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Organisms living in a changing environment must be adapted for a wide @rmgpnditions. How-
ever, it is often difficult to be well-equipped for all possible situations atorOne way that indi-
viduals can overcome fitness trade-offs is by responding to changéeveourse of their lifetimes.
Another is developmental plasticity, in which a single genotype gives rise to heuftienotypes
suited for different environmental conditions. Both can produce reatdeldiversity in morphology
and behavior within a species. How do organisms evolve to produce au tliat diversity?

In this dissertation, | model the evolution of plasticity in three contexts. Firsiesamimals that
can respond to unexpected events like predator attacks also develop oimamion systems about
those events. The way that signals become linked to meanings, and thegbtieecommunication
system to discriminate among different events, depends on fitness tfad&econd, some organ-
isms adapt to unpredictable environments by randomly producing a mixtuteeobpypes suited
for different conditions, effectively hedging bets against catastcopyents. | show how the opti-
mal amount of diversity produced depends on the amount of uncertaititg environment. Third,
individuals can sometimes use cues gathered during development to haigt fine future envi-
ronment, and better direct their developmental trajectory. | show how tbe @ this predictive
information depends on the way it is distributed among individuals within anddegtgenerations.
Taken together, the three chapters demonstrate several ways that gilaségies come to reflect

the patterns of change and predictability in the environment to which theylapeea.
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Chapter 1
INTRODUCTION

Every species experiences environmental variation at some level. Biigpeeeds may en-
counter different soil types, moisture levels, and access to sunlighendem on exactly where
they happen to land. From one year to the next, the ideal conditions forrggion—the right
temperature and sufficient rainfall—may come at different times, or nat.aMany seed-eating
birds eat a wide variety of seeds that differ size and hardness. Blpertions of each seed type
can vary greatly depending on habitat type, the season, how dry thbge®een, and how much
competition there is for each seed type. These birds in turn may be subjeetdsttipn by differ-
ent kinds of predators with different hunting techniques. Whether afiyidgual bird is attacked is
partly a matter of chance, but also depends on the density of predatbpsegnin the region.

All this variation in environmental conditions can have an enormous impacteofittiess of
different life history traits, morphologies, and behaviors. It makes tatiap to any one set of
circumstances difficult, because phenotypes that are favored in sard#éi@es may be selected
against in others. One way to avoid the problem of adaptation to multiple envénats is for
individuals to actively choose a habitat. For example, a bird may be able tctigele forage
in areas where its preferred kind of seed is particularly abundant. Iwthjsthe range of food
sources utilized can be greatly reduced, making it possible to speciakntiwdfy on just one type
(Templeton and Rothman, 1981). On the other hand, it will often not balpess completely
eliminate all environmental variation, and in many cases it may even be couwttegtive (Wilson
and Yoshimura, 1994). In this dissertation, | will not consider the ecodbgiiche of the species
as an evolvable trait. Rather, | focus on strategies that allow a speciesradddlee entire suite of
environmental conditions it may encounter.

One way for a species to have a broad environmental tolerance is forirdizidual to be

a generalist. This is sometimes accomplished via a fixed generalist phenatyigh, performs



reasonably well under a wide variety of circumstances. A flexible gésigrahich can respond
to changing conditions by changing its behavior or morphology, may be alde &ven better.
On the other hand, if individuals are specialists, flourishing only underrew set of conditions,
the species as a whole may nonetheless be quite tolerant of change as thegeas substantial
variation between individuals. This variation may stem from genetic diftegnfrom differences

in the developmental environment, or it may be entirely random.

In this dissertation, | examine the adaptive value of phenotypic diversiti Wwithin and be-
tween individuals, in the context of environmental variation. How doesrimuat of uncertainty in
the environment, and the kind of information available, affect the typesatkgiies used to generate
phenotypic diversity? To what extent do those strategies reflect pattéenvironmental change
and predictability? | draw upon several well-developed themes in the ticaddgiology literature:

bet-hedging, predictive plasticity, and fithess trade-offs.

1.1 Bet-hedging as an adaptation to environmental uncertainty

Environmental conditions may vary unpredictably over an enormous raingeales in both time
and space. The way that individuals experience these variationsdsepeimow long they live, and
how often and how far they move within a lifetime (Levins, 1968). The waytthepopulation as
a whole is affected depends on how similar the experiences of differdinidoals are. Although a
contrast is often drawn between spatial and temporal variation, the mogtémpdistinction lies in
the way that individual variation in fitness contributes to variation in a linsagwth rate (Frank
and Slatkin, 1990). The growth of a lineage in one generation depentteeagum of fithesses
of all individuals, but growth over multiple generations depends on thdyatoof growth in each
generation. For this reason, the evolutionary impaatdif/idual-level risk(environmental variation
between individuals within a generation) is qualitatively different from theaohf population-
level risk(environmental variation between generations.)

