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Phenotypic switching:
- 2 states: growing/sensitive versus dormant/resistant 
- same genotype 
- both states are present in any environment 
- stochastic switches between states

 Question: optimal "strategy"?

 
Key points: - optimality in stochastic environments  

- individual versus population-level adaptation 
- analogies with finance and their limitations

- mutations
- sensing 
- phenotypic switching 



Growth in uncertain environments

Bacterial persistence: elementary model

• 2 states R: growing (R=1) / dormant (R=0) 

• 2 environments E: antibiotic (E=+) / no antibiotic (E=-)

• survival/reproduction 
per generation f(R,E)

E = -E = +

R = 0

R = 1

1

20

1

• probability for antibiotic (E=+) : p 
• probability to be dormant (R=0): u

(per generation)

Model assumptions:

R=1

R=0

E=- E=+
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Growth in uncertain environments

Bacterial persistence: elementary model

Question: optimal u given p?

Meta question: optimal in what sense? 

• 2 states R: growing (R=1) / dormant (R=0) 

• 2 environments E: antibiotic (E=+) / no antibiotic (E=-)

• survival/reproduction 
per generation f(R,E)

E = -E = +

R = 0

R = 1

1

20

1

• probability for antibiotic (E=+) : p 
• probability to be dormant (R=0): u

(per generation)

Model assumptions:

R=1

R=0

E=- E=+
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Growth in uncertain environments

Bacterial persistence: elementary model
Two convenient limits: (1) Large population 

(2) Long time E = -E = +

R = 0

R = 1

1

20

1

   p 1- p

u

1-u
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Growth in uncertain environments

Bacterial persistence: elementary model

 if antibiotic      (E=+):  

if no antibiotic (E=-): 

<latexit sha1_base64="RDMt0rG2q691E+TyEL2cx9JUmSI="></latexit>

Nt+1 = A+Nt
<latexit sha1_base64="VnLihsXKjgsh00QmUZ6P/d3u7BY="></latexit>

Nt+1 = A�Nt

<latexit sha1_base64="908+vJYVn6e5BMdtJ/9LVUAq+/c="></latexit>

A+ = u
<latexit sha1_base64="DHehW/YvFmT8xnx0S6Rfmd3SKMU="></latexit>

A� = u + 2(1 � u) = 2 � u

 In one generation, given       cells at generation t, a fraction u is dormant (R=0)  
and 1-u is growing (R=1):

<latexit sha1_base64="MKEfiwXLfEvRf4R7AwoTAZx+9Eo="></latexit>

Nt

Two convenient limits: (1) Large population 
(2) Long time E = -E = +

R = 0

R = 1

1
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Bacterial persistence: elementary model
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Over T generations, a fraction p of generations with antibiotics (E=+)    
and 1-p without (E=-):

<latexit sha1_base64="2JSJdadU2GtQQ6VRn0rc0ztVz2w="></latexit>

NT = (A+)pT (A�)(1�p)T N0 = e⇤T N0
<latexit sha1_base64="29ZHBercL44TfBVrv7TUt6UElSY="></latexit>

⇤ = p ln A+ + (1 � p) ln A� = p ln u + (1 � p) ln(2 � u)

Two convenient limits: (1) Large population 
(2) Long time E = -E = +

R = 0

R = 1

1
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1

   p 1- p

u

1-u
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Optimal u (            ):
<latexit sha1_base64="uUSyslTDQFzsG1dIwtAXzX4eh0s="></latexit>

max⇤
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Optimal u (            ):
<latexit sha1_base64="uUSyslTDQFzsG1dIwtAXzX4eh0s="></latexit>

max⇤

 

Conclusion: The optimal fraction of persisters u depends on the environmental uncertainty p

Growth in uncertain environments
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Sensing: switch to a new phenotype R depending on a cue S correlated to the environment E
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Generalization, including sensing
Phenotypic switching: random transitions between phenotypes independent of the environment 
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• n states R 

• M environmental states E, probability p(E) 

• multiplication factor f(R,E) 

• switching probability u(R|S) where S is a cue 

• probability q(S|E) for S given E

Model assumptions:
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<latexit sha1_base64="v7L32b/5O95BxRxaFuBk0DZYgww="></latexit>

A(E, S) =
X

R

f(R, E)u(R|S)

