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Abstract 
In response to severe genetic and environmental perturbations, wild-type organisms can 

express hidden alternative phenotypes adaptive to such adverse conditions. While our 
theoretical understanding of the population-level fitness advantage and evolution of 

phenotypic switching under variable environments has grown, the mechanism by which 

these organisms maintain phenotypic switching capabilities under static environments 
remains to be elucidated. Here, using computational simulations, we analyzed the 

evolution of gene circuits under natural selection and found that different strategies 
evolved to increase the gene expression stability near the optimum level. In a population 

comprising bistable individuals, a strategy of maintaining bistability and raising the 
potential barrier separating the bistable regimes was consistently taken. Our results 

serve as evidence that hidden bistable switches can be stably maintained during 
environmental stasis—an essential property enabling the timely release of adaptive 
alternatives with small genetic changes in the event of substantial perturbations. 

Introduction 
The capacity to buffer genetic variations and express similar phenotypes is thought to be 

a general property of naturally selected organisms [1–6]. Substantial perturbations in a 
wild-type organism can, however, disrupt the normal working of its genetic 

developmental system and express alternative phenotypes that would not otherwise be 

expressed [7–11]. To release such cryptic phenotypes, wild-type organisms somehow 
maintain phenotypic switching capabilities and lower the threshold of the switch in 

response to severe perturbations. The stable maintenance of such “hidden” threshold 
traits in naturally selected organisms suggests that loss of these obsolete switching 

mechanisms somehow incurs fitness costs and is detrimental to the organisms, which 
could be attributed to, for example, pleiotropic effects on expressed phenotypes [12]. 

However, gene sets associated with cryptic phenotypes are likely to be unexpressed 
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under normal conditions and do not seem to contribute to an organism’s fitness. Thus, 

although the presence of phenotypic switching capabilities is commonly presumed in 
wild-type organisms, it remains elusive exactly how disused mechanisms can be 

beneficial and maintained in a population for extended periods [12,13]. 
Here, using computational simulations, we report that evolutionary directions 

toward high gene expression stability can explain the stable maintenance of obsolete 
switching capabilities under natural selection. We simulated the evolution of a gene 

circuit model that has a potential to exhibit a bistable switch. During in silico evolution, 
we placed the population of organisms in a static environment with selection toward an 

intermediate optimum (i.e., stabilizing selection), then in a fluctuating environment, and 
lastly, back in the static environment. We observed that a bistable trait evolved in the 

fluctuating environment to exhibit stochastic switching had a high likelihood of being 
maintained in the population in the subsequent static environment. We found that the 

bistable trait evolved in the fluctuating environment had contrasting characteristics to 

the one maintained in the subsequent static environment; whereas the former had a 
low-threshold switch to ensure that a small fraction of the population could adapt to the 

adverse environment (i.e., could be used for stochastic switching), the latter had a 
higher-threshold switch to reduce gene expression variability (i.e., could be used to 

increase gene expression stability). Our results provide evidence for the establishment 
and maintenance of such hidden switching capabilities in a static environment. 

Interestingly, this is not because bistable switching has selective advantages under 

stabilizing selection, but because increasing the barrier between the stable states is an 

easier solution to incrementally increase the stability of gene expression with small 
mutational shifts rather than reverting to a monostable gene expression system. 

Results 

Gene circuit model and evolutionary simulation 

We simulated the evolution of a population of 1,000 asexual microorganisms in varying 
environmental conditions. We represented each individual organism in the population 
by a stochastic gene circuit model regulating the expression of master regulatory protein 
X. The gene circuit model for the expression of protein X is comprised four reaction 
processes: transcription, mRNA degradation, translation, and protein degradation. This 
model has four evolvable parameters: a, transcriptional efficiency; b, translational 
efficiency (or protein burst size); Kd, binding affinity (or the activation threshold); and n, 
binding cooperativity. In this simulation, the individuals in the founding population were 
isogenic and had identical, monostable gene circuits based on a constitutive promoter 
without feedback loop (i.e., n = 0). 
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We based the selection of individuals in the population on the expression of X and 

allowed the circuitry to form a positive-feedback loop, which could give rise to a bistable 
switch with the correct combination of parameters. We had two different environments 

E0 and E1 with different selective pressures. Environment E0 favored lower expression 
levels of protein X, whereas environment E1 favored higher expression levels 

considering metabolic costs for the protein production (i.e., stabilizing selection toward 
a given optimal expression level).  

In the simulation, the population underwent evolution for 90,000 generations under 

different conditions. During the first 30,000 generations, we placed the population in E1 

and named the evolved population in this first environmental condition as the ancient 

population. For the next 30,000 generations, we placed the population in a fluctuating 
environment that switched environments between E0 and E1 every 20 generations and 

named this population as the intermediate population. Finally, during the last 30,000 
generations, we placed the population back in E1 and named the evolved population in 

this environmental condition as the derived population. We generated 200 sample 

evolutionary trajectories from this simulation procedure. 

 

Phenotypic characteristics determined by the environment 

We analyzed the fitness and phenotypic characteristics of the ancient, intermediate, and 
derived populations. To this end, we measured the mean and standard deviation of the 

fitness and the protein abundance level from 200 sample trajectories for each 

population (Supplementary Figure 1). Because the ancient and derived populations 
evolved in E1 over a long period of generations, we expected these populations to be 

highly adapted to this static environment. In contrast, we expected the intermediate 
population to experience more difficulties in adapting under fluctuating selection. 

