relative to the untreated culture (t-test, p<0.01
according to a Bonferroni adjustment).

The asymmetric cross regulation pattern of maltose and lactose operons was further
verified using qRT-PCR. Similarly to the results obtained using the GFP reporter library,
I observed a pattern of partial induction of maltose operons in response to lactose, as
expected by the two phase conditioning response strategy (Figure 12). Reassuringly, the
lactose operon remained unaffected by presence of maltose.
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Figure 12. Fold induction (log2) of lactose and maltose operons in the presence of different sugars as
measured by qRT-PCR.

Both in the GFP-fused promoter library and qRT-PCR experiments induction was
measured relative to a control population growing exclusively on the background carbon
source, glucose (supplemented with cAMP). In order to validate that the response
strategy is not affected by the choice of the background carbon source, I repeated the
experiments while substituting the glucose by glycerol. Reassuringly, the results similarly
indicated on the two-phase conditioned response strategy (Supplementary Figure 4, 5).
3.2.3 Extinction of Adaptive Conditioning in evolved strains
Built into the Classical Conditioning paradigm is the possible extinction of the
association – to put in present work terms, it is expected that in an already conditioned
strain, repeated exposure to S1, without consequent arrival of S2 should select for a
weaker connection between S1 and R2 due to the futile and costly induction of R2.
Accordingly, I have examined lab-evolved strains, which grew for 500 generations on
41 | P a g e

high levels of lactose, yet without exposure to maltose15. Figure 13A shows a schematic
representation of the changing environment: The natural environment is characterized by
sequential exposure to lactose and maltose, while the new environment is characterized
by daily exposure to lactose only.
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Figure 13. Extinction of conditioned response in evolved strains. (A) Schematic representation of the
changing environment: The natural environment is characterized by sequential exposure to lactose and
maltose, while the evolution experiment environment is characterized by daily exposure only to lactose. (B)
Extinction of conditioning of maltose operons in the evolved strains. Promoter activity (PA) of maltose and
lactose operons was measured as previously described. The red shapes mark the surplus promoter activity
of the three most highly expressed maltose operons. The surplus promoter activity was calculated by
dividing the observed activity on lactose by the activity on maltose after subtracting the basal promoter
activity (activity without addition of any sugar to the growth medium). The green circle marks the surplus
promoter activity of the lactose operon on maltose. Bars denote standard deviations of four repetitions. The
dashed line marks an identical promoter activity of both wild-type and evolved strains.

Strikingly, I found that in all three lines, the maltose operons show markedly
reduced activity in response to lactose compared to the wild-type strain (Figure 13B). I
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confirmed that the evolved strains preserved both the ability to metabolize maltose
(Figure 14A) and promoter responsiveness to maltose itself (Figure 14B). This suggests
that only the asymmetrical cross talk between the two sugars was removed during this lab
evolution period. These results indicate that the cross talk observed in the wild-type strain
is costly and that without a suitable selective force, evolution acts to eliminate the
conditioned response. Thus, conditioning emerges as an adaptive trait that is preserved in
the wild type strain since the gain exceeds the cost in the natural ecology of the intestinal
tract.
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Figure 14. Evidence for an intact maltose response in the evolved strains. (A) Overnight culture of both
wild-type (WT) and the evolved strains (E2, E5 and E10) were diluted into fresh media containing maltose
as a sole carbon source. OD measurements during 3 hours of logarithmic growth are presented. The inset
shows the average growth rate of the different strains during the 3 hour growth. (B) Promoter activity
measured for the wild-type and evolved strains are presented for maltose operons.