<latexit sha1_base64="Qq1RcVxc3m1pycmLWGqDoLsmRVI="></latexit>

Nt+1 = A(E, S)Nt

Dynamics:

<latexit sha1_base64="HNR6Jj/cUO9EeDfblnLCwvQQaSE="></latexit>

NT = e⇤T N0

• 1 generation:

• T generations:
<latexit sha1_base64="l9o7wLErILbXh9Hvx0jYdBN8WsE="></latexit>

⇤ =
X

S,E

q(S|E)p(E) ln A(E, S)

• n states R 

• M environmental states E, probability p(E) 

• multiplication factor f(R,E) 

• switching probability u(R|S) where S is a cue 

• probability q(S|E) for S given E

Model assumptions:
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Growth in uncertain environments

Generalization, including sensing
Phenotypic switching: random transitions between phenotypes independent of the environment 
Sensing: switch to a new phenotype R depending on a cue S correlated to the environment E

 

"Fitness" = long-term growth rate
<latexit sha1_base64="ceybkTUiMSkpczs7FlQwv2oPbWs="></latexit>

⇤ = hln (hf(R, E)iR)iE,S

<latexit sha1_base64="9ayrG9/PTzgNtl4PEVXdcz4kyM0="></latexit>

ln (
<latexit sha1_base64="g3atI6vgIFgLEfd66ENCxSA91Ks="></latexit>

)

average over phenotypes within a generation 
arithmetic mean

average over environments across generations 
geometric mean

 

<latexit sha1_base64="6twu8ZgH/8oBtykKg2OnTCzrRRg="></latexit>X

R

u(R|S) = 1

<latexit sha1_base64="+04Xa95xbiRrxLUfz/1mD5AtZyA="></latexit>X

S,E

q(S|E)p(E) = 1

<latexit sha1_base64="uFxOH62ywcxnBM0Iuz2lux9cdko="></latexit>

= hf(R, E)iR

<latexit sha1_base64="uA+JBHI1uNdQF/aS+iUMQVmlJQ0="></latexit>

= hln A(E, S)iE,S
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D Bernoulli, Exposition of a new theory 
on the measurement of risk (1738)
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Geometric vs arithmetic means

D Bernoulli, Exposition of a new theory 
on the measurement of risk (1738)

Growth is a multiplicative process

Didactic example:

A=2 with p=1/2 or A=1/3 with p=1/2

arithmetic mean = 

geometric mean =
<latexit sha1_base64="Lw77ECL8Ad8uYFAuZGOOSOpA1tw="></latexit>

21/2(1/3)1/2 < 1

<latexit sha1_base64="GfUV4tLP0H6T3BFtLeQiIZMlJTg="></latexit>

(2 + 1/3)/2 > 1

<latexit sha1_base64="D4Qo4oTNmdG2KnWHufvbbCeoTqs="></latexit>

10Y

t=1

At
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Geometric vs arithmetic means

D Bernoulli, Exposition of a new theory 
on the measurement of risk (1738)

Growth is a multiplicative process

Back to the simple model of bacterial persistence:

E = -E = +

R = 0

R = 1

  1

 2 0

1

   p 1- p

u

1-u

<latexit sha1_base64="dd+iG/XNULErFjJPwkH42tBxFxI="></latexit>

A(E = +) = u
<latexit sha1_base64="/xZUSMDthGqTYWGPwk3+X6VMiLA="></latexit>

A(E = �) = u + 2(1 � u)

Growth per generation:

Didactic example:

A=2 with p=1/2 or A=1/3 with p=1/2

arithmetic mean = 

geometric mean =
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D Bernoulli, Exposition of a new theory 
on the measurement of risk (1738)
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Optimal arithmetic mean:
<latexit sha1_base64="uWFSER1tyJAd02E3agN7CeiAHN8="></latexit>

maxhA(E)iE

u=0 is very risky: extinction when E=+ occurs

<latexit sha1_base64="RhuakewPkhrbIUwVbd73bKzY74Y="></latexit>

u =

(
0, if 0 < p  1/2

1, if 1/2 < p  1
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Optimal arithmetic mean:
<latexit sha1_base64="uWFSER1tyJAd02E3agN7CeiAHN8="></latexit>