Unsurprisingly, we observed that the ancient and derived populations had very high 
average fitness with low variances, while the intermediate population had lower average 

fitness with higher variances (Supplementary Figure 1a). 
The protein abundance distribution data also showed distinct differences between 

the populations evolved in the static and fluctuating environments (Supplementary 
Figure 1b). Although both ancient and derived populations had similar and consistent 

protein distributions around the optimum level, the intermediate population had 
widespread phenotypic patterns with consistently lower protein abundance levels. Many 

of the samples of the intermediate population had a high variance-mean ratio, indicating 

that they had high phenotypic variability. This was expected because such a high level of 
phenotypic variability is advantageous in fluctuating environments and could arise from 

heterogeneous populations or more homogeneous populations with stochastic switching 
capability [14–21]. 
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Genotypic differences between ancient and derived populations 

There are two possibilities for the derived population to attain phenotypic 

characteristics resembling those of the ancient population; it could either take the 

reversion course to attain genotypes similar to those of the ancient population or evolve 
in a new direction to have novel genotypes optimized for E1. To distinguish between 

these possibilities, we compared evolved parameters representing the most common 
genotype in the derived population with those in the ancient and intermediate 

populations (Fig. 1). The comparison of evolved parameters between the ancient and 
derived populations revealed weak correlations, indicating that the evolved genotypes 

in the derived population were widely different from those in the ancient population 
(Fig. 1a). 

What caused the genotypic differences between the ancient and the derived 
populations? The only difference between the two populations in our simulation was the 

initial genotypes; the derived population inherited genotypes from the intermediate 
population, whereas the ancient population started with a homogeneous genotype 

exhibiting monostable gene expression. Thus, the genotypes that evolved in the 

fluctuating environment must have played a crucial role in directing the derived 
population to follow a different strategy and form novel genotypes optimized for E1. 

Indeed, the evolved parameters in the derived population showed far stronger positive 
correlations with those in the intermediate population (Fig. 1b). 

To examine how the genotypes of the intermediate population contributed to the 
evolution of novel genotypes in the derived population, we analyzed the distribution of 

each evolvable parameter in the three populations (Fig. 2c). The strongest pattern that 
emerged from this was that the intermediate and derived populations had high levels of 

binding cooperativity (i.e., high values of n), indicating highly nonlinear transcription 
processes with strong positive feedback, whereas the ancient population had very low 
levels of binding cooperativity (i.e., low values of n). 

Maintenance of bistability under the stabilizing selection 

Because nonlinear transcription with strong positive feedback can give rise to bistability 
and stochastic phenotypic switching [22], we examined the shape of protein abundance 

level distributions for the evolved individuals and classified their gene regulatory 

processes as monostable or bistable. To this end, we analyzed the evolved parameter 
sets for bistability and counted the number of populations with at least one individual 

with the bistable trait (Fig. 2a). We found that the two populations evolved in the static 
environment had widely different characteristics of gene expression control (p < 10−21 

with two-sided Fisher’s exact test). Whereas the bistable trait was rarely observed in the 
ancient population as expected (3.5%: 7 of 200 samples), the derived population 
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repeatedly expressed the bistable trait (65%: 131 of 200 samples), with bistable 

individuals often accounted for the majority of the population (77%: 101 of 131 
samples) (Supplementary Figure 2). Because bistability was highly prevalent in the 

intermediate population (73%: 146 out of 200 samples), we analyzed the extent to 
which the intermediate population plays a role in the expression of the bistable trait in 

the derived population (Fig. 2b). In 131 samples in which the derived population 
showed bistability, more than 85% were associated with the development of bistability 

in the intermediate population. To quantify the degree of association between the 
intermediate and derived population, we constructed a confusion matrix classifying the 

two populations by the number of monostable and bistable samples (Fig. 2c). We found 
that the derived population was strongly associated with the intermediate population 

(OR = 46.1, 95% CI = [17.0, 148.6]; p < 10−25 with two-sided Fisher’s exact test). 

To further test the strong positive association between the intermediate population 

and bistability in the derived population, we performed additional 200 evolutionary 
simulations, changing only the epoch of each of the three environmental phases to 

10,000 generations (Supplementary Figure 3). This allowed us to compare the 
prevalence of bistability in the populations evolved for 30,000 generations with and 

without the intermediate fluctuating selection phase. First, we analyzed the association 
between the intermediate and derived populations from these simulation results 

(Supplementary Figure 4) and confirmed that the two populations had a strong positive 

association (OR = 225.1, 95% CI = [65.3, 1024.2]; p < 10−25 with two-sided Fisher’s exact 

test). Next, using the main simulation results of the ancient population, which evolved in 
E1 for 30,000 generations, as negative controls, we assessed the degree to which the 

presence of an intermediate fluctuating selection phase influenced the prevalence of 
bistability in populations evolved for 30,000 generations (Supplementary Figure 5). The 

results showed that the intermediate fluctuating selection phase had a strong positive 

relation with the prevalence of bistability in the derived population (OR = 24.7, 95% CI = 
[11.0, 65.5]; p < 10−25 with two-sided Fisher’s exact test). These results strongly indicate 

that bistability that evolved in the intermediate population has a high likelihood of being 
maintained in the derived population. 