The first models to consider the evolutionary consequences of populewenenvironmental
uncertainty were specifically concerned with the maintenance of genetimpgiism (Dempster,
1955; Haldane and Jayakar, 1962). In this arena risk structurerteseem to have a dramatic

impact—for variation at either level, although a polymorphic population may maxithé&popula-



tion growth rate, polymorphism cannot be maintained except through sasmeofmverdominance
(Gillespie, 1973). A genetic polymorphism therefore cannot generalbpohsidered an adaptation
to environmental variatioper se(Felsenstein 1976; but see Leimar 2005.) However, if a single
genotype can generate random phenotypic polymorphism, in proportiahsgtimize the growth
rate of the lineage over the long term, this genotype can be selected fgtivedahenotypic vari-
ation of this sort is known alset-hedgingSeger and Brockmann, 1987) adaptive coin-flipping
(Cooper and Kaplan, 1982).

The first model to consider random phenotypic plasticity as an adaptatiaoptdagpion-level
environmental uncertainty used as its inspiration the life cycle of desenbaplants (Cohen, 1966).
Because some years lack sufficient rain to make successful germinassible, every seed that
germinates in that year is virtually guaranteed to die without reproducingiy idgecies seem to
have adapted by delaying germination in some seeds, so that even if all géngiseeds fail to
reproduce in one year, others remain dormant and can try the nextGelaen showed that as the
frequency of years unsuitable for germination increases, the fractiseeals germinating should
decrease. This relationship is supported by a number of field and expegiraridies (e.g. Philippi,
1993; Clauss and Venable, 2000; Venable, 2007).

1.2 Predictive plasticity as an adaptation to environmental informaion

Any feature of the environment that directly causes variation in fithedsibotes to environmental
risk. However, other features of the environment—environmental cuesagththey may not di-
rectly affect fithess, can nonetheless help individuals predict enmigatal change. In some cases,
an individual can reduce the impact of environmental uncertainty by @sg to alter its behav-
ior or morphology in a way that increases its chances of survival. If tihid &f plasticity is only
possible during development, it will produce variation between individweltsle if it continues
throughout life, it will produce variation within individuals. Which of thesespibilities occurs will
depend on the time lag from cue to response, and how much information isoéeajieen such a

time lag (Padilla and Adolph, 1996; DeWitt et al., 1998; Gabriel et al., 2005).

Lifelong, reversible plasticity may be adaptive if environmental conditiomg wathin an in-

dividual's lifetime. This may happen because the environment fluctuatestioreascale shorter



than generation time, or because individuals move between differeniegaithabitat during their
lifetimes (Levins’s 1968 “fine-grained” environmental variation.) Forrapée, several species of
Darwin’s finches show marked variation in both diet and foraging teclenitgpending both on the
season and the type of habitat (Tebbich et al., 2004). Each individaajeseralist, because it can
respond effectively to a wide variety of circumstances. This kind of flityittan be very power-
ful, but may be constrained if the organism cannot effectively predigt@enmental change, or if it
cannot respond quickly enough.

Developmental plasticity may be adaptive if environmental conditions, thoaghble, are
fairly stable within an individual's lifetime. This may occur if the environment tliates on a
time scale similar to that of generations, or if individuals disperse just orgcthan settle (Levins’s
1968 “coarse-grained” environmental variation.) Many traits, thougbdfim adulthood, can be
more easily repatterned during development. As long as cues receivied development have
some predictive value, the ability to modify the developmental trajectory cad\@ntageous. A
classic example of adaptive developmental plasticity is shell shape in aaoradies; larvae set-
tling in regions populated by a predatory snail develop a special bentwlogy that is resistant to
predation (Lively, 1986Db).

Because behavioral traits are generally more labile than morphologica) beltavioral traits
are more likely to show adaptive plasticity within individuals, while morpholodicits are more
likely to show adaptive plasticity between individuals (West-Eberhard9;1@@&n Buskirk, 2002).
However, each of these two rules also shows exceptions. Some beth&dis are learned during
a sensitive period and remain fairly inflexible afterwards. The exceptiuiche breadth of the
Cocos Island finch is partially due to variation between individuals in leaforegjing techniques
(Werner and Sherry, 1987). On the other hand, not all morpholog@ié$ are irreversible. For
example, tadpoles can alter their body proportions in response to the additemoval of predators

throughout ontogeny (Relyea, 2003).