maxhA(E)iE

u=0 is very risky: extinction when E=+ occurs

<latexit sha1_base64="RhuakewPkhrbIUwVbd73bKzY74Y="></latexit>

u =

(
0, if 0 < p  1/2

1, if 1/2 < p  1

Optimal geometric mean:
<latexit sha1_base64="vFC9+ifBbU7nlEOrvTG7eHltuxE="></latexit>

maxhln A(E)iE
<latexit sha1_base64="x0og88RJrZVvqUQI9um0y9PaSNQ="></latexit>

u =

(
2p, if 0 < p  1/2

1, if 1/2 < p  1



Value and cost of sensing information
Long-term growth rate:

<latexit sha1_base64="AFucMQeuiHo6Iazpnq4FtBQja78="></latexit>

⇤ = hln A(S, E)iS,E =
X

S,E

q(S|E)p(E) ln A(S, E)
<latexit sha1_base64="WwVGAAB+LsbdwiLIsWRWXPf+Q6M="></latexit>

A(S, E) = hf(R, E)iR =
X

R

f(R, E)u(R|S)
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Value and cost of sensing information

                          if                   and 0 otherwise

Simplifying assumption: only one phenotype          can survive for each environmental state     (Kelly model)
<latexit sha1_base64="rmjWuTy7vzeFepiOC/Q9kKSitRw="></latexit>

R(E)
<latexit sha1_base64="DxajIvbP4P0ISQ4cqJingb+EYA8="></latexit>

E
<latexit sha1_base64="j7uyC5Q6h3pyImvq3uD3XuHyo80="></latexit>

f(R, E) = f(E)
<latexit sha1_base64="fsf32wsFJtvtCTpNoOkHYbBOrFw="></latexit>

R = R(E)
<latexit sha1_base64="N3BRG3PZQQzma73ZO5rMjzvnhBg="></latexit>

=) A(E, S) = f(E)u(E|S)

Long-term growth rate:
<latexit sha1_base64="AFucMQeuiHo6Iazpnq4FtBQja78="></latexit>

⇤ = hln A(S, E)iS,E =
X

S,E

q(S|E)p(E) ln A(S, E)
<latexit sha1_base64="WwVGAAB+LsbdwiLIsWRWXPf+Q6M="></latexit>

A(S, E) = hf(R, E)iR =
X

R

f(R, E)u(R|S)
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Value and cost of sensing information

Optimum without sensing:
<latexit sha1_base64="O1jLvOar4XjQAfUFAgM7JRd2ca4="></latexit>

⇤⇤
0 =

X

E

p(E) ln f(E) � H(p)
<latexit sha1_base64="VwHUVO91dYRmF0V16znixTAKt64="></latexit>

H(p) = �
X

E

p(E) ln p(E)
growth limited by the 
entropy of the environment

                          if                   and 0 otherwise

Simplifying assumption: only one phenotype          can survive for each environmental state     (Kelly model)
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Value and cost of sensing information

Optimum without sensing:
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Generalization & links with information theory: Covers & Thomas, Information Theory
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Analogies with finance & beyond
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Analogies with finance & beyond

Major difference
Biology: each cell processes information  
Finance: one investor centralizes information
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Analogies with finance & beyond

Major difference
Biology: each cell processes information  
Finance: one investor centralizes information

what is optimal for a population may not be evolutionary stable

Possible conflict between levels of selection (tragedy of the commons)

Implication 2:

No conflict in the models presented here but, more generally, optimal     evolvable
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Phenotypic vs genotypic information
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Phenotypic vs genotypic information

- the variance of environmental fluctuations 
- the correlation between successive environments

Depends on:
Nature of optimal stochasticity in uncertain environments?
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Phenotypic vs genotypic information

- the variance of environmental fluctuations 
- the correlation between successive environments

Depends on:
Nature of optimal stochasticity in uncertain environments?