43 | P a g e

3.2.4 Fitness advantage of Adaptive Conditioning
Extinction of the conditioned response in strains evolving in a new environment
indicates that induction of maltose operons in response to lactose is likely a selectable
trait in the natural ecology of E. coli. In order to further validate that the observed preinduction entails an adaptive fitness advantage according to the three criteria outlined in
the Introduction section, I monitored the growth of cultures in an alternating sugar
environment (Figure 15A) . Note that this system is similar to the setup previously used
for the validation of the mathematical model (Figure 8). In these experiments I measured
the growth of cells on one sugar (S2) after an initial treatment with another sugar (S1).
The population size of this conditioned culture was compared to an untreated culture that
was not exposed to S1 prior to S2 (Figure 15A). Compatible with pre-induction of maltose
operons, I observed that the wild-type strain displayed a fitness advantage if growth on
maltose was preceded by growth on lactose (black circle, Figure 15B). As required by the
asymmetry criterion, no fitness advantage was observed if the order of sugars was
reversed (red circle, Figure 15B). Reassuringly, the growth advantage is not observed
when testing the evolved strain that features extinction of the conditioned response (cyan
circle, Figure 15B). Finally, in line with the specificity criterion, I observed that two
alternative chemically close carbon sources, galactose and sucrose, cannot substitute
lactose as a preceding signal prior to maltose (yellow circles, Figure 15B). This suggests
that the observed anticipation evolved in response to the specific stimuli pair that is
presented to the organism in its ecological niche. In summary I conclude that
conditioning is an adaptive trait that was likely selected for by the natural ecology of E.
coli.
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Figure 15. Fitness advantage resulting from pre-induction of maltose operons in wild-type and evolved
strains. (A) Experimental setup: In each experiment two isogenic populations were grown on either
glycerol supplemented with one sugar - S1 (treated) or glycerol alone (untreated) for 3 hours. An equal
amount of cells were diluted into media containing the second sugar (S 2) as a sole carbon source. The ratio
between the population sizes within each experiment (treated/untreated) was taken as the fitness advantage
originating from pre-exposure to S1. (B) Mean fitness advantage according to the three criteria. All ratios
are normalized to the ratio measured in a control experiment in which S 2 was only glycerol (Supplementary
Results). A significant fitness advantage is observed only in the transfer from lactose to maltose (p=0.02, ttest).
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3.3 Adaptive Conditioning in S. cerevisiae and the Wine Ecology
The production process of alcoholic brews exposes the wine yeast, S. cerevisiae,
to a sequence of stresses in a predictable manner. As traditional wine making relied on
yeasts that are naturally found on the grapes and in the winery environment, the process
forms an evolutionary cycle that potentially selects for Adaptive Conditioning - cells can
use the presence of one stress as a cue for the likely exposure to a subsequent different
stress.
The study of existing conditioning in S. cerevisiae is presented here in several
stages. I start by describing the ecology of wine production as an environment that
potentially selects for Adaptive Conditioning. I then continue to focus on core stresses
that comprise the diauxic shift, the switch from the preferred catabolic state,
fermentation, to the alternative one, respiration. I found that exposure to stresses that
occur during fermentation enhances the ability of yeasts to cope with stressful aspects of
respiration. This directionality suggests that the yeasts have adapted to the order of
stresses typical to the process of wine production. The three criteria for adaptiveness of
the conditioned response that were outlined in the Introduction are examined in the
context of the increased protection against oxidative stress. Finally, I discuss my study of
the transcriptional response as a potential molecular basis of the cross protection between
heat shock and oxidative stress.
3.3.1 Wine ecology potentially selects for Adaptive Conditioning
The ecology of fermentation and wine production is reviewed by Pertorius and
Bauer24,1. Studies reveal that production of alcoholic beverages dates back to 7000 BC.
For most part, wine making was carried out by the yeasts that are naturally found on the
grapes and in the winery environment. It is important to note that only in very recent
times humans started to intentionally intervene with the specific yeast strains carrying out
this process e.g., by intentional inoculation. Thus for most history of wine making,
alcoholic beverages relied on the natural microflora for a spontaneous fermentation
process. As each cycle of fermentation provides a habitat for a vast population of
growing yeast cells, it is likely that the evolution of S. cerevisiae was greatly influenced
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by this process to the extent of selecting for specialized mechanisms under this habitat.
Adaptive Environmental Conditioning represents an adaptation strategy that is especially
adequate for this type of cyclic life style.
The typical sequence of stresses in the process of wine production is shown in
Figure 16A. The initial conditions in the grape must are far from optimal, the starting
material has high concentrations of sugar and acid. As fermentation starts the temperature
can rise to lethal levels25,26. As fermentation progresses, additional stresses appear, rising
levels of ethanol, exhaustion of assimiable nitrogen sources and later glucose starvation.
When glucose is almost fully consumed the cells go through the diauxic shift and replace
fermentation metabolism with respiration which exposes them to reactive oxygen species
that originate from active mitochondria27.
3.3.2 Adaptation to the order of stresses typical to wine production
The wine ecology potentially selects for Adaptive Conditioning between the
subsequent stresses. As a potential manifestation of this adaptation I focused on the crossprotection phenotype28,29,30 between different stress pairs typical to this process. A crossprotection phenotype exists if pre-exposure to one stress improves the survival of cells
under a subsequent stress. Under the hypothesis of Adaptive Conditioning I expected an
asymmetrical cross-protection phenotype between stress pairs. Particularly, I predict that
directionality of cross-protection will be in accordance with the order of events during the
transition from fermentation to respiration. For example, as ethanol precedes oxidative
stress in wine production, I expect improved survival under oxidative stress if it is
preceded by ethanol stress, yet I do not expect cross-protection if the conditions are
applied in the reverse order. It is important to note that the protection activity is
influenced by the stresses level applied on the cells. Thus, for consistency, each stress
type was calibrated to achieve either mild or severe effects on cell survival (Figure 4 and
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Table 1). Cross protection was measured in cultures transferred from mild stress
to severe stress.
Figure 16A shows the measured protection phenotype systematically tested for
stresses that occur before and after the diauxic shift (see also Supplementary Table 1). In
accordance with the asymmetric criterion, I observed that the cross-protection phenotype
is indeed extremely asymmetric and most importantly, that the directionality of protection
fits the natural temporal context. Specifically, for each stress pair, protection is always
stronger in the direction found in the natural environment. Note that activation of the
environmental stress response4,5, namely a set of genes that are transcribed in response to
a wide spectrum of stresses, is less likely to explain the observed cross-protection
activity. Whereas the environmental stress response is more likely to result in a
symmetrical protection, I observed a very asymmetric effect.
I further validated that the protection phenotype is maintained if the yeasts go
through a succession of the three stresses. This was done in order to rule out the
possibility that exposure to ethanol lowers the protection facilitated by the initial heat
shock against oxidative stress. I thus repeated the same kind of cross-protection
experiments while exposing cells to mild heat-shock, followed by mild ethanol, and
subsequently by a severe oxidative stress (keeping the same time gaps and stress levels as
before). The experiments reveal that pre-exposure to heat-shock followed by ethanol
gives similar high cross protection efficiency against severe oxidative stress (fold cross
protection of 58±2.9).
Focusing on cross protection against oxidative stress revealed the specificity of
cross protection. As Figure 16B shows, high cross protection occurs for stresses that
typically precede oxidative stress in the natural ecology. This specificity further supports
the possibility that the observed cross protection originates from specific adaptation to the
temporal order of stresses in wine production rather than from the general stress response.

48 | P a g e

46

A.

31

5

4

Heat
High Osmolarity

29

19
Oxidative stress

Ethanol
3

0.001
1.5

Low pH
Nit. Depletion

Glu. Depletion

Time
Initial must

Fermentation

B.

Diauxic
shift

Respiration

50
40
30
20
10
0

CuSO4
Copper

Low pH
pH
Low

KCl
High
osmolarity

HS
Heat

EtOH
Ethanol

AA
Acetic
acid

High
High pH
pH

Figure 16. Typical stresses in the ecology of wine production and cross protection phenotype. (A)
Temporal sequence of stresses in the process of wine production24,1 and cross-protection phenotype
observed between stresses that occur during the transition from fermentation to respiration. The values on
the arrows denote the mean fold protection gained by pre-exposure to a given mild stress followed by a
second severe stress. Experiments were done in three independent repeats (see Supplementary Table 1 for
standard deviations). Red and blue arrows mark cross protection when stress order is in accordance with the
ecology or in reverse order, respectively. Green self-pointing arrows denote cases of auto-protection. (B)
Specificity of cross protection against oxidative stress. The columns mark the observed fold cross
protection donated by exposure to mild stress prior to severe oxidative stress, bars donate standard
deviations.

3.3.3 Adaptive Conditioning in the transcriptional response to stress
I next turned to investigate a potential molecular mechanism that might account
for the observed cross-protection capacity. I focused on the pair of stresses that exhibits
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the strongest cross-protection phenotype, heat shock and oxidative stress, and measured
genome-wide transcriptional response under these stresses both when they are introduced
in isolation or in continuation. As a first stage I restricted the analysis to genes that are
essential for the stress response, that is, genes that when mutated cause a fitness reduction
under the particular stress conditions. Specifically, I defined gene sets that are annotated
in the Proteome BioKnowledge Library (a manually curated, proteome-wide compilation
of scientific literature) as essential exclusively, for one of the stresses, heat shock or
oxidative stress. This strict definition allowed discarding key genes that are essential for
the general stress response while defining non-overlapping essential responses for each
one of the stresses. I found that the observed directionality of cross-protection is largely
recapitulated in the pattern of gene expression (Figure 17). Particularly, I observed that in
response to heat shock, both heat shock exclusive genes and also the oxidative stress
exclusive genes are over-expressed. As predicted by the Adaptive Conditioning
hypothesis, the results also showed that this response is rather asymmetrical, i.e., in
response to oxidative stress the oxidative exclusive genes are over-expressed, while the
induction of heat-shock exclusive genes is not statistically significant (Figure 17).
Furthermore, I noted that the response of the oxidative exclusive genes to heat-shock is
significantly higher than the response of the heat-shock exclusive genes to oxidative
stress (p = 0.043, using Fisher's exact test).
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Figure 17. Asymmetrical transcriptional response to heat shock and oxidative stress measured by
microarrays. A binomial p-value was used to examine whether sets of exclusive essential genes are overexpressed under each of the two stresses
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Figure 18. Identifying candidate genes that may underlie the unidirectional cross-protection phenotype
between heat shock and oxidative stress. Genome-wide transcriptional response under two sequential
stresses was measured in response to different stimuli series. The upper panel marks the expression
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dynamics of an ideal gene that may facilitate cross-protection against oxidative stress under these different
stimuli setups. The lower panel marks the mean profile of 300 genes matching the desired expression
pattern. The ideal gene profiles were defined based on the following criteria in the stimuli setups: 1)
transfer from rich medium (YPD) into an oxidative stress (blue line): the ideal gene is induced following
the transition. 2) Heat shock followed by oxidative stress (red line): the gene is induced already under heatshock and induction is sustained later in the oxidative stress. 3) Heat shock followed by rich medium (red
dashed line): the ideal gene is induced under heat shock and decays when cells are moved to the rich
medium. 4) An osmotic stress followed by oxidative stress (green line): the gene is only induced under the
oxidative stress and not in the control osmotic stress. 5) Osmotic stress followed by rich medium (green
dashed line): the gene does not respond at all.