1.3 The impact of environmental variation depends on fitness tradeffs

A fitness trade-off exists between two different environments when kmtighally suited to both

conditions at the same time is impossible. For example, freshwater snails wittheshells are



less easily crushed by predatory fish, while those with elongated shellesgreasily pried out
by crayfish (DeWitt et al., 2000). Any individual snail can thus only belsprotected against
predation by one of these two major predators: a trade-off exists bettefense against one and
defense against the other. Which strategy is best: an extreme shelltehajzevery well protected
against one type, an intermediate shell shape that is somewhat proteaitest bgth, or a mixture of
the two extreme shell shapes? Levins introduced the notion of the fitndkegiets, 1962, 1968) to
address this kind of question. He showed, in a graphical and intuitii@fashow the strength of the
fitness trade-offs and the structure of environmental risk interact tondiete whether a specialist,

a generalist, or a mixture of specialists is optimal (see Chapter 3 for an th-dafiew.)

1.4 An outline of the dissertation

When individuals can react flexibly to environmental events, but notdilVituals receive the same
information about those events, communication may be beneficial. For exaraplet monkeys
encountering three different classes of predators use qualitativégraif alarm calls to distin-
guish between them (Seyfarth et al., 1980). In contrast, ground sluirse different calls to in-
dicate the urgency of a situation; one type of call is given in response tb gnmsnd predators
and distant aerial predators, while the other type is given in responsestoasidal predators and
fast-approaching ground predators (Robinson, 1981). Why do stema calling systems distin-
guish between types of predators, while others distinguish only the lewegehcy? In Chapter 2
(previously published as Donaldson et al. 2007), | use a game-thepretiel of the evolution of
communication to show that asymmetric fitness trade-offs are key. Stable cocatmm systems
tend to group together situations that require similar responses. Whichfkitarim calling system
evolves will depend on whether these groupings fit more naturally withrdiffeypes of predators,

or with the urgency of response.

The fitness set framework developed by Levins (1962, 1968) carsdxto show that a com-
bination of strong fitness trade-offs and population-level risk can makédxging adaptive. How
much random phenotypic diversity would the optimal bet-hedging stratexjupe? For the very
special case when each phenotype can only survive in one envirtrtheeproportions of each phe-

notype should exactly match the proportions of the different environm€otsgn, 1966; Bergstrom



and Lachmann, 2004; Kussell and Leibler, 2005). In Chapter 3igarsly published as Donaldson-
Matasci et al. 2008, footnotes added), | extend Levins’'s framewakdos how more general fitness
trade-offs determine the relationship between the amount of environmectatainty and adaptive

phenotypic diversity. The basic idea is that each phenotype may be s@emesting a certain pro-

portion of its reproductive effort in each of the possible environmentbetthedging lineage that
produces the phenotypes in just the right proportions—so that thellosegreoductive investment

in each environment matches the environmental frequencies—grows daséerage than other
lineages.

Developmental cues can provide organisms with a source of informatian gfuture en-
vironment. This information can be used to conditionally regulate developmiéowireg better
phenotype-environment matching. However, if the cue is not completelpkelihis also a source
of uncertainty. The effect of that uncertainty depends on how it iststred: are all individuals in a
single generation subject to the same developmental cues, or do someualfivieceive different
cues, even though the environment they will experience is identical? Ipt&h | use the frame-
work developed in Chapter 3 to analyze how the structure of error in anqeects the evolution of
adaptive developmental strategies. | argue that the value of a develgrsndepends not simply
on the amount of information it provides to a single individual about the enmient, but, more

importantly, on the total amount of information provided to all individuals in theypation.



Chapter 2

BEHAVIORAL FLEXIBILITY AND COMMUNICATION:
HOW FITNESS TRADE-OFFS SHAPE ANIMAL SIGNALLING SYSTEMS

2.1 Introduction

Most of the signals that animals use to communicate with one another do notskawe a specific
meaning in the same sense that nouns in human language do. Rather, thalsecsimmunicate
about the intentions, emotional state, or identity of the sender. For examgkarig of a male Dar-
win’s finch is thought to identify him as such to conspecific females (GnashiGrant, 1997). Little
blue penguins use calls to signal their readiness to escalate a fight (18843, Even the alarm
calls given by ground squirrels, which were once thought to indicate geedfpredator, have been
shown instead to relate to the degree of urgency perceived by the €xdlgingon, 1981). However,
there are other animal communication systems in which the signals really do sesfer ttwo some
external stimulus. Most famously, vervet monkeys use three qualitativiédyat alarm calls to
distinguish between leopards, eagles and snakes (Cheney anditgel@®0). Similar predator-
specific calls have been found in other primate species (Macedonig, 299€rbihler et al., 1997)
as well as suricates (Manser, 2001) and chickens (Evans et al)). 1BB8 type of system is not
limited to predator warnings alone: toque macaques (Dittus, 1984) and ohiffkeans and Evans,

1999) produce specific calls which alert others to the presence of food.