Extension: other mechanisms to generate and transmit variations

 Cells in the face of uncertainty
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Summary and perspectives

Adaptation to uncertain environments
- Long-term population-level adaptation 
- Phenotypic switching versus sensing 
- Phenotypic switching versus mutations

Analogy with games and finance
- Bet-hedging / portfolio diversification 
- Key difference: level of information processing

Mathematical formalism
- Geometric versus arithmetic means 
- Quantifying information with entropies

- Long-term growth rate (many generations) 
- Large population (no extinction)  
- Environment independent of population dynamics

Model based on several assumptions:

Example: Bacterial persistence
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Outline of the talk

1. Tradeoff in optimal gambling strategies

2. Adaptive strategies in gambling 

3. Tradeoff for phenotypic switching of populations in varying environments

Growth in uncertain environments



Kelly’s formula in popular culture

Growth in uncertain environments

From card counting method in blackjack. ..           .. to investments on the stock market

A new interpretation of information rate, Kelly J. L. J. (1956)



Kelly’s model as a resource allocation problem

Growth in uncertain environments

Constraints :    and          with   for fair odds 

Dynamics :   winning horse x is chosen with probability 

Then capital is updated  : 

Bets 

Gambler Bookmaker

Odds 



Growth in uncertain environments

Long term growth rate 

 Log-Capital     

 by the law of large numbers :

 

 Optimization of the long term growth rate  (Kelly’s optimal strategy)

 This is maximum when                   and at this point

  

  The gambler makes money when he/she has better knowledge of the 

   winning probabilities than the bookie

    



Growth in uncertain environments

Evolution of the capital of the gambler

• Kelly’s strategy dominates on long times all non-optimal strategies

• A general trade-off between the maximization of the growth rate and the minimization of risky fluctuations ? 

L. Dinis, J. Unterberger, D. L., Eur. Phys. Lett. (2020)



How to define risk ?

Growth in uncertain environments

By the central limit theorem :

      

       normal law

 where            is the volatility

The volatility is not the best measure of risk but it leads to tractable calculations

In practice, risk is relevant at intermediate time scales 

Risk free strategy 

 

Note that the strategy            has                 and 

    



Growth in uncertain environments

Objective function :

• Interpolates between maximization of growth rate for ⍺=1 and the  

minimization of the fluctuations when ⍺=0

• The optimal solution is parametrized by ⍺, which is a risk aversion parameter.

• Similarities with Markowitz portfolio theory

Markowitz H. (1952)
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The efficient border for two horses problem

Growth in uncertain environments

In the         region,   becomes infinite near Kelly’s strategy

but non-zero near the null strategy where :

        

  

   and

Non trade-off branch 

Kelly’s strategy

Trade-off branch

Null strategy
For p<r :



Beyond 2 horses : numerical optimization

Growth in uncertain environments

In practice, the numerical optimization of the objective function 

relies on simulated annealing or Karush-Kuhn-Tücker (KKT) algorithms. 



Game theoretic formulation

Growth in uncertain environments

• Worst possible case for the gambler corresponds to minimization of

• The general growth rate is 

pessimistic surprise : things are not as bad as one would think

gambler’s regret : gambler plays sub-optimally

V value of the game : V<0 for unfair odds, V>0 for super-fair odds

R. Pugatch et al., (2014)



Non-diagonal odds

Growth in uncertain environments

• Now, the growth rate is :

• When the odds matrix is invertible                       and simplex preserving (fully mixing game)

Optimal bets : with

Optimal environment  :

defines a Nash equilibrium

S. Cavallero, (2023)



Mean-variance trade-offs

Growth in uncertain environments

• For fair odds,  assuming with q the pdf such that 

• For non-fair odds  with and 

General trade-off between growth rate and risk

Similar tradeoff in the thermodynamics of non-equilibrium systems

L. Dinis et al., EPL (2020)

A. Barato et al., (2015)



Growth in uncertain environments

Non-diagonal fair odds             Non-diagonal super-fair odds

Numerical illustration



Growth in uncertain environments

2. Adaptive strategies in gambling



Growth in uncertain environments

• So far, we assumed the gambler knows the probabilities of winning horses, 

In practice the gambler does not know this, he/she must learn it !