Essential for the understanding of Adaptive Conditioning is to monitor gene
expression when stresses are applied in a sequential order. Since I observed that heatshock activates oxidative exclusive genes, I next carried out experiments in which
application of heat shock (S1) was followed by an oxidative stress (S2). As a negative
control I also examined the response to oxidative stress preceded by an osmotic stress, a
condition found not to protect significantly from oxidative stress (fold cross protection of
1.06). I used these series of stresses to define an ideal expression profile of genes that can
underlie the cross-protection phenotype and ultimately conditioning (Figure 18, upper
panel). Basically the profile describes genes pre-induced in heat shock, induced in
oxidative stress and unaffected by osmotic stress. In a supervised search I identified a
cluster of 300 genes following the required dynamics (Figure 18, lower panel). Notably,
this set shows a significant overlap with the oxidative exclusive genes (p=0.013) but not
with heat shock exclusive genes (p=0.2).
In order to further clarify the role of the acquired gene cluster I tested for
functional enrichment using the Gene Ontology (GO) annotations31. The analysis
revealed a significant enrichment of oxidative stress categories (Table 2), such as
oxidoreductase activities, and many mitochondria related categories, consistent with a
known role of mitochondria in oxidative stress in yeasts32. Furthermore, no heat shock
related categories were found to be enriched in this set.
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Table 2– GO enrichment in the gene set matching the ideal profile (300 genes)

p-value

Description

Category

2.11E-25

mitochondrial matrix

GO:0005759

2.11E-25

mitochondrial lumen

GO:0031980

8.49E-13

Mitochondrion

GO:0005739

8.49E-13

mitochondrial part

GO:0044429

2.22E-12

mitochondrial ribosome

GO:0005761

2.22E-12

organellar ribosome

GO:0000313

3.79E-11

organellar large ribosomal subunit

GO:0000315

3.79E-11

mitochondrial large ribosomal subunit

GO:0005762

2.33E-05

oxidoreductase activity

GO:0016491

5.00E-04

large ribosomal subunit

GO:0015934

0.000468

structural constituent of ribosome

GO:0003735

0.00124

ribosomal subunit

GO:0033279

0.00387

Cytoplasm

GO:0005737

0.00453

oxidoreductase activity, single donors

GO:0016701

0.00453

dioxygenase activity

GO:0051213

Reassuringly, the genes that corresponded to the control profile (in which I still
used oxidative stress as an S2, yet with an un-protective S1) did not yield similar
enrichment for oxidative related activities (Table 3). This indicates that while an S1
stimulus that provides cross-protection elevates in advance genes relevant for the R2
response, a control S1 signal does not affect these R2 genes.
Table 3 - GO enrichment in the gene set matching the control profile (494 genes)

p-value

Description

Category

0.00316

pre-autophagosomal structure

GO:0000407

0.00362

cellular iron ion homeostasis

GO:0006879
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0.00362

iron ion homeostasis

GO:0055072

0.00537

protein catabolic process

GO:0030163

0.00555

protein targeting to vacuole

GO:0006623

0.00686

Sporulation

GO:0030437

0.00686

reproductive sporulation

GO:0048622

0.00919

Proteolysis

GO:0006508

0.00919

cellular cation homeostasis

GO:0030003

The analysis of gene annotations in the conditioned cluster, both according to GO
categories and by essential genes sets, suggests that this response arm that is induced
under heat shock might not be required for coping with the heat stress itself. Thus it
seems that this cluster is indeed neutral upon encounter with heat-shock, in line with the
third criterion of adaptiveness. However, in order to test this notion directly I designed
another experimental system. Towards this aim I collected 29 strains18, each mutated in a
gene from the cluster described above and tested their sensitivity to heat shock and
oxidative stress. Analysis of survival ratios reveal that while 65% of the strains show
increased sensitivity to oxidative stress, none shows a significantly increased sensitivity
to heat shock (Figure 19, Supplementary Table 2). This is a direct indication that the
expression of many of the heat-induced genes is at least neutral, if not maladaptive, under
heat-shock. Taken together with the fact that these genes are essential under oxidative
stress, this experiment corroborates the claim that the early preparation to oxidative stress
during heat-sock is adaptive in this system.
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Figure 19. Survival ratios of wild type and deletion strains under heat shock and oxidative stress. The
survival ratio was calculated by dividing the OD of a stress treated culture by the OD of the untreated
culture. The survival ratio of each strain was measured in heat shock and oxidative stress in four
independent repeats, bars denote the standard errors. The green circle marks the survival of the wild type. A
t-test was used to determine whether the difference in the survival ratio of a deletion strain and the wild
type is statistically significant in a given stress (FDR=0.05). Red circles mark deletion strains that show
significantly reduced survival under oxidative stress. Grey circles mark deletion strains with similar
sensitivity to oxidative stress as the wild type strain. Note that all deletion strain show similar sensitivity to
heat shock as the wild type strains. See Supplementary Table 2 for further details.

The conditioned cluster of 300 genes obtained by a supervised search follows the
proposed dynamics of an ideal conditioned gene. I next turned to test whether a similar
cluster can be obtained through an unsupervised approach. Towards this aim I identified
all genes that showed induction in response to oxidative stress (a total of 1700 genes) and
used standard clustering methods to partition them into co-regulated clusters. As Figure
20A shows, hierarchical clustering yields three major clusters with distinct induction
profiles under the different experimental setups. The biggest cluster (denoted ESR 55 | P a g e

environmental stress response in Figure 20), represents a core response common to the
three stresses. Next I observed an oxidative unique cluster (denoted OX in Figure 20)
which consists of genes that are expressed only upon encounter with the oxidative stress.
The last cluster (denoted CP – Cross protection in Figure 20) consists of genes that are
pre-induced in heat shock, induced in oxidative stress and remain unaffected by osmotic
stress. The mean expression profile of this cluster is very similar to the ideal dynamics
defined previously under the supervised approach (Figure 18, lower panel). Accordingly,
this cluster is also enriched in mitochondria and oxidoreductase related categories (results
not shown).
Focus on the mean expression profiles in the ESR cluster point to another
intriguing effect. Although this gene set is induced under all experimental setups, the
mean induction of the cluster is considerably lower under oxidative stress that was
primed by heat shock. Importantly, a similar effect is not observed in the other two
clusters (CP and OX). The decreased activity of the ESR cluster in cells benefiting from
cross-protection might indicate that this cluster reflects the stress level experienced by the
cells. This internal stress level can be viewed as the “subjective” stress, differing from the
“objective” stress – the level we chemically apply on the cells. The fact the two other
clusters do not feature this reduced effect might indicate that they react to the “objective”
stress level.
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Figure 20. Unsupervised clustering of oxidative responsive genes. (A) Main clusters obtained by
hierarchical clustering of expression data under osmotic stress (OS), heat shock (HS), oxidative stress
(OX), oxidative stress that was primed by osmotic stress ((OS→) OX) or oxidative stress that was primed
by heat shock ((HS→) OX). (B) Mean expression profile of the three major clusters obtained.