To test whether these results depended strongly on our specific choice of simulation 
settings, we performed additional evolutionary simulations with different settings and 

analyzed the correlation between the derived and intermediate populations 
(Supplementary section 1 and Supplementary Figures 6-10). These additional 

experiments confirmed the consistency of our qualitative results under various 
evolutionary simulation settings. 
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Increased expression stability under stabilizing selection 

How could the bistable trait evolved in the intermediate population be stably maintained 

in the derived population? Under fluctuating selection, bistability and stochastic 

phenotypic switching could evolve as a byproduct to increase evolvability [21]. Because 
stochastic switching allows a fraction of individuals to adapt to adverse environments 

without genetic mutations, the population can increase the overall fitness rapidly [23–
26]. Thus, we expected such a strategy, once evolved, to be fixated in the intermediate 

population. In the static environment, however, random switching between the 
alternative phenotypes would result in unfit individuals without any obvious advantages. 

That is, under stabilizing selection, more advantageous characters would be those with 
high gene expression stability to constantly express optimized phenotypes [27]. 

Thus, we suspected that the direction of evolution in the static environment was 
associated with an increase in the stability of gene expression process near the optimal 

level. One mechanism to lower gene expression noise (i.e., increase the gene expression 
stability) is to increase transcriptional efficiency and to decrease translational efficiency 

[14,28]. Interestingly, we observed that the ancient population evolved higher 

transcriptional efficiency (i.e., higher levels of a) and lower translational efficiency (i.e., 
lower levels of b) once the gene expression rate approached the optimal level 

(Supplementary Figure 11). This showed that individuals with higher gene expression 
stability were selected for in the ancient population. However, we were not able to 

detect similar strong patterns for higher gene expression stability in the derived 
population (Supplementary Figure 11). This may be due to a more complex relation 

between the gene regulation parameters and the dynamical behavior given the higher 
levels of nonlinearity. 

To better understand the relation between the gene expression stability and the 
evolution under stabilizing selection, we quantified the stability level of the gene 

expression process in the individuals in the ancient and the derived populations. To this 

end, we defined a stability measure around the higher expression stable state by 
assuming that the distribution of the protein abundance around the stable state was well 

approximated by a Gaussian function. This stability measure is general and can be used 
to quantify the gene expression stability of different types of regulation. For instance, 

evolutionary simulation of a negative feedback gene circuit under stabilizing selection 

showed a gradual increase in the stability level (Supplementary Figure 12). 

Using this stability measure, we computed the time evolution of the mean stability 
level from the 200 sample trajectories (Fig. 3a). As expected, we found that the ancient 

and derived populations both increased their stability levels as they evolved. 
Interestingly, we found that the mean stability level was higher in the derived 

population, suggesting that nonlinearity and bistability evolved in the derived 
population had beneficial effects on the stability level. To seek further clarification, we 
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analyzed differences in the increase in the stability level between the monostable and 

bistable populations. We partitioned 200 samples of the derived population based on the 
number of stable states and compared their average stability levels to those of the 

corresponding intermediate population evolved in the E1 epoch (the intermediate 
population at the 29,900 generations). In an overwhelming majority (196 of 200 

samples), the average stability level was higher in the derived population than in the 
intermediate population (Fig. 3b). Although this was expected as the derived population 

was evolved in E1 for a higher number of generations, the increase in the stability level 
was higher with the bistable trait (Fig. 3b), suggesting that bistability is more 

advantageous under stabilizing selection. 
Next, we examined the mechanism by which gene expression stability evolved in the 

static environment. We measured the potential landscape of the gene expression process 
of the fittest individuals. We found that, although a wide variety of monostable and 

bistable individuals evolved in the derived population, they shared a common 

phenotypic character that deepened the potential well around the stable state to 
increase the gene expression stability in the vicinity of the optimal level (Fig. 3c and d). 

To further test the beneficial effects of bistability on increasing the stability level, we 
performed additional simulations by changing the mutation rate and the environmental 

switching rate settings as the right combinations of these parameters were thought to be 
crucial for evolutionary strategies to cope with fluctuating environments [21,29,30]. 

Results from these additional simulations suggest that the maintenance of bistability 

under stabilizing selection is advantageous for increasing the gene expression stability 
level (Supplementary section 2 and Supplementary Figures 13 and 14). 

Maintenance of bistability as a general strategy 

To evaluate if the maintenance of the bistable trait to increase the gene expression 
stability is a general strategy that is independent of the specific structure of underlying 

gene circuit models, we used a more general model based on Gaussian distributions. 

This abstract model represents a monostable gene expression process using a Gaussian 
distribution and a bistable one using a mixture of two Gaussian distributions. 