Semantic communication has been suggested as one of the fundamentahckfebetween
animals and humans (e.g. Bickerton, 1990). The communication systemiddsaoove, though
relatively rare, are of special significance because they hint at tlity abanimals to communicate
about external objects and events. But does a leopard alarm callnefallyo a leopard, in the same
sense that the word “leopard” does? Philosophers of language dahignunderstanding how an
utterance is used is insufficient to determine its meaning (Grice, 1957; Qu466); according to
this view we can never discover the true meaning of any animal signal. Etbtsld@ve instead

focused on demonstrating that some animal signals have the propduyatibnal referencethe



way in which they are used, and the responses that they engendethgiappearance of referring
to some external stimulus (Marler et al., 1992; Macedonia and Evans).ITR@3notion that animal
signals may have some external referent is not diametrically opposed toethéhiat they convey
motivational information; rather, it is now well recognized that, like humanuagg, animal signals
may simultaneously do both. Still, it is possible to differentiate between systems ékeethiet
monkeys’, which primarily refer to external objects, and systems like thengrequirrels’, which
primarily reflect the degree of urgency; we are interested in the evoluiarasons behind this
kind of difference.

In this report, we present a model for the evolution of functionally refemémeaning in animal
communication systems. We begin with a simple action-response model in whictivegteessure
on the production of the signal is produced by the reactions of those edpmmnd to it, and vice
versa. Selection on signhals and selection on responses will often woskdswne another, eventu-
ally leading to a stable and coherent communication system, as has been tlatednmseviously
with similar models (Hurford, 1989; Warneryd, 1993; Nowak and Krakali999). However, these
models invariably assume that the world itself takes on a very simple strucagh:séuation re-
guires a particular, unique response, and all possible alternativegually inappropriate. Although
this may be an adequate representation of certain economic games, it ideserdbe animal sig-
nalling interactions very well. For example, when a vervet monkey is appeabby a leopard, the
typical response to an eagle—Ilooking up and running into cover—is muchaaaggerous than the
typical response to a snake—scanning the area (Seyfarth et al., 1980)

In our model of communication in a “structured world”, we are able to reprethe distinction
between not-quite-optimal actions and utterly disastrous ones. We find wideravariety of sig-
nalling systems are evolutionarily stable in our model than in the unstructurddsaaf previous
models, and this diversity of equilibria more accurately reflects the diveriityodern animal com-
munication. In addition, our model suggests that evolved communication syatagnfacilitate
the categorization of events or situations by appropriate responses, ttzdin by shared physical
characteristics. This may explain why primarily motivational alarm call systikeshat of ground
squirrels, are so common, while primarily referential ones, like the vernets'relatively rare. If
motivational states (like fear, arousal, or hunger) have evolved to lmghmisms make advanta-

geous decisions, then in many cases they may be sufficient to predigbrapagate response to the



situation, and thus sufficient to determine which signal to produce. Onlyeiciagcases, where the
possible reactions are too complex to be determined simply by the urgency sifuithton, will a

system evolve the characteristic of functional reference.

2.2 A model for the evolution of communication

Since we are interested in modeling the way that a signal, through use, may@oepgesent an
object or a situation, we begin with a simple sender-receiver game. Ongdimali responds to a
stimulus in some observable way; another individual observes thatrespmd reacts in turn. The
first individual's action has no power to affect her payoff, while theosel individual's reaction
affects the payoff of both. In this sense, the first individual’s action beageen as a potential signal
to the second individual; it is only through natural selection that these aaj@in the status of true
signals, as defined by Maynard Smith and Harper (2003, pg. 3): ‘tasr atructure which alters the
behaviour of other organisms, which evolved because of that effettyaich is effective because
the receiver’s response has also evolved.” Once natural sele@gnshto shape the behavior of
individuals in both roles, all of the potential signals that are in use becoatsignals. Some of
these signals may later fall out of use, preventing selection on the respblasvever, as long as
some tendency to respond remains—however it may change through deft—+ettain their power

to be used as signals.