• This learning can be modeled using Laplace’s rule of succession (equivalent to Bayesian inference)

for t uncorrelated races and M horses

• Gambler’s regret : the difference between the actual growth rate and the one of the optimal strategy :

E. T. Jaynes, 2003



Growth in uncertain environments

The learning time and the gambler’s regret

Asymptotic regret  :  

Learning time :

represents a limit on the characteristic time of variation of the environment 

A. Despons et al. (2022)



Growth in uncertain environments

3. Trade-off for phenotypic switching of 

populations in varying environments



Bet-hedging and dormancy

D. Venable (2007)

Eriophyllum lanosum, plant

from western USA desert

Diversification (bet-hedging) is a universal adaptation strategy to an uncertain environnement

Seed bank: some seeds stay dormant to protect

 from harsch environments

Fraction of seeds which germinated vs. standard 

deviation of reproductive success

Nature Reviews | Microbiology

Reproduction

Resuscitation

Active cell Dormant cell

Mortality Mortality

Initiation

Table 1 | Phenotypic characterist ics of dormant microorganisms

Phenotype Examples Refs

Physical differentiation to form 
a resting structure

Spores, conidia, cysts and akinetes 126

Reduced cell size Ultramicrobacteria, microcolonies, dwarf cells and miniaturization 127,128

Reduced DNA and RNA content Low-nucleic-acid (LNA) cells, ghost cells, non-nucleoid-containing cells 
(non-NuCC) and low RNA/DNA ratios

129–132

Altered quantity and 
composition of lipids and fatty 
acids

Commonly a reduction in total lipids, but increases in neutral lipids; 
changes in the ratios of saturated/unsaturated fatty acids; changes in the 
ratios of trans-/cis-monoenoic fatty acids; and changes in the ratios of 
cyclopropyl precursor/monoenoic precursor fatty acids

133,134

Altered quantity and 
composition of proteins

A decrease in protein content due to a reliance on internal reserves; 
reduced enzyme activity; and an increase in chromosomal-protection 
proteins (for example, Dps)

135,136

Ultrastructural features (changes 
in the internal cell structure)

Cell wall invagination, a thickened cell wall, synthesis of murein layers, a 
differentiated capsule and intramembrane particles

132,137

Accumulation of storage 
compounds (reserve molecules)

Increases in glycerol, polyhydroxylalkanoates (PHAs), poly-β-
hydroxybutyric acid (PHB) and polyphosphates

48,138

Changes in the stoichiometry of 
biologically important elements

Changes in C, N, P, S, Ca2+, K+, Mg2+ and Na+ levels, and changes in C/N, 
C/P, C/S, O/C, Ca2+/K+, P/S and K+/Na+ ratios

39,40

A less energized cell membrane Accumulation of the dye rhodamine 123, and a change in the adenylate 
energy charge ratio

7,139

Kin selection

Evolutionary selection that 

occurs when a non-adaptive 

strategy of an individual 

improves the fitness of 

genetically related individuals.

extinction, it has been argued that the spontaneous pro-

duction of dormant subpopulations is an example of 

kin selection34,37. In addition to being favoured in stable 

environments32, theoretical explorations of dormancy 

strategies have revealed that spontaneous initiation 

of dormancy should be adaptive when there is a high 

degree of genetic relatedness among individual organisms 

within a focal population37.

Microorganisms at rest — phenotypes, costs and dura-

tion of dormancy. Dormant microorganisms exhibit a 

wide range of phenotypes, which probably reflects the 

evolutionary diversity of microbial dormancy. One of  

the most obvious characteristics of some dormant micro-

organisms involves the differentiation of vegetative cells 

into resting structures such as spores, conidia, cysts or 

akinetes (FIG. 1; TABLE 1), all of which are easy to identify 

using basic microscopy techniques. Another obvious 

change is the reduction in cell size that occurs in many 

microorganisms when they enter dormancy. The finding 

that these ‘dwarf ’ cells are common in nutrient-depleted 

marine environments supports the view that natural 

environments are dominated by dormant microorgan-

isms16,38. Other phenotypes of dormant microorganisms 

can be more challenging to measure, but nevertheless 

have important implications for the functioning of 

microbial communities. For example, dormant cells often 

have reduced concentrations of nucleic acids, lipids, fatty 

acids and proteins (TABLE 1). By contrast, there may be 

an increase in the concentration of storage compounds 

or reserves that are necessary for meeting the energy 

requirements for survival during dormancy (TABLE 1). 

Last, there is evidence that the elemental composition 

of microorganisms changes during dormancy (TABLE 1). 