Transitions between the monostable and bistable processes are modeled using the 

Gaussian width. Using evolutionary simulation, we fixed the stable state of each gene 

expression model to a level relatively close to the optimal one under stabilizing selection, 
interpreting changes in the gene expression stability through changes in the value of the 

Gaussian width. Such a Gaussian distribution-based model—reported to be general and 
realistic—was used to analyze a role of gene expression noise in adaptive evolution in 

yeast [31]. 
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We used these Gaussian-based monostable and bistable expression models to 

simulate the evolution of clonal monostable and bistable founders under stabilizing 
selection. We performed simulations with different fitness functions, initial Gaussian 

widths, and optimum expression levels and found that in all simulation settings, the 
Gaussian width consistently decreased, indicating that the gene expression stability 

increased as the population evolved (Fig. 4a and Supplementary Figures 15-17). These 
results also showed that, when the founding population comprised monostable 

individuals, the monostable trait was maintained to incrementally increase the gene 
expression stability. This was expected because increasing the stability of the high 

expression stable state would decrease the number of monostable individuals with 
lower fitness, which in turn would increase the population fitness. When the founding 

population comprised bistable individuals, we observed the evolution of higher gene 
expression stability and maintenance of the bistable trait, which is consistent with the 

results of our positive-feedback gene circuit model. 

To examine the selection mechanism for narrower Gaussian widths in both 
monostable and bistable models, we computed the average fitness for a range of 

combinations of the high expression stable state and the Gaussian width (Fig. 4b). We 
found that the effects of narrower Gaussian widths to increase the average fitness were 

larger in the bistable model, indicating that higher stability levels are more 
advantageous in the bistable trait than in the monostable trait. This is consistent with 

the stability level results (Fig. 3a) and is justifiable because a wider Gaussian width 

results in a higher chance of the system moving spontaneously to the lower expression 

stable state regime in the bistable model, which in turn lowers the average fitness. These 
results indicate that while mutational shifts to increase stability levels are advantageous 

in both monostable and bistable traits under stabilizing selection (Fig. 4c), the benefit is 
more pronounced in the bistable trait. 

Discussion 
In this computational study, we first focused on adaptive evolution of positive-feedback 

gene circuits under stabilizing selection and made several assumptions. For example, we 
modeled transcription regulation by assuming the interaction between the transcription 

factor and the operator site to be in equilibrium. Although this thermodynamics-based 
formalism has been commonly used to analyze prokaryotic gene regulation and its 

biological justification has been widely appreciated [32–34], this model simplification 
may alter system behavior and limit the applicability of the findings. However, 

qualitatively consistent results between our positive-feedback models and more general 
Gaussian-based models suggest minimal impact by such details of underlying gene 

regulation structures on a wider applicability of our results.  Other potential limitations 
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of the study arise from the dependency of the results on simulation settings. Although 

our analysis showed qualitatively consistent results under a range of evolutionary 
scenarios, the coverage was limited.  Accordingly, our conclusion does not intend to rule 

out that some unexplored evolutionary scenarios favor reversion from the bistable to 
the monostable trait under stabilizing selection but rather lays out a plausible 

evolutionary scenario in which wild-type organisms can stably maintain their switching 
machinery during extended environmental stasis. 

High gene expression stability facilitated by hidden switching mechanisms play 
essential roles in development, including the normal functioning of the yeast galactose 

signaling network [35] and the Xenopus oocyte maturation decision network [36]. More 
recently, Raj et al. [10] observed that some mutations in wild-type Caenorhabditis 

elegans intestinal development circuit resulted in a highly stochastic cell-fate decision, 
with some mutant embryos failing to develop intestinal cells, that activation of elt-2, the 

master regulator of intestinal differentiation, via its feedback-based bistable regulation 

was crucial to normal intestinal differentiation, and that mutations in upstream genes in 
this network can increase expression variability in elt-2, leading to abnormal 

development. Our results suggest the retention of such hidden switches to facilitate 
higher phenotypic stability under natural selection. 

While our results indicated the advantages of high gene expression stability in static 

environments, the evolved stability levels were clearly limited by an upper bound. 
Because our gene circuit model captured the intrinsic fluctuations in gene expression 

and other sources of gene expression variability, the gene expression stability plateau 

observed in both ancient and derived populations may reflect the fundamental limit 
containing gene expression noise [37–39]. While the level of this limit depends on the 

specific structure of gene regulatory processes, the important physical constraint 
applicable to all biological systems—that some level of variability from intrinsic 

fluctuations is inevitable—is dealt with evolutionarily. 
An increase in gene expression stability appears advantageous when the mean 

expression level is close to optimal and is positively selected under natural selection. 
This does not contradict a previous study that considered the evolutionary scenario with 

the average gene expression level being fixed and far from optimal, concluding that 
higher levels of gene expression noise would be beneficial and selected for under 

stabilizing selection [31]. Our study investigated the evolution of gene expression 

processes that could adjust their mean expression level via mutational shifts. In our 
simulation, if the current gene expression level was far from optimal, evolution would 

select mutants that moved that level closer to optimal in the static environment. We 
focused more on the evolution of gene expression stability when the mean expression 

level was close to optimal, suggesting that gene expression stability plays different roles 
in adaptive evolution depending on the context. A recent experimental study in yeast 
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confirmed that the effects of gene expression noise on fitness depends on the distance 

between the average and optimal protein abundance levels; higher noise levels are 
advantageous when the average protein level is far from optimal, whereas lower noise 

levels are advantageous when the average protein level is close to optimal [40]. 
We found that genotypes to express high-threshold bistable phenotypes were close 