Now we can define the game more rigorously. The first playersitjaller, observes the state
of the worldt € 7 = {t3,t5,...,t}, and selects a signak § = {s1,%,...,Sn}. The second player,
the signal receiver does not know the state of the world directly, but instead observes thal sig
and chooses an actiene 4 = {ay,ay,...,a,}. Note that the number of distinct signats, may be
different from the number of statdsor the number of possible actioms we discuss the biological
factors affecting the relative numbers of each at the end of this sectierwil\(conventionally, if
somewhat unrealistically (Lachmann et al., 2001)) assume a purely @ivpagame: both signaller
and receiver obtain the same paymuft,a), which depends only on the state of the world and the
selected response. Since the payoffs are independent of the ssgakli signals are in this sense
equivalent to one another. For simplicity, we also assume that all signalsaasgitted without

error.
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In this sender-receiver game, the signaller’s strategy can be repeddey a matrix? which
contains the conditional probabilitiggs|t) of producing each signa given each world state
Similarly, the receiver’s strategy is represented as a m@trikat provides the conditional proba-
bilities q(a|s) of selecting an action, given signak. Each individual can play both signalling and

receiving roles, so a complete stratdggonsists of both & matrix and &Q matrix.

We can calculate expected payoffs, given a probability distribution otdvetatesp(t). If we
further assume that each individual spends half the time as signaller Hrilehtime as receiver,
the expected payoff to an individual with stratey- (P, Q) of interacting with an individual with
strategyR = (P, Q") will be:

MRR) = 3 > pU)p(st)d (as)m(t, a)

A
> pt)p'(st)a(als)mt,a).

Here the first summand is the expected payoff to the individual when adiagsignaller, and the

second summand is her expected payoff as a receiver.

Since an individual’s ability to communicate depends not only on her own gytdiat also on
those of others around her, selection for communicative ability is frequéegendent. Evolution-
ary game theory gives us a way to model these sorts of interactions. tioupat the concept of
an evolutionarily stable strateg{ESS) (Maynard Smith and Price, 1973) provides a way to char-
acterize the long-term behavior of a population without getting into the detailedaévolutionary
dynamics away from equilibrium. We assume that individuals reproduceialbe according to
fitness, which is proportional to payoff in the game, and that offspringleaotherwise inherit the
strategy of their parents with some chance of error. Under a wide rdreymloitionary dynamics,

a population of individuals playing an ESS will be invulnerable to invasion btamtstrategies. In
fact, such a population is also a long-term endpoint of the evolutionacepsqEshel and Feldman,

1984; Hammerstein, 1996).

Lewis (1969) uses a similar signaller-receiver game to describe therdvalization of mean-
ing in natural language, but he does not address evolutionary questiomnford (1989) uses com-

puter simulations to look at the evolutionary process and Trapa and N@0aR) find the evolu-
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[1laa|a2|as [1|aa|a|az| &
t21/1]0(0 t70 8113
b 0] 1|0 L0713
(@) t3/ 0] 0|1 (b) t3/ 0| 0| 6|3

Figure 2.1: Sample payoff matrices for (a) the Hurford-Nowak modelf@#d, 1989; Nowak and
Krakauer, 1999; Trapa and Nowak, 2000) and (b) our model. Ire@oh state has one appropriate
response, and all others are useless. In (b), actigrey, andas are best responsestig tp, andts

but general-purpose acti@a may be better when the state of the world is uncertain.

tionarily stable states of a related model. These models differ from ours iththegceivers choose
an interpretation from the original set of world states, rather than chg@simaction. Fitness is
determined by the proportion of correct interpretations. However, theidea that signals have
interpretations presupposes that the communication system is used to cefereptial meaning.
Since we are interested in the evolution of reference, we prefer to eat@madel developed by
Warneryd (1993). His paper is not really about the evolution of commtiarcan itself; his pri-
mary goal is to show how cost-free, arbitrary signals can stabilize equilibaaooperative game.
However, since it makes no assumptions about the “meaning” of a signayitps an ideal frame-
work for exploring the evolution of motivational and referential communicatio

Warneryd's framework is more general than the Hurford-Nowak mod=itioned earlier, be-
cause the players respond to a signal by choosing an action, rathesitiggly inferring which
situation gave rise to the signal. However, he assumes a special fornyaiff paatrix on signals
and actions which makes his model functionally equivalent to theirs. In higinealch world state
has a unique best response, and the payoff for all other actionsis\¥errelax this assumption to
permit arbitrary structural relationships between world states. Thisgeptation allows for much
more realistic models of animal communication systems. While each state has an ogtipaaise,
we allow some of the remaining responses to be better than others. In adslitna,actions may
be reasonably good for several situations, without being ideal fo(sseg/Figure 2.1.)