3.4 Directed Evolution towards Adaptive Conditioning
Adaptive conditioning is proposed to be an advantageous evolvable trait under
explicit selective circumstances – a consistent environment of recurring stimuli. I thus
reasoned that Conditioning can be created, de novo, in a directed evolution experiment
given the appropriate selective pressure. In this line of experiments E. coli cultures were
diluted daily into a new growth medium and were sequentially exposed to two stimuli to
eventually select for lineages of cells that condition between the two. Control cultures
were exposed daily to identical stimuli but simultaneously rather than sequentially.
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Two parallel experiments were conducted, each one designed to select for
conditioning between the appearance of maltose with future arrival of either stress (heat
shock) or a superior carbon source (lactose). The serial transfer experiment was
conducted for nearly four months, with a total of 113 cycles of exposure to the stimuli
pair. Unfortunately, there was no phenotypic indication of conditioning in the evolved
strains. Culture evolving on maltose followed by lactose were assayed by plating them on
agar plates containing either lactose or maltose as a sole carbon sources while assaying
the activity of the β-galactosidase enzyme (by x-gal coloring). Results showed no
elevation in β-galactosidase activity when evolved cultures grew on maltose (relative to
the ancestral wild type strain). This observation was taken as evidence that the lactose
pathway was not conditioned to respond to maltose in the evolved strains.
Cultures evolving on maltose followed by heat shock were assayed by testing
whether addition of maltose prior to heat shock enhances their survival (relative to
cultures untreated with maltose). Results showed a similar survival rate of cultures
irrespectively to prior addition of maltose, indicating the heat shock response was not
conditioned to maltose in the evolved strains. Similar results were also observed in the
evolved control cultures, these cultures were exposed daily to maltose and heat shock
simultaneously. It is important to note however, that the phenotypic assays used to test
for a conditioned response might not have been accurate enough to detect subtle cases of
conditioning. For example, it is possible that although a subset of the heat shock response
genes was elevated in response to maltose, the increase in survival was undetectable.
Although a conditioned response was not observed in the evolved strains, other
adaptations to the experimental setup were fixated. Specifically, all lineages improved
their growth on the background carbon source used during the evolution experiment
(glycerol). In order to identify the mutations that might underlie this improvement,
genomic loci from the coding sequence of enzymes in the metabolic pathway of glycerol
were sequenced. These sequences were previously shown to affect the growth rate on
glycerol after an evolution experiment that selected for increased growth rate on this
carbon source33. In total, six different loci were sequenced in eight evolved strains and in
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the wild-type ancestral strain. Analysis pointed to a single missense mutation in the
coding sequence of glycerol kinase in all the evolved strains but not in the wild type
strain. This single mutation leads to a substitution of Arg→Leu at position 237 of the
protein sequence. As Figure 21 shows, imposing the substituted residue on the three
dimensional structure of the protein reveals that the mutation is not located in spatial
proximity to the active site of the enzyme. However, the mutation is located near two key
residues previously shown to considerably improve the kinetic properties of the enzyme,
one of which can support an increase of 60% in the growth rate on glycerol33. I note that
the observation of the exact same mutation in all the evolved strains points to a possible
uncontrolled transfer between the independent lines of the evolution experiment.

ATP
(substrate)
Glycerol
(substrate)
New found
mutation
Previously known
mutation

Active site

Figure 21. Three dimensional structure of the E. coli glycerol kinase (PDB structure 1bo5). The mutation
found in the evolved strains (red) is located in spatial proximity to two positions previously known to
considerably improve the kinetic properties of the protein33.
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Increased resistance to heat shock was another prominent adaptation observed in
the all strains daily exposed to heat. The stress level used in the experiment was
calibrated to achieve a survival rate of 50% in the ancestral wild type strain. Figure 22
shows increased survival rates measured for the all evolved strains. As noted before, the
increased resistance was not influenced by prior addition of maltose to the growth
medium and was also observed in the control cultures that were exposed daily to maltose
and heat shock simultaneously.
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Figure 22. Heat resistance in wild type and evolved strains. The diamonds mark the measured survival of
ancestral (green), control (red), and conditioned (blue) strains. The heat shock used in the evolution
experiment was calibrated to achieve a survival rate of 50% in the wild type strain.
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4 Discussion
The discussion section follows the structure of the Results section. In each of the
subjects I briefly review the results and discuss my conclusions and possible future work.
I then continue to discuss the conclusions that arise from my hypothesis as a whole.

4.1 A Mathematical Model of Adaptive Conditioning
My study begins with the development of a mathematical model as a tool to
understand the key forces that affect selection of this response strategy. The model sets to
predict the fitness advantage gained by Adaptive Conditioning over the Direct Response
strategy in a given environment. The Direct Response strategy is taken as a null model,
the simplest alternative strategy that is typically assumed to exist between a stimulus and
the cellular response. The described model was intended to remain simple and intuitive
while relying on a minimal set of biological assumptions. Specifically, note that the key
elements, such as the cost, gain and response dynamics are introduced into the model
separately. This modularity allows the model to be adjusted and further developed to
represent other, more complex systems. The most direct example for this ability to
elaborate the model is the incorporation of an additional cost parameter required in the
specific case of pre-induction of the lactose operon (Figure 8).
I have also designed an experimental setup to test the accuracy of the model
predictions in a specific system, induction of the E. coli lactose operon prior to lactose
exposure. The good agreement between the model’s predictions and the observed results
(Figure 8B) indicates that the even this simplistic model can be used to estimate the
fitness advantage of conditioning given basic parameters of the biological and
environmental system. Thus, the model can be used as a predictive tool to identify
ecological systems that potentially select for Adaptive Conditioning (Figure 10C).
Indeed, I observed that the model successfully predicted the two-phase conditioned
strategy used by E. coli in the regulation of the lactose and maltose pathways (Figure 11
and 12). It is noteworthy to add that the successful prediction was done although some
values of biological parameters were unknown. This indicates that the model might be
utilized to study even ecological systems that are not fully characterized.
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The mathematical model can be further expanded to incorporate more realistic
assumptions about the environment and the biological system under study. For example,
consider the simplistic assumptions regarding the typical time constants of the
environment (e.g., Δt has one single value). In a faithful emulation, the value of each of
the time parameters will be taken from a range of possible values according to an
assumed probability distribution.
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Time
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β

β
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Figure 23. Different implementations of Adaptive Conditioning. The insets mark the distribution of R2
production rate (β). Note that in the population model the response level upon encounter with S 1 varies in
different individuals.