Various bacteria and fungi experience reductions in the 

cell quotas of carbon, nitrogen, phosphorus, sulphur and 

oxygen during stationary phase or resting stages39,40. In 

the case of Escherichia coli, growth-mediated changes in 

cell stoichiometry led to a 45% increase in the molar car-

bon/phosphorus ratio39. This observation is consistent 

with the theory of ecological stoichiometry, which links 

patterns of nutrient cycling in ecosystems to organism 

growth rates and their elemental demands41.

Dormancy is not a cost-free state of existence. 

Energy demands approach zero in the special case of 

bacterial endospores, which are often considered to 

be metabolically inert42, but in other scenarios micro-

organisms must allocate resources towards cell main-

tenance and survival43. Maintenance energy is used to 

support non-growth functions such as motility, turn-

over of macromolecules, regulation of osmotic pressure 

and intracellular pH, and maintenance of an energized 

Figure 2 | Dynamics of microbial dormancy. The first 

stage of dormancy is the transition of metabolically active 

cells into the dormant state. Dormant cells can remain in 

an inactive state for prolonged periods, but must meet 

maintenance and survival energy costs, otherwise they will 

die. In order for dormancy to be a successful life history 

strategy, dormant cells must be resuscitated and return to 

the actively growing pool of individuals. Image is modified, 

with permission, from REF. 22 © (2010) US National 

Academy of Sciences.
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ABSTRACT

Biological insurance theory predicts that, in a variable environment, aggregate ecosystem properties will vary less in more
diversecommunitiesbecausedeclinesin theperformanceor abundanceof somespeciesor phenotypeswill beoffset, at least
partly, by smoother declinesor increases in others. During the past two decades, ecology hasaccumulated strong evidence
for thestabilising effect of biodiversity on ecosystem functioning. Asbiological insurance isreaching thestageof amaturethe-
ory, it iscritical to revisit and clarify itsconceptual foundationsto guidefuturedevelopments, applicationsand measurements.
In thisreview, wefirst clarify theconnectionsbetween theinsuranceand portfolio conceptsthat havebeen used in ecology and
theeconomicconceptsthat inspired them. Doingsopointsto gapsand mismatchesbetween ecologyand economicsthat could
befilled profitably bynewtheoretical developmentsand newmanagement applications. Second, wediscusssomefundamental
issuesin biological insurancetheory that haveremained unnoticed so far and that emergefrom someof itsrecent applications.
In particular, we draw a clear distinction between the two effectsembedded in biological insurance theory, i.e. the effectsof
biodiversity on the mean and variability of ecosystem properties. This distinction allowsexplicit consideration of trade-offs
between themean and stability of ecosystem processesand services. Wealso review applicationsof biological insurancetheory
in ecosystem management. Finally, weprovideasyntheticconceptual frameworkthat unifiesthevariousapproachesacrossdis-
ciplines, and wesuggest new waysin which biological insurancetheory could beextended toaddressnew issuesin ecology and
ecosystem management. Exciting futurechallengesincludelinking theeffectsof biodiversity on ecosystem functioning and sta-
bility, incorporatingmultiplefunctionsand feedbacks, developingnew approachestopartition biodiversityeffectsacrossscales,
extending biological insurance theory to complex interaction networks, and developing new applications to biodiversity and
ecosystem management.
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In nature, most organisms live in unpredictable environ-

ments and typically experience conditions that are sub-

optimal for growth and reproduction. A very common 

response to environmental stress is for organisms to 

enter a reversible state of reduced metabolic activity, 

or dormancy1. By doing so, these organisms can dras-

tically lower their energetic expenditures and evade 

unfavourable conditions that would otherwise reduce 

the fitness of the population. Dormancy is not a cost-

free strategy, however. Organisms must invest resources 

into resting structures and the machinery that is needed 

for transitioning into and out of a dormant state2,3. In 

addition, dormant organisms must be able to inter-

pret and respond to signals associated with favourable 

conditions, otherwise they will miss opportunities for 

growth and reproduction4–6. Despite these general trade-

offs, microbial species from all domains of life have 

evolved the ability to use dormancy during periods of  

environmental stress7–9 (FIG. 1).

Dormancy generates a seed bank, which we define as 

‘a reservoir of dormant individuals that can potentially 

be resuscitated in the future under different environmen-

tal conditions’. Seed banks can prolong the persistence 

of genotypes and populations, and also have important 

consequences for community- and ecosystem-level 

processes. Ecologists have developed theory and have 

empirically demonstrated the importance of seed banks 

for the diversity and functioning of communities of 

macroscopic organisms (that is, plants and animals). 