Warneryd also assumes that there are at least as many signals asdlstegesror actions. We

do not, and we will be particularly interested in cases where the numberr&lsig smaller than

either. These cases seem most similar to real animal communication systemswiderrange
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of taxa, in which the assortment of distinct signal types is surprisingly limitedy(¥han, 1970).
Why should this be so? One limitation is imposed by the receivers, who must loalgable but
also likely to perceive the signaler’s action. That is, we can restrict tbentéon to the domain, or
domains, in which actions cause others to react. This could be, for exasoplals within a certain
range of frequencies, or the position of the tail feathers. Another limitatidhaisthe receivers
must be able to reliably discriminate different signals. The effects of a eoigyonment can create
a tradeoff between increasing the number of signals and being able to diskifgetween them
(Nowak et al., 1999). Since we are interested in the evolution of the funciiber than the form
of the signal, instead of explicitly modeling this process we will simply assume d fixenber of

signals (but see Zuidema, 2003, for a computational approach to modetimgiocesses together.)
2.3 Evolutionary stability of communication systems

A Nash equilibrium strategy is one which is a best reply to itself; when sutiaggy is common,
though no alternate strategy can be selected for, some may drift in neutralbntrast, atrict Nash
equilibrium strategy outperforms all other strategies when playing agaielf #e no strategy can
neutrally invade. The conditions for an ESS lie in between these two extreoms strategies can
invade neutrally, as long as the ESS is strictly superior once the invaditegstizecomes common.
So, in general, a strict Nash equilibrium is a special type of ESS. HowSedten (1980) showed
that for role-asymmetric games (in which players are assigned diffarkes) jeveryESS must be a
strict Nash equilibrium. In this game, therefore, the signalling strategy in &gt be uniquely
optimal against the receiving strategy, and vice versa.

The following four conditions are necessary for the signalling system(P, Q) to be a strict
Nash equilibrium, and therefore an evolutionarily stable strategy. Theiicsproperties follow

directly from Selten’s (1980) proof.

Property 1. The signalling strategy must be binary; that is, each state gives rise to exactly one

signal.

Property 2. The receiving strateg®® must be binary; that is, each signal results in exactly one

action.

Property 3. The signalling strategy must be onto; that is, every signal must be used.
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Proof. Suppose thaP is not onto; thdath column inP, corresponding to the production of signal
s, is all zeros. Then thih row in Q, corresponding to the responsestpcan be altered without
changing the expected payoff. ThQds not the unique best reply # soR cannot be a strict Nash

equilibrium. O

Property 4. The receiving strateg) must be one-to-one; that is, no two signals may give rise to

the same action.

Proof. Suppose tha® maps two signals to the same action. SiQés binary, there must then be
two identical rows irQ, say those indicating the response to sigsadsds;. Then we can swap the
ith andjth columns inP, which are the production conditions for the two signals, without changing
the expected payoff. The resultif®j must differ fromP because, by Properties 1 and 3, no two
columns are identical. TherefoReis not the unique best reply @, andR cannot be a strict Nash

equilibrium. O

These properties limit the multiplicity that is allowable in the signalling and receivingpimgs.
There are four possible types of multiplicity: (1) one situation leads to multiplek€g(®2) one sig-
nal leads to multiple actions, (3) multiple situations lead to the same signal, and (4)lensitjipals
lead to the same action. The first two, as stated in Properties 1 and 2, szesattby Selten’s the-
orem: an ESS can have only one possible response to each circumdaandf some responses
may sometimes perform better than others, as long as the player has no iifdh@ation, the
best she can do is to calculate the response which gives the higheftgragwerage. The fourth
multiplicity is also disallowed, as stated in Property 4: if more than one signalrgsa/ the same
action, then signallers could use the two interchangeably. However, aawabove, using two
signals in the same situation is never part of a stable strategy. The third typeltgslicity, on
the other hand, is perfectly okay: if signallers use the same signal in multipégisits, the signal
comes to “mean” to the receivers that one of several situations hagedcaach with some spec-
ified probability. As long as the payoffs are asymmetrical, it is still possible ltulze the action
with maximal payoff.