In the scope of this discussion I want to propose another, more exciting,
possibility for expansion of the existing model. I suggest implementation of Adaptive
Conditioning as a population response strategy rather than a mere single cell strategy
(Figure 23). Under this expansion, upon encounter with the conditioning stimulus, S1, the
target population can create a wide heterogeneity in the conditioned response R2. This
heterogeneity can be viewed as an economical stochastic response strategy (Figure 2).
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The heterogeneity does not exist under normal growth conditions but is only triggered
upon encounter with the predictive signal. The level of heterogeneity can also be modeled
using a probability distribution allowing a whole range of population dynamics to be
explored (see inset in Figure 23).

4.2 Adaptive Conditioning in E. coli and the Intestinal Ecology
After developing the mathematical model I turned to explore contemporary living
organisms and their ecologies in search for potential existing cases of Adaptive
Conditioning. I focused on the known ecology E. coli and the digestive tract as an
environment that may have selected for adaptive Conditioning in regard to sugar
metabolism.
The analysis of this ecological system started with the use of the mathematical
model as a predictive tool. Although the values of some parameters are unknown in the
environment, the model predicts that a two-phase conditioned strategy will be the most
advantageous strategy for a wide range of values (Figure 10C). This observation can be
taken as evidence that the intestinal ecology selects for Adaptive Conditioning
irrespectively of the precise values of these parameters. However, another, more
interesting, conclusion can further be drawn: Conditioning can be viewed as a robust
response strategy that is advantageous under a wide range of biological and
environmental circumstances that in fact exist in nature. Consider for example, the time
estimate of a three hour delay between lactose and maltose11. This single value can
probably not account for all mammalian digestive tracts. However, according to the
model’s predications conditioning emerges as the most adventurous strategy if the delay
periods in nature range from almost zero to five hours (Figure 10C).
The experimental research of the E. coli system started with the study of the
transcriptional response of lactose and maltose operons in order to reveal the response
strategy used by the wild type E. coli. Results were consistent with the model’s prediction
and indicated an asymmetric regulation pattern that captures the temporal order of sugars
in the digestive tract - maltose operon are inducted to an intermediate level in response to
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lactose while the lactose operon remains unaffected by maltose (Figure 11). The analysis
was repeated using different methods and background carbons sources to ensure that the
findings are not an artificial result of the experimental system used (Figure 12,
Supplementary Figure 4 and 5).
I next continued to monitor the transcriptional response of the relevant operons in
E. coli strains that evolved under a new environment. The strains grew for 500
generations in a lactose rich environment without any exposure to maltose. I reasoned
that the environment in this experiment could select for extinction of the conditioned
response as lactose, the natural preceding stimulus (S1) can no longer serve as a predictor
for maltose, the natural subsequent stimulus (S2). Indeed as expected, I observed
extinction of the conditioned response in three independent evolved strains. This finding
points to unwiring of the regulatory network that left the cells with a direct response
strategy. Furthermore, as measurement of promoter activity was performed using the
naïve promoters (fused-GFP plasmids) that were introduced to the evolved cells, it is
likely that the loss of the regulatory connection was done in trans – the original intact
promoters remain unaffected by lactose. It is important to note however that this
observation does not exclude the possibility that extinction also took place in cis.
Finally, I examined the three criteria outlined in the Introduction section to test
whether the observed asymmetric regulation pattern forms an adaptive trait that could be
selected for during evolution. Towards this aim, I designed an experimental system that
can measure subtle fitness advantages in an alternating sugar environment (Figure 15A).
In line with the first criterion, I observed a unidirectional fitness advantage in the transfer
between lactose and maltose but not if the order of sugars is reversed (Figure 15B). Note
that this directionality fits the order of sugars in the intestinal tract. Furthermore, this
advantage is specific to pre-exposure to lactose and not to other sugars with similar break
down products, galactose and sucrose (Figure 15B). In line with the extinction observed
in the evolved strains at the transcriptional level, pre-exposure to lactose does not
increase fitness upon subsequent growth on maltose in these strains (Figure 15B).
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To conclude, the observed asymmetrical response strategy in the wild type E. coli
fits the hypothesis of Adaptive Conditioning. Furthermore, testing the three criteria
outlined in the Introduction indicates that the conditioned response is most likely an
adaptive trait that has been selected for during evolution. A question remaining open in
this system regards the implementation of the conditioned response at the single cell
level. As proposed in the previous section, conditioning can be implemented as a
response strategy at the population level through creation of heterogeneity between
individuals (recall Figure 23). According to this hypothesis, in response to lactose,
individual cells will induce the maltose operon to different levels. Since the promoter
activity was measured by monitoring the GFP signal of a culture, the dynamics at the
cellular level remain unknown. I note that monitoring the response of individual cells is
feasible with the use of a fluorescent microscope or flow cytometry in a FACS machine.

4.3 Adaptive Conditioning in S. cerevisiae and the Wine Ecology
Studying the ecology of wine production reveals another habitat that can
potentially select for Adaptive Conditioning, this time in the case of the yeast stress
response. However, as the stress response is quite complex and involves numerous genes
the mathematical model cannot be easily applied in this system. I focused on the core
sequence of three stresses that form the diauxic shift and systematically tested the cross
protection phenotype between each pair. As expected under the hypothesis, I observed
that the directionality of cross protection fits the order of stresses in the wine production
ecology (Figure 16A). Additionally, focusing on oxidative stress revealed the high
specificity of cross protection as only stresses that naturally precede oxidative stress
facilitate a protection phenotype (Figure 16A).
I next turned to study the transcriptional response in order to test whether the
observed cross protection can be explained by a conditioned response strategy. Indeed,
the analysis revealed that during encounter with heat, S. cerevisiae induces a seemingly
unnecessary gene set, in addition to the heat required cluster, that is enriched mainly in
anti-oxidative related functions (Figure 17, 18, and 20). This conditioned gene set is not
induced under the osmotic stress, the control stress that does not facilitate cross
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protection against oxidative stress. Finally, in order to test whether the conditioned
cluster is indeed unnecessary during heat shock but not under oxidative stress, I measured
the sensitivity of strains deleted for genes of the cluster. In accordance with the
conditioning hypothesis, the analysis revealed that almost 65% of the 29 tested strains are
sensitive to oxidative stress while none was significantly sensitive to heat shock (Figure
19).
To conclude, the observed asymmetrical response strategy in the wild type S.
cerevisiae fits the hypothesis of Adaptive Conditioning. Furthermore, testing the three
criteria outlined in the introduction indicates that the conditioned response is most likely
an adaptive trait that has been selected for during evolution.
The currently prevalent perspective in the study of the stress response is based on
the notion that upon encounter, cells induce genes that are required for coping with the
current environmental perturbation. The observation that some non-essential genes are
also induced is attributed to either: (1) failure of the experimental system to detect the
gene essentiality or by (2) neutrality of the induction, i.e., the noisy induction is not
selected against. The hypothesis of Adaptive Conditioning offers an alternative
explanation that challenges this paradigm – some of the seemingly irrelevant genes
expressed in a given stress are induced due to adaptation to the typical order of stresses in
the natural ecology. The genes are induced as a preventive measure against another stress
that typically follows the given stress in organism’s habitat. Figure 24 shows a schematic
representation of the two alternative explanations under the assumption of two
subsequent stresses (S1→S2). Note that lineages that evolved in a new environment and
that feature extinction of this overlapping response represent a strong indication for the
dependency between the stimuli in the natural environment, e.g., extinction of maltose
operons responsiveness to lactose (Figure 13) and uncoupling of the cellular responses to
temperature elevation and reduction in oxygen availability previously shown in E. coli9.
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Figure 24. Alternative explanations for the overlapping transcriptional response to two stresses.