For example, the accumulation of long-lived organ-

isms in a seed bank allows competing species to coexist 

via the storage effect, thus maintaining biodiversity10. 

Seed banks also determine how communities recover 

from disturbance11 and potentially stabilize ecosystem 

processes under variable environmental conditions12. 

Because microbial dormancy is common in a range of 

ecosystems, it seems likely that the ecology and evolu-

tion of microbial communities are strongly influenced 

by seed bank dynamics.

Dormancy is a well-documented trait that helps 

microorganisms contend with environmental variability. 

Although it is common and phylogenetically widespread, 

dormancy is achieved through a diverse set of genetic 

and cellular mechanisms (FIG. 1). Dormancy has received 

considerable attention from microbiologists, in part 

because of its role in human diseases such as anthrax, 

cholera and tuberculosis13. As a result, microbiologists 

have unravelled the mechanistic underpinnings of dor-

mancy in a handful of clinically and environmentally 

important strains of bacteria. Collectively, this infor-

mation provides a strong foundation for exploring the 

prevalence and implications of dormancy in natural 

ecosystems, but we are still challenged by the complex-

ity of environmental systems, which typically contain 

thousands of potentially interacting species. With recent 

innovations in molecular techniques and computational 

analyses, we are now poised to test theory about how 

dormancy influences the structure and function of 

microbial communities in complex natural settings.

In this Review, dormancy is broadly defined as “any 

rest period or reversible interruption of the phenotypic 

development of an organism” (REF. 14). From the outset, 
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Storage effect

An ecological hypothesis 

stating that environmental 

fluctuations drive temporal 

variations in population growth 

that produce long-lived 

individual organisms, thus 

promoting multispecies 

coexistence.

Microbial seed banks: the ecological 
and evolutionary implications of 
dormancy
Jay T. Lennon* ‡ and Stuart E. Jones* §

Abstract | Dormancy is a bet-hedging strategy used by a wide range of taxa, including 

microorganisms. It refers to an organism’s ability to enter a reversible state of low metabolic 

activity when faced with unfavourable environmental conditions. Dormant microorganisms 

generate a seed bank, which comprises individuals that are capable of being resuscitated 

following environmental change. In this Review, we highlight mechanisms that have evolved 

in microorganisms to allow them to successfully enter and exit a dormant state, and discuss 

the implications of microbial seed banks for evolutionary dynamics, population persistence, 

maintenance of biodiversity, and the stability of ecosystem processes.
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Growth in uncertain environments

Gambling/finance Biology/ecology

Currency unit Individual

Race result/market state Environment

Bets/investment Phenotype switching 

Races Environmental events

Odds Reproduction rate

Capital growth rate Population growth rate

Probability of bankruptcy Extinction probability



Growth in uncertain environments

• Sub-populations of two phenotypes growing in two environments for 

• Gambling problem was scalar, this one is vectorial. Explicit results only in some limits

Ex: adiabatic limit 

Optimal condition is the analog of Kelly’s strategy

• So far, we focused on long term growth rate (infinite horizon) but populations are finite and 

may go extinct in a finite time (finite horizon)

is the equivalent of the volatility

E. Kussel, S. Leibler (2005)



Trade-off between growth and extinction probability

Fluctuations of 

growth rate L. Dinis et al. (2022)

average growth rate

In the region of fast growth, it is advantageous for a population to trade growth 

for less risky fluctuations

Risk may be measured by growth rate fluctuations or extinction probability



Growth inhibition by antibiotics

Growth in uncertain environments

• Most antibiotics do not kill cells directly but rather inhibit 

molecules involved in key cellular processes

• Risk may be measured by the fraction of inhibited molecules

• Risk correlates with pre-exposure growth rate and increases 

with the exposure to the drug



Economic principles of cell biology

Growth in uncertain environments

i. When facing uncertainty, bet-hedging is a generic adaptation strategy for cells

Simplest form of this strategy is Kelly’s gambling

ii. There is a general trade-off between growth rate and risk exposure



« Sur la puissance motrice du feu et sur les machines propres à développer cette    

  puissance » (1824)
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