While all evolutionarily stable communication systems must meet these four comsditimre
are some systems which display these properties and yet are not stalile:eNsld two additional

properties which fill out the set of sufficient conditions for evolutionstapbility.
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Figure 2.2: An illustration of pooling. An example strategy represented Jothéasignalling and
receiving matrices, and (b) a schematic diagram. Here, sggimahssociated with the pool of states
{t1,t2,t3} ands; is associated withty, ts}.

When there are more signals than states, no strategy fulfills the four cosditione; Properties
1 and 3 cannot hold simultaneously. Similarly, when there are more signaladtians, Properties
2 and 4 are in conflict. When there are equal numbers of states and sigs@sals and actions,
these conditions impose an exact correspondence between them.

Perhaps the most interesting case is when there are fewer signals thajbsteseise this seems
to reflect what we see in most animal communication systems today. In thisncaliple states
map to a single signal, which in turn maps to just one action. This divides théa&horld states
into smaller, non-overlappingools(see Figure 2.2.) There is one pool for each signal, and every
world state is included in some pool. Note that this usage of the term pool is simigirinto
the notion of semi-pooling equilibria in costly signalling theory (Lachmann arrg€em, 1998;
Bergstrom and Godfrey Smith, 1998). However, the reason for thgpgrg of signaller types in
the costly signalling models is quite different: the conflict of interest betwiggraker and receiver
means that in some cases a compromise can be reached in which only pantabitidn is sent. In
the current model, we assume that signallers and receivers sharerthénsarests, so the pooling
is due only to a limitation in the signals.

The following definitions and properties assume a straRgy(P, Q) which satisfies the condi-

tions in Properties 1-4.

Definition 1. The pool of states(s) associated with a signalis the set of states mapping to that

signal undeP: t(s) = {t: p(slt) = 1}.

Definition 2. A best response to a pool of states is an action which maximizes the expagtdt p
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for all members of the pool:

BR(t) = arg max‘z p(t)m(t,a).

acAq =4

If there is a unigue such action, it is termed #tiect best respons¢gSBR) to the pool.

Property 5. Every pool must have a strict best response, and the signal gameking to that pool
must map to it: BR(1(s))|s) =1forallse S.

Proof. If there is a strict best response to a pool of states grouped undsigiag byP, clearly an
optimal replyQ must map the signal to that action. On the other hand, suppose there is tioestric
response to a poal(s). Then at least two different actions maximize the expected payoff for the
pool. Any one of these actions can be chosen as the response to tHessigh@ut changing the
overall payoff. Thus there is no strict optimal replyRpandR cannot be a strict Nash equilibrium

strategy. O

Property 6. For each member of a pool of states, the SBR for that pool must be a tlespp®nse
than the SBR of any other pool. That s, for at t(s) and § # s,

m(t, BR(T(s))) > 1t BR(1(s))))-

Proof. We assume every signal maps to the strict best response for its poolesf. sSaippose that
for one state within a poolt(s ), the SBR of another poals;) provides an equally good or better
response; then the signalling strategy can be changed totmapinstead ofs. The resulting® will

perform just as well or better agair@tthanP does, sdR cannot be a strict Nash equilibrium. [

Theorem 1. A strategy R= (P, Q) is evolutionarily stable if and only if the six properties listed

above hold.

Proof. We have already shown necessity; we now show sufficiency. Givétbaerties 1-4 hold,
Property 5 ensures th@t is the single best reply strategy B and Property 6 ensures tHats the
single best reply strategy Q. Therefore, any other strategy will do strictly worse agaitanR

does against itself, 98 must be an evolutionarily stable strategy. O
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Figure 2.3: Different poolings can yield different ESSs for the sam&BysIn this example, all
states are equally likely. The evolutionarily stable communication system shdiwhhias a payoff
of 7 and is payoff-maximizing, while the evolutionarily stable communication systeswn in (c)

has a payoff of 6. The third possible pooling, not shown, is not evolatitynstable.

Example 1. Consider the case where there are equal numbers of states, signalstiand, and
each state has a unique best response. Then an evolutionarily statelgystvdl assign a signal
to each state, and map that signal to the state’s best response. Thenassighsignal to state
is arbitrary, so there will be one such ESS for every possible permutdtisigrmals; functionally,

however, all these strategies are equivalent.

In the papers by Warneryd (1993) and Trapa and Nowak (2000), sommunication systems
are the only possible evolutionarily stable strategies. Constraining thehgligbaf states and the
payoff matrix to be completely symmetrical means that no pool of states biggeottgacan have
a unique best response; this means that under such a model an E®Secdsinif there are fewer
signals than states. In real biological systems, however, two differiagisthre almost never exactly
equally likely, nor do they give exactly the same fitness. In a model whichvesrthese unrealistic

constraints, we will see that evolutionary stability is not only possible, ber &kely.