The discovery of Adaptive Conditioning in the yeast stress response can
motivate several stimulating paths for future research. Further analysis of the genomewide transcriptional response seems like the most straightforward next goal. For example,
initial analysis identified unexpected induction dynamics of the common stress response
(Figure 20B, ESR cluster). This gene set shows a reduced induction level in cells
featuring cross protection, a reduction that was not observed in other highly induced gene
clusters (Figure 20B, OX and CP clusters). Thus it is possible that the ESR induction
level reflects the “subjective” stress level experienced by the cells, while the induction of
other clusters reflects the “objective” stress level applied on the cells. Another path for
analysis of the transcriptional data should test whether the observed expression patterns
can be associated with the activity of specific transcription factors. Ideally, the analysis of
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the promoter regions of the co-expressed conditioned cluster might point to a key
underlying transcription factor.
The study of Adaptive Conditioning in yeasts can also continue in the form of
comparative research. It would be interesting to characterize the stress response in close
strains or species in light of the newly discovered conditioned response in the laboratory
S. cerevisiae strain. For example, some strains are used for unique alcoholic
fermentations that might feature a different set of stresses (e.g., fermentation of
champagne done at low temperatures and reaching high ethanol concentrations).
Evolution in these environments might select for reshaping of the conditioned response to
match the new habitat.

4.4

Directed Evolution towards Adaptive Conditioning
Adaptive conditioning is proposed to be an advantageous evolvable trait in a

consistent environment of recurring stimuli. I thus tried, as a proof of concept, to evolve a
lineage of E. coli cells in a laboratory evolution experiment to condition between
previously unconnected stimuli. Unfortunately, although the results indicated that an
evolutionary process did take place (Figure 21 and 22) conditioning did not evolve within
the time frame of the experiment. A possible explanation for this result might be that the
extent of change required to achieve conditioning is considerable and therefore was not
reached. As the fitness improvement in asexual populations is expected to follow a
stepwise increase with diminishing returns34, it seems that the adaptations that were
fixated may thus be considerably more beneficial than conditioning and were therefore
selected at the early stages at the expense of Adaptive Conditioning.
In light of the observation of existing Adaptive Conditioning in the E. coli and S.
cerevisiae systems, new evolution experiments should be considered. In S. cerevisiae, the
study revealed a conditioned response between heat shock and oxidative stress. Thus, an
evolution experiment can be performed in order to select for extinction of this
conditioned response. The evolved strain can then be tested in the original environment
of alcoholic brew production in order to estimate the importance of the extinct
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conditioned response. In the E. coli system I already identified evolved strains that
feature extinction of the conditioned response between lactose and maltose. In this
system it can be extremely interesting to evolve the strains to re-acquire the conditioned
response (reinstatement in cognitive studies terminology). As it is possible that the strains
did not completely extinct the conditioned response, reinstatement experiments might
have a good chance of succeeding.

4.5 Closing Conclusions
In my thesis I proposed a new paradigm for the response to environmental stimuli
in micro-organisms. The hypothesis of Adaptive Conditioning was developed and studied
on fundamentally different levels and using a diversity of research tools. A considerable
portion of my thesis is dedicated to the identification of Adaptive Conditioning in
contemporary living organisms. Specially, I focused on two micro-organisms, E. coli and
S. cerevisiae, and their known ecologies to uncover evidence both on the phenotypic
level and on the molecular level that Adaptive Conditioning exists. The significance of
this observation is noteworthy especially since the two are model species that have been
extensively studied over the years.
As Adaptive Conditioning appears to have evolved independently both in
prokaryotes (E. coli) and eukaryotes (S. cerevisiae), and has proven beneficial under
remote systems such as sugar metabolism and stress response, it is possible that it is in
fact a prevalent trait used by diverse species throughout the tree of life. A prominent
ecology that potentially selects for this trait might be found in the habitat of pathogens
infecting the human body - as infection progresses these organisms sequentially transition
from one tissue or environment to another in a predictable order. For example, Candida
albicans is commensal yeast that usually resides harmlessly in human mucosal tissues.
However, sometimes, these yeasts can become aggressive pathogens that penetrate the
blood stream and spread throughout the host’s body35. Once inside, these cells are within
reach of host’s immune system. Did C. albicans evolve Adaptive Conditioning to prepare
in advance for the potentially lethal encounter with host’s phagocitic cells? Some studies
provide evidence supporting this hypothesis, Specifically, Martchenko et. al.36 have
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observed that superoxide dismutase is induced in the transition to a hyphal growth pattern
usually associated with exposure to blood plasma. The authors further raised the
possibility, that the function of this antioxidant enzyme is important to cope with the
future oxidative burst that will be generated in the phagosome of a host’s immune cells.
Throughout my thesis Adaptive Conditioning was discussed as a beneficial
response strategy that might be selected for by specific ecological niches. As a proof of
concept for this reasoning I have attempted to evolve E. coli cells to condition between
previously unconnected stimuli. I note however that a similar goal might be achieved
through genetic engineering: the regulatory network of cells can be deliberately modified
to

condition

between

previously

unconnected

stimuli.