to those expressing low-threshold ones. “Hidden” bistable switches stably maintained in 
a population to buffer gene expression variability in a static environment can be 

reactivated via relatively small genetic changes in response to perturbations. Such 
phenotypic switching may play a crucial “capacitor” role in unveiling cryptic genetic 

variations and facilitating the evolution of adaptive novelties [7,41]. Furthermore, the 
maintenance of hidden bistable switches can also facilitate atavisms [12]. Indeed, recent 

studies reported the reversion of a phenotype that emerged from the evolution of a 
synthetic positive-feedback gene circuit with a stress-response function [42–44]. The 

researchers designed a bistable gene circuit to regulate a gene targeting a specific 

antibiotic [43] and evolved it in an environment without this antibiotic. Because of high 
gene expression metabolic costs, the derived gene circuits apparently lost their drug-

resistant function; however, when the derived gene circuits were placed back into the 
antibiotic-containing environment, some were able to regain this function [44]. 

In 1942, Waddington used the term canalization to describe general observations 
that naturally selected organisms produce one definite end-product regardless of minor 

variations in conditions during the development [1]. Although this canalization model 

did not consider stochastic gene expression [45], recent single-cell studies revealed that 

the ability to control gene expression noise in wild type was essential to the constancy of 
developmental programs and the complete penetrance of phenotypes [9,10]. Thus, 

regulation of gene expression noise crucially buffers underlying variations and facilitates 

developmental canalization of discrete phenotypes. This extended view of canalization 

explains the evolution of hidden threshold traits from stochastic switching traits and the 

maintenance of high-threshold bistable switches in naturally selected organisms during 
a long period of static environment. 
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Figure legends 

Figure 1: Comparison of genotypic characteristics among different phases. (a-b) Scatter plots 
showing the four evolved parameters for the most common genotype in (a) the 

ancient and derived populations and (b) the intermediate and derived populations. 
(c) Box plots showing statistics of the most common genotype in the three evolved 

populations (center line, median; box limits, upper and lower quartiles; whiskers, 
1.5x IQR; points, outliers). The evolved parameters in the ancient, intermediate, 
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and derived populations are from the 30,000th, 29,900th, and 30,000th 

generations, respectively. 

 

Figure 2: Association of bistable populations from different phases. (a) Fraction of bistable 

populations at the 10,000th, 20,000th, and 30,000th generations in the three 
different phases. (b) Joint and conditional probabilities of bistability among the 

three evolved populations. (c) A confusion matrix showing the number of 
monostable and bistable populations in the intermediate and the derived phases. 

In each cell, the percentage value in the middle shows the normalized count, while 
the whole value underneath shows the absolute count. The row- and column-wise 
normalized counts are shown in a smaller font size. 

Figure 3: Evolution of gene expression stability. (a) Mean evolution of the average stability 

around the higher expression stable state between the ancient and derived 
populations over the 200 evolutionary simulation runs. The error bar shows the 

standard error of the mean. (b) The average stability around the higher expression 
stable state between the evolved individuals in the intermediate and derived 

populations. Each dashed line represents a regression line with zero intercept for 
the group with the corresponding color. The slope of the lines is 1.453 for bistable 

populations and 1.183 for the monostable populations. (c-d) A change in the 

potential function of the fittest individual in the intermediate and derived 
populations for a sample run producing (c) a bistable derived population and (d) a 
monostable derived population.  The x-axis shows the abundance level of protein X. 

Figure 4: Evolutionary simulation results of Gaussian-based models. (a) Average 
evolutionary trajectories of a Gaussian-based gene expression model. Evolution 

was simulated from a clonal population of either monostable individuals or 

bistable individuals. There were three different settings for the initial value of the 
Gaussian width (i.e., gene expression stability): σ = 30, 50, and 80 (each with n = 

20). Each point represents the mean of the mean Gaussian widths of the 20 runs, 
while each error bar represents the standard deviation. (b) Heat maps showing 

how the average fitness changes based on the Gaussian width and the distance of 

the high expression stable state from the optimal gene expression level for the 

monostable model (top pane) and the bistable model (bottom pane). (c) Difference 
in the average fitness based on different values of the Gaussian width for the 
monostable model (top pane) and the bistable model (bottom pane). 
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Methods 

Gene circuit model 

Our gene circuit model for the expression of protein X comprised two variables, i.e., m 
and x, which represent the molecule copy numbers of the mRNA and the protein forms, 

respectively, and four reaction processes, i.e., transcription, mRNA degradation, 
translation, and protein degradation. In Supplementary section 3, we present the 

biological justification of the gene circuit model. We modeled our transcription process 
using a thermodynamics-based approach with the following kinetic law:  

 q(𝑥) = a [
𝑘𝑏 + 𝑘𝑎(𝑥/𝐾𝑑)𝑛

1 + (𝑥/𝐾𝑑)𝑛
] (1) 

where parameters kb and ka are the basal and activated transcription rates, respectively, 

with a being a scaling factor of these rates, and Kd and n represent the binding affinity 
and cooperativity, respectively. 