Thus

a

compelling

biotechnological application that arises is to harness Adaptive Conditioning as a
conceptual principle when synthetically designing micro-organisms that will be used for
specific multi-stage process. Under this paradigm, the sensing and response circuits will
be wired so that the modified organism will feature early preparation, taking advantage of
the temporal order of stimuli in the underlying industrial process.
Consider, for example the prevalent industrial process of bio-ethanol production
that is often carried out by S. cerevisiae37. Although many aspects of this process are
similar to the natural ecology of wine production, some differences do exist, such as
different nutrient availability and the controlled temperature in the industrial process. It is
important to note that, unlike traditional wine production, bio-ethanol production does
not form an evolutionary cycle (the yeasts used are inoculated into the medium and are
discarded at the end). Furthermore, attempts to redesign strains used for industrial process
often focus on improving their adaptation under a specific isolated aspect of the
environment (e.g.,38). Under the hypothesis of Adaptive Conditioning another
complementing layer of improvement can be applied to yeasts in the bio-ethanol industry:
Perfecting the conditioned stress response so it would better fit the specific requirements
of bio-ethanol production. Application of Adaptive Conditioning is even more
compelling if the organism used to carry out the industrial process originally evolved in
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an entirely different ecological niche. For example in the use E. coli cells genetically
modified to carry out the process of bio-ethanol production37.
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5 Supplementary Results
5.1 A Mathematical Model of Adaptive Conditioning
5.1.1 Integral of gain and cost functions
In order to calculate the accumulative effects of all changes on the basal growth
rate I integrated over the gain and cost functions during the relevant time intervals. Under
both direct and a conditioned response the accumulative benefit is calculated by
integrating over the gain functions during the period of S2 exposure. This is in fact
integrating over the response function and multiplying by the system specific gain
parameter κ (Supplementary Figure 1). Note that the response functions are expected to
join if S2 is sufficiently long. Thus, for simplicity in integration I use the upper limit t=∞.
Evidently the integrals can be adjusted for an environment characterized by different S 2

R2 level

periods such that the response functions are far from the joining point.

1

rc(t)

rc2(t)

rd(t)

ω
ωrc(t)
0
0

t’ Δt
S1

∞
S2

Time
Supplementary Figure 1. Response functions under different regulation strategies. The function r d(t), rc(t)
and rc2(t) describe the relative R2 level in a given environment under direct response, conditioned response,
and 2-phase conditioned response strategies, respectively.

The integral for Direct Regulation response function, rd(t):
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The integral for one-phase conditioning response function, rc(t):
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Unlike the accumulating gain, the accumulating cost is calculated for a different
time interval in each of the response strategies. Under Direct Regulation, the cost
function is integrated during exposure to S2 while under one-phase conditioning the
function is integrated from 0 (the beginning of S1) to the end of S2. As the cost function is
constant given the relative production rate in these cases, the integral is a β dependent
constant multiplied by the response period t:

C   dt  t
t

5.1.2 Two-phase conditioning model
The response function of the two-phase conditioning strategy, rc2(t) is shown in
Supplementary Figure 1.

rc 2 (t )  1  e  ( t t ')

(S1)

Where I define a time point t’ (t'≤∆t) such that a protein accumulating from this point,
under full induction (β=1), will reach, at time point ∆t, a level identical to that obtained
by a protein accumulating from t=0 at an intermediate rate β (0≤β≤1):
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rc 2 (t )  rc (t )

(S2)

This equality defines an entire family of two-phase response functions differing
from one another by the intermediate level of induction β. This equation family is
restricted by the two boundary cases β=0 and β=1 which represent Direct Regulation and
one-phase conditioning strategies, respectively.
The gain function described previously holds for two-phase conditioning. Here I
define the integral on the response function of two-phase conditioning. First I use
equation (S2) to develop a term containing t' which is required for the integral

rc 2 (t )   rc (t )
1  e  ( t t ')   (1  e t )
1   (1  e t )  e t e t '
e t ' 

1   (1  e t )
e t

Using this equation I can calculate the integral for two-phase conditioning response
function, rc2(t):
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The binary cost function described previously cannot be used for the two-phase
regulation strategy since the production rate can now span an entire range (0≤β≤1). I thus
generalize the cost function deduced previously by Dekel and Alon for the lactose
operon17 in order to describe the relationship between the relative production rate
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(normalized to the maximal production rate) and the relative decrease in the basal growth
rate.

c(t ,  )   

(S3)

0.44  
1  (  / 1.8)

where η is the same system specific cost scaling parameter and the cost function
described before at equation (Equation 6a) is a specific case of the new cost function
(with β=1).
Note that as I assume that the degradation rate, α, does not change the steady state
protein level reached is only β dependent (Yst=β/α). Hence, β marks both the relative
production rate and the relative steady state attained by R2. The integral on the new cost
function is:
C (  )   
t

0.44  
0.44  
dt  t  
1  (  / 1.8)
1  (  / 1.8)

I can now rewrite the fitness difference between conditioning and direct
regulation (equation 1a from the main text) using the new integrals and the dependency
on β. This equation now accommodates also two-phase conditioning:

(S4)

  (1  e t )
0.44 
0.44
  (1  p )t S 1
Fc 2d  p 
 t

1  (  / 1.8) 
1  (  / 1.8)


This expression can be calculated only after assignment of β. However, one can
assume the evolution selects for the optimal β in a given environment. Hence I can derive
equation (S4) to find a unique level (βo) that maximizes the fitness difference. The gain
and cost terms can be derived independently. The derivative of the gain term in is
straightforward and derivative of the cost function is:

dC
0.44t
0.44t


d 1  (  / 1.8) 1.8(1   / 1.8) 2
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Thus the derivative of the entire equation is with respect to β:
d (F )

d
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Note that the finding the optimal βo in the entire range (0≤βo≤1) is in fact
equivalent to finding the optimal regulation strategy in a given environment: βo=0 is
Direct Regulation, βo=1 is one-phase conditioning, and the entire range 0<βo<1 indicates
on optimality of two-phase conditioning. Thus equation S4 encapsulates the modeling of
all response strategies under study. Moreover, the equation allows us to analytically find
the best strategy given an environment and a biological system.
5.1.3 Additional cost in the E. coli lactose system
In order to quantify this cost parameter, which represents an instantiation
of the “additional cost” parameter in the model (η* in equation (6a) of the main text) in
the lactose system I used a β-galactosidase mutant strain that can transport lactose but
cannot metabolize it13. As the mutant is unable to metabolize lactose I used an identical
experimental setup as described in the Results section (Figure 8A) to measure only the
cost factors of conditioning. As the production cost η is already known in this system I
could have subtracted it from the total measured cost in the mutant strain and accurately
quantified the additional cost for a range of delay times between operon pre-induction
and exposure to lactose (Supplementary Figure 2). I have confirmed that the production
cost in the mutant strain is identical to that of the wild type strain we use (data not
shown). It is important to note since the additional cost exists only if pre-induction is
followed by arrival lactose, the two cost parameters Ccp and Cuc in our model are not
identical as only Ccp include the additional cost.
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Supplementary Figure 2. Measured cost in β-galactosidase mutant strain. Experiment setup is described in
the Results section (Figure 8A). The blue graph marks the experimentally measured cost in the lacZ mutant
strain at different time intervals between operon pre-induction and lactose exposure, bars denote the
standard errors. The observed cost reflects both the linear cost (η1) and the additional cost (η2). The red
graph marks only the linear cost (η1).

5.2 Adaptive Conditioning in E. coli and the Intestinal Ecology
5.2.1 Response of operons to sequential addition of sugars
In order to systematically test the expression profiles of all relevant operons in the
response to sequential addition of sugars I used the promtor-fused GFP library previously
described14. I monitored the GFP levels in cells while adding maltose and lactose to the
growth medium either sequentially or simultaneously. The experiments revealed the
asymmetrical regulation pattern expected by the conditioning hypothesis (similarly to
Figure 11). The sequential setup allows us to observe the dynamics of protein level as a
result of the two-phase conditioned strategy. In order to exclude the possibility that the
asymmetry in activation by the two sugars arises from difference in their effective
inducing concentration I repeated the experiments using a fivefold higher maltose
concentration. Even under these conditions, the inability of maltose to induce the lactose
operon is maintained (data not shown). In addition, as a negative control I verified that
the asymmetry shown here is specific to the operons discussed and does not reflect a
widespread effect of lactose as an inducer on unrelated genes. Toward this aim, I
monitored the activity of a constitutive promoter with a σ70 binding site after addition of
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lactose and maltose. I observed no difference in the induction capacity of the two sugars
(data not shown). Note that the induction levels measured using the GFP reporter library
are lower than those obtained using the qRT-PCR method. This observation is in
agreement with previous reports using this GFP library39.
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Supplementary Figure 3. Fold GFP levels per cell reflecting transcriptional activity of the lactose and
maltose operons in response to addition of sugars. Cultures growing on M9-Glu medium where treated with
various sugars and the ratio of cell normalized GFP measured for a treated culture over an untreated culture
was taken as fold protein level per cell. Sugars were added either simultaneously at time point ii (black
graph) or sequentially with a 3 hour delay (blue graph – lactose followed by maltose, red graph – maltose
followed by lactose). (A) The lactose operon and (B-F) the maltose operons.

5.2.2 Adaptive conditioning under different background carbon source
In order to control for possible residual catabolite repression by glucose on the
studied promoters, I measured promoter activity while using glycerol as background
carbon source instead of glucose (supplemented with cAMP). The experiments were done
similarly to those described in the main text. Similarly to the results in the presence of
glucose, I observed a pattern of partial induction of maltose operons in response to
lactose (Supplementary Figure 4, 5). Reassuringly, the lactose operon remained
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unaffected by presence of maltose. It is important to note that the use of glycerol is less
desirable when using the promoter-fused GFP library since treatment with additional
carbon sources gives rise to different growth rate (an effect that is avoided when glucose
is used as a background sugar) This point is essential since the basal promoter activity in
a cell is correlated with the rate of cell growth. Thus I control for this effect by

Normalized Promoter Activity

normalizing the promoter activity to the measured growth rate.

Added
Sugar

1

Lactose

0.75
Maltose

0.5
None

0.25
0

LacZ

MalE

MalK

MalP

MalS

MalZ

GFP Fused Promoter

Supplementary Figure 4. Relative promoter activity of lactose and maltose operons in response to
addition of different sugars. Bars denote standard deviations of four repetitions. The experiments were done
using glycerol as a background carbon source.
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Supplementary Figure 5. Fold induction (log2) of lactose and maltose operons in the presence of different
sugars as measured by qRT-PCR. The experiments were done using glycerol as a background carbon
source.

5.2.3 Control fitness experiments
As described in the Results section (Figure 15), I observed that pre-exposure to
lactose increases cells fitness when grown on maltose. In order to control for the
contribution of lactose as a carbon source, rather than a signaling molecule, to the fitness
increase I transferred an equal number of cells from S1 to S2 in both treated and untreated
cultures (see Materials and Methods section). In addition, I preformed a control
experiment to fully address this concern. In this experiment, overnight cultures were
diluted either into M9-Gly+lactose (treatment) or M9-Gly (untreated) and then diluted
into M9-Gly (rather than into a medium containing maltose). The results clearly showed a
very small effect on fitness on glycerol due to prior exposure to lactose (1%). In
comparison the effect of lactose as an anticipation signal before maltose is much higher
(4%). This is a clear indication that the growth advantage observed when maltose was
preceded with lactose is, for the most part, not due to a potential role of lactose as a fuel
molecule, but rather due to its role as a signal (used by the cells to prepare for maltose). I
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thus normalized all fitness measurements of pre-induction by lactose to the small effect
measured in the control experiment.

5.3 Adaptive Conditioning in S. cerevisiae and the Wine Ecology
5.3.1 Standard deviations in cross protection experiments
All cross protection experiments were done in three independent repeats.
Supplementary Table 1details the mean and standard deviations measured in the cross
protection experiments between each stress pair.
Supplementary Table 1 - Fold cross protection between stress pairs

S2
S1

Heat
shock

Ethanol

Oxidative
stress

Heat shock

31.4 ± 5.8

4.0 ± 0.3

45.5 ± 7.9

Ethanol

3.1 ± 0.35

5.3 ± 0.3

28.7 ± 7.1

Oxidative stress

1.5 ± 0.3

<0.1 ± 0

18.4 ± 2.3

5.3.2 Fitness contribution of conditioned genes under stresses
Supplementary Table 2 details the strains used for the experiment described at
Figure 19 and their respective survival ratios under oxidative stress and heat shock.

81 | P a g e

Supplementary Table 2 - Survival ratios of deletion strains

Strain

Oxidative stress
p-value
Survival ratio

Heat Shock
p-value
Survival ratio

BY4741

-

0.91

-

0.90

ΔYJL079C

1.53E-12

0.40

0.271

0.86

ΔYLR346C

1.76E-06

0.67

0.945

0.90

ΔYBR185C

2.36E-06

0.64

0.311

0.86

ΔYJL071W

2.49E-05

0.70

0.875

0.89

ΔYJR151C

3.82E-05

0.72

0.218

0.86

ΔYPL250C

3.86E-05

0.72

0.011

0.81

ΔYGL090W

1.07E-04

0.72

0.592

0.88

ΔYNL241C

1.39E-04

0.73

0.437

0.93

ΔYMR225C

1.75E-04

0.73

0.146

0.85

ΔYOL162W

1.89E-04

0.74

0.847

0.89

ΔYPR015C

4.19E-04

0.75

0.533

0.88

ΔYML101C

5.73E-04

0.76

0.456

0.87

ΔYHR179W

1.40E-03

0.76

0.542

0.92

ΔYDL243C

1.57E-03

0.77

0.773

0.89

ΔYPR093C

2.89E-03

0.78

0.769

0.89

ΔYKL071W

3.32E-03

0.78

0.332

0.87

ΔYNL239W

0.014

0.79

0.190

0.85

ΔYKL137W

0.019

0.81

0.194

0.85

ΔYKR061W

0.020

0.81

0.934

0.90

ΔYHL036W

0.058

0.83

0.759

0.89

ΔYGR232W

0.076

0.83

0.080

0.84

ΔYLL056C

0.164

0.85

0.960

0.90

ΔYEL066W

0.199

0.85

0.502

0.87

ΔYMR095C

0.250

0.86

0.971

0.90

ΔYLR024C

0.401

0.87

0.986

0.90

ΔYFL055W

0.410

0.87

0.920

0.90

ΔYOL158C

0.554

0.93

0.469

0.93

ΔYOR382W

0.670

0.89

0.591

0.88

ΔYOL163W

0.885

0.91

0.937

0.90
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