The mRNA degradation process was modeled using a first-order reaction with kinetic 

law kmdegm, and the translation process was modeled using another first-order reaction 
with kinetic law ktransm. The average number of the protein molecules produced from a 

single copy of mRNA transcript, then, is given by b = ktrans/kmdeg. We modeled the protein 
degradation using a first-order reaction with kinetic law kdegx. To simulate this gene 

circuit model for one cell generation, we ran Gillespie’s stochastic simulation algorithm 
(SSA) [46] for 2,000 seconds, which is within the range of typical bacterial generation 

time. In SSA, the rate of the j-th reaction, aj, is defined so that the probability that this j-th 

reaction will occur in the system within the next infinitesimal time dt is characterized by 
aj dt. 

To map the genetic makeup of each individual with its phenotype, we required an 

approach to obtain the dynamic property of the gene circuit model with a given 
parameter combination. With a continuum-state approximation, a stochastic process 
representing this gene circuit can be described by the following Fokker-Planck equation: 

 

∂P(𝑥, 𝑡)

∂t
= −

∂

∂x
{[𝑏𝑞(𝑥) − 𝑘𝑑𝑒𝑔𝑥]𝑃(𝑥, 𝑡)}

+
1

2

∂2

∂𝑥2
{[(2𝑏2 + 𝑏)𝑞(𝑥) + 𝑘𝑑𝑒𝑔𝑥]𝑃(𝑥, 𝑡)} 

(2) 

where P(x,t) is the density function of X(t) (see Supplementary section 4 for the 
derivation of this Fokker-Planck equation). From this equation, the time-invariant 
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probability density of the protein abundance level in the stationary regime, Ps(x), is 
given by 

 

 𝑃𝑠(𝑥) =
𝐶

(2𝑏2 + 𝑏)𝑞(𝑥) + 𝑘𝑑𝑒𝑔𝑥
exp[−ϕ(𝑥)], (3) 

where 

 ϕ(𝑥) = −2 ∫
𝑏𝑞(𝑥′) − 𝑘𝑑𝑒𝑔𝑥′

(2𝑏2 + 𝑏)𝑞(𝑥′) + 𝑘𝑑𝑒𝑔𝑥′
𝑑𝑥′

𝑥

0

, (4) 

with C being a normalization constant and ϕ(x) being the potential function. By 
approximating dx by a small but finite ∆x, this equation can be used to map parameters 

to the protein abundance distribution without performing stochastic simulations. 

Evolutionary simulation 

As described in Results, we simulated the evolution of 1,000 individuals with this gene 

circuit for 30,000 generations under each of three different conditions consecutively. 
That is, during the first 30,000 generations, the population was evolved in environment 

E1; during the second 30,000 generations, it was evolved in a fluctuating condition under 
which the environment switches between E0 and E1 every 20 generations; and during the 

last 30,000 generations, the population was evolved in environment E1. In this 
simulation, we set kb = 0.02, ka = 0.2, kmdeg = 0.1, kdeg = 0.002, and a, b, Kd, and n as 

evolvable. For the individuals in the founding population, these evolvable parameters 
were set as follows: a = 1, b = 1 (i.e., ktrans = 0.1), Kd = 50, and n = 0, each having a gene 

expression process with a constitutive promoter without feedback loop regulation. We 

captured genetic mutations by adding small perturbations to the evolvable parameters. 
Specifically, we first modeled perturbations in a, b, Kd, and n using random variates from 

zero-mean Gaussian distributions with σ being 0.2, 0.2, 1, and 0.2, respectively. In our 
follow-up simulations, we changed this perturbation setting to check the consistency of 
our results (see Supplementary Figures 7 and 8). 

The fitness of individuals depends on their environment, and we studied two fitness 

functions, W0 and W1, for environments E0 and E1, respectively. These functions have the 
following forms: 

 𝑊0(𝑥) = 1 −
(𝑥/𝑥θ)5

1 + (𝑥/𝑥θ)5
, (5) 
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 𝑊1(𝑥) =
(𝑥/𝑥θ)5

1 + (𝑥/𝑥θ)5
  −  

(𝑥/𝑥c)2

1 + (𝑥/𝑐)2
, (6) 

where xθ is set to 50 and xc is set to 1000. In environment E0, the optimal protein level, 
µlow, is 0, while in environment E1, the optimal level, µhigh, is 135. 

To test if our main results were not specific to the fitness function used, we 

performed evolutionary simulations with following fitness functions (Supplementary 
Figure 6):  

 𝑊0(𝑥) =   𝑒𝑥𝑝 (
−(𝑥 − μ𝑙𝑜𝑤)2

2𝑠2
) (7) 

 𝑊1(𝑥) =  𝑒𝑥𝑝 (
−(𝑥 − μℎ𝑖𝑔ℎ)

2

2𝑠2
) (8) 

where µlow (the optimal gene expression level for E0), µhigh (the optimal gene expression 

level for E1), and s were set to 0, 150, and 85, respectively. 

Selection of individuals for a new generation was modeled using roulette wheel 
selection. To select each of 1,000 individuals for the new population, the normalized 

fitness over all individuals in the current population was used as the probability 
distribution for the selection, and each individual for the new generation was randomly 

picked from this distribution. 

Classification of bistability and monostability 

To classify each individual in the population as a bistable or monostable gene expression 

phenotype, we searched for the number of local extrema in Ps(x). Because the sufficient 
condition to have either a stable state (i.e., protein level at which Ps(x) has a peak) or an 

unstable state (i.e., protein level at which Ps(x) has a bottom) is that Ps’(x) = 0, we 
computed the number of roots of Ps’(x). The first derivative of Ps(x) can be expressed as 

 𝑃𝑠
′(𝑥) =

α(𝑥)

(2𝑏2 + 𝑏)𝑞(𝑥) + 𝑘𝑑𝑒𝑔𝑥
𝑃𝑠(𝑥), (9) 

where  

 α(𝑥) = 2𝑏𝑞(𝑥) − 2𝑘𝑑𝑒𝑔𝑥 − (2𝑏2 + 𝑏)𝑞′(𝑥) − 𝑘𝑑𝑒𝑔. (10) 

From this equation, we can see that stable and unstable steady states must be roots of 
α(x). 
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We used a root-finding method to find the number of steady states and to classify 

whether a given genotype encoded a monostable gene expression process or a bistable 
gene expression process. With the boundary between 0 and 1000, we first counted the 

number of roots of α(x) for each individual. Because we were interested in “functional” 
phenotypic switches, we considered only those bistable systems with a higher 

expression stable state being higher than threshold xθ. Thus, if an individual had two 
roots of α(x) with the higher one being larger than xθ (i.e., the higher expression stable 

state is higher than xθ and the lower expression attractor state is 0), then we considered 
this as bistable. In addition, if an individual had at least three roots with the 3rd smallest 

root being larger than xθ (i.e., the higher expression stable state is higher than xθ), then 
we considered this as bistable. If a given individual did not satisfy either of these 2 

bistable conditions, then we considered this individual as monostable. 

Note that this Fokker-Planck model-based stochastic bistability prediction does not 
alway produce consistent results with the deterministic counterpart. This is because the 

continuous-deterministic treatment ignores the diffusion term, giving rise to deviations 
from the continuous-stochastic prediction [39,47]. These differences can be significant, 

for example, when the effects of translational bursting on the steady-state behavior are 
large. Supplementary Figure 18 illustrates differences between our bistability prediction 

and the deterministic counterpart. 

Stability measure 

To quantify the stability of the individuals in the ancient and the derived populations, we 

approximated the shape of Ps(x) around the higher expression stable state xhs by a 
Gaussian function g(x) [39] where 

 𝑔(𝑥) = 𝑃𝑠(𝑥ℎ𝑠) 𝑒𝑥𝑝 [
−(𝑥 − 𝑥ℎ𝑠)2

2𝑤2
]. (11) 

To obtain the value of width w, we set a constraint that required 𝑔′′(𝑥ℎ𝑠) = 𝑃𝑠
′′(𝑥ℎ𝑠), that 

is, the concavity around the higher expression stable state was set to be the same 
between the two functions. With this constraint, we could express w as 

 

 𝑤 = √
−(2𝑏2 + 𝑏)𝑞(𝑥ℎ𝑠) − 𝑘𝑑𝑒𝑔𝑥ℎ𝑠

α′(𝑥ℎ𝑠)
. (12) 

Then, for each individual with xhs > xθ, the stability of its gene expression process for the 
environment under which higher expression of protein X was favored is given by xhs/w. 
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Thus, the higher this value is, the higher the gene expression stability around the higher 
expression stable state. 

Evolution with a Gaussian-based gene expression model 

To analyze if the maintenance of bistable traits was specific to the autoregulation gene 

expression model that we used or if the phenomenon was more general, we used a gene 
expression model with a higher level of abstraction. In this abstracted model, we had 

two discrete-time stationary processes, XM(g) and XB(g), to represent the protein 

abundance levels of a monostable individual and a bistable individual at generation g, 

respectively. The probability density function of XM is denoted by fM(x), which is defined 
as follows: 

 𝑓𝑀(𝑥) = {

𝐶

σ√2π
𝑒

−
(𝑥−μ𝐻)2

2σ2 ,    if 𝑥 ≥ 0,

0,                           otherwise

 (13) 

where C is the normalization constant, σ is the Gaussian width controlling the gene 
expression noise, and µH is the higher-expression stable state. 

On the other hand, the probability density function of XB is bimodal which is based on 

two Gaussian distributions fL(x) and fH(x). If the protein abundance level at the previous 
generation, x’, is less than xθ, then the distribution fL(x) is used to sample X. Otherwise 

(i.e., if x’ ≥ xθ), then, the distribution fH(x) is used to sample X. That is, fL is the distribution 
for the lower expression valley and fH is the distribution for the higher expression one. 

Because the optimal expression level in the lower expression valley was 0, we set fL(x) to 
be the following half-normal density: 

 𝑓𝐿(𝑥) = {
𝐶√2

σ√π
𝑒

−
𝑥2

2σ2 ,    if 𝑥 ≥ 0,

0,                  otherwise.

 (14) 

In the higher expression region, the optimal expression level was the same as the 
monostable case, so we set fH(x) to be the following Gaussian density function: 

 𝑓𝐻(𝑥) = {

𝐶

σ√2π
𝑒

−
(𝑥−μ𝐻)2

2σ2 ,    if 𝑥 ≥ 0,

0,                           otherwise.

 (15) 
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Thus, by using these two density functions, we defined fB(x | x’), the density function for 

XB(g + 1) = x given that XB(g) = x’ as follows:  

 𝑓𝐵(𝑥|𝑥′) = {
𝑓𝐿(𝑥),    if 𝑥′ < 𝑥θ,

𝑓𝐻(𝑥),    otherwise.
 (16) 

With this definition of the bistable probability distribution, if the protein level at the 

previous generation was at least xθ, the two probability density functions, fM(x) and fB(x | 
x’), became identical for this generation. On the contrary, if the protein level at the 

previous generation was lower than the threshold, the half Gaussian distribution with 
the lower-expression stable state (i.e., fL(x)) was used. Thus, fB(x | x’) had two Gaussian 

distributions separated by a barrier at x = xθ. Let L and H be the lower and higher 

expression regions, respectively, that is, L = [0, xθ) and H = [xθ, ∞). Based on this, the 
probability to spontaneously transition from H to L was given by 

 𝑝𝐻→𝐿 = ∫ 𝑓𝐻(𝑥)𝑑𝑥
𝑥θ

0

, (17) 

while the probability to spontaneously transition from L to H was given by 

 𝑝𝐿→𝐻 = ∫ 𝑓𝐿(𝑥)𝑑𝑥
∞

𝑥θ

. (18) 

In the simulation reported in the main text (Fig. 4a), we set the value of µH and xθ to 200 

and 100, respectively. 

 

In this gene expression model, the only evolvable parameter was for the Gaussian 
width σ. We captured transitions between the monostable and bistable traits using the 

evolvable parameter σ’. Specifically, we set the threshold for the Gaussian width σθ so 
that whenever σ’ became higher than this threshold, we switched the trait to the other 

one. We set the value of σθ to 100 so that transitions occur when the potential function 
became flat—that is, when the gene expression stability became very low. A mutation in 

σ’ was modeled by adding Ξσ, a zero-mean Gaussian random variable, to σ’. To have 
gradual changes in the level of gene expression stability, the standard deviation of Ξσ was 

set to 2. Using σ’, we expressed σi(g), the Gaussian width of the i-th individual at 
generation, as: 

 σ𝑖(𝑔) = {
𝜎’𝑖(g),         if 𝜎’𝑖(g) < σθ,

2σθ − 𝜎’𝑖(g),   otherwise.
 (19) 

In this simulation, the environment was assumed to be static and always favor 

individuals with higher protein levels. To compute the fitness of each individual, we used 
the following function 
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 𝑊(𝑥) =
(𝑥/𝑥θ)ℎ

1 + (𝑥/𝑥θ)ℎ
−

(𝑥/𝑥𝑐)8

1 + (𝑥/𝑥𝑐)8
 (20) 

where h was set to 5 in the simulation reported in the main text, and in the follow-up 

simulation it was also set to 1 (see Supplementary Figure 15). With h = 5, the optimal 
gene expression level was around 189, which is close to µH. We further performed 

simulations with a different form of this fitness function. Specifically, we used the 
following Gaussian-based fitness function 

 𝑊(𝑥) = 𝑒
−

(𝑥−𝑚)2

2𝑠2 , (21) 

where m and s were changed to take several values (see Supplementary Figure 16). 

The number of individuals in the population was fixed to be 1,000, and the mutation 

rate of the Gaussian width per individual per generation was set to be 0.01. we used the 
roulette wheel selection to model the selection of individuals. 

 

Statistics 

Association of parameters among evolved populations 

Pearson's correlation coefficient and the distribution of evolved parameters were 

computed using the most common parameter combination in the evolved populations (n 

= 200) in the three environmental phases. Evolved populations were chosen to be in E1, 

and they were from the 30,000th, 29,900th, and 30,000th generations for the ancient, 
intermediate, and derived environmental phases, respectively.    

Significance of bistable trait in the derived population 

P-value to show the significance of the prevalence of the bistable trait in the derived 

population over the ancient one was computed using the fisher.test function in R with 
the ‘alternative’ parameter set to “two.sided” on the data from all simulation runs (n = 
200) at generation 30,000. 

Odds ratio for association between intermediate and derived populations 

The odds ratio and the associated 95% confidence interval to show the significance of 
the association of bistability between the intermediate and derived populations were 

computed by constructing the confusion matrix shown in Fig. 2c (n = 200) and applying 
it to the fisher.test function in R. 
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Error bars in Fig. 3a 

For each generation point, the error bar represents the standard error (SE) of the mean 
gene expression stability of the populations (n = 200). This SE was computed using 

populations, each of which has a valid mean stability of the high expression stable state 
from 1,000 individuals. Thus, the SE at generation 0 of the derived population was 

computed using 143 samples. 

Error bars in Fig. 4a 

For each data point, the error bar represents the standard deviation (SD) of the mean 

Gaussian width of 1,000 individuals of each of the simulation runs (n = 20). 
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Code availability 

The simulator source code and data analysis scripts have been deposited in GitHub, and 
they can be accessed at https://github.com/hkuwahara/evo-hidden-switch. The tool 
package has also been deposited in Zenodo [48]. 
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Data availability 
The simulation data along with the data analysis scripts associated with the current 

submission and the source data of Figures 1-4 are available in the Zenodo repository 
[48]. 