Example 2. Consider the system shown in Figure 2.3. When there are fewer signalstttas,

an ESS must group some of the states together. The most efficient grosipingn in Figure 2.3b,

maps the statelg andt, to a single signal, whilés is differentiated from the others. This is an

evolutionarily stable strategy because both pooling properties are satisfibde a; is not the

optimal action fotty, it is the best of the limited possibilities created by the receiver’s strategy.
The communication system illustrated in Figure 2.3c is also stable, but non-opiineghooling

in this strategy creates a kind of evolutionary cul-de-sac: no improvempasssble by changes in

either the signalling strategy or the receiving strategy alone.

In some cases, there may be no strategy which is strictly superior to all isvadéhat then
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Figure 2.4: An example of a system with an ES set consisting of a single signsitategy and
multiple receiving strategies. The payoff matrix is displayed in (a), and adistae equally likely.
The strategy displayed in (b) is payoff-maximizing for aty [0, 1], wherex is the probability of a
responsey to the signak;. The set of all such strategies is evolutionarily stable.

can we expect to happen, after enough evolutionary time? One possibilibt @gétof strategies
exists such that any strategy in the set is neutrally stable with regard to anstittegy in the set,
but which as a set is invulnerable to invasion from outside the set. This isl callevolutionarily
stable setor ES set (Thomas, 1985; Balkenborg and Schlag, 2001). In thés dassystem never
reaches a true equilibrium, but can drift neutrally among the strategies iettidtsout leaving.
The conditions described above for an ESS need be modified only minimallgién tor charac-
terize an evolutionarily stable set. Rather than requiring a single uninvatiiegy, we look for a
set of strategies, all of which generate the same payoff against otleegrtaut which are otherwise
uninvasible. Just as the role asymmetry in the game ensures that any ESBenaustrict Nash
equilibrium, it also guarantees that any ES set must be a strict equilibriu(Bal&enborg, 1994).
A strict equilibrium set is a set of Nash equilibria which is closed underregéts. For this game,
this means that an ES set must consist of a pair of strategy sets, whergigrzalling strategy has
as its set of best replies the receiving strategy set, and each recslirategy has as its set of best

replies the signalling strategy set.

Example 3. Consider a system with three states and three actions, and a payoff maticiuasd
in Figure 2.4a. If there are only two signals, one might expect an optimaegyréo groupt; and
t, together with one signal. However, there is then no unique best respotisd signal, because
eitheray or a, will result in the same payoff. There can therefore be no evolutionaribestdrategy
grouping the first two states; in fact, no ESS exists for this system. Howtneset of strategies
shown in Figure 2.4b, consisting of each pdr Q(x)) for all x between 0 and 1, is evolutionarily

stable. The set of best responses to the pool of s{atds} is {a;,ax} and the best responsettds
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ag, so the set of matricegQ(x) } is the best reply set to tHematrix displayed. Additionally, bott
andt, are better represented by eitlagror a, than byag, soP is the strict best reply to any member

of the set 0fQ matrices.

Just as an ES set may have multiple receiving strategies, an ES set chavasaultiple sig-
nalling strategies; this occurs when more than one signal is a best resp@mmne state. An ES set
can even have both multiple signalling strategies and multiple receiving stratégielsitionarily
stable sets thus consist of a set of signalling strategies and a set efrgtiategies, where each
member of each strategy set has as its set of best replies the entire gxicsiegy set. This is still
a fairly restrictive condition (particularly if one demands multiple signalling sgiateand multiple
receiving strategies), and there is no guarantee that an ES set willfexig€ESS does not.

Even when no ES set exists, there may be a subset of the entire stradegydpich is invul-
nerable to invasion from outside. We can construct such a set as foliakesa single strategy and
add it to the set, then add its set of best reply strategies, then take eaebasthategies and add its
set of best replies, and so on, stopping when all best replies arelrethe set. If this set is not
the entire strategy space, then the population may drift neutrally along cpatdis within the set,
without ever leaving the set. In this sense, it may be considered evolulyoisaable” though not

an ES set.

Example 4. Consider a system with two states, three signals, and two actions. Any lsiigary
nalling strategyP which differentiates the two states will have one unused signal; since thia sign
is never used, any action would be an appropriate response. On thaatite any binary receiving
strategy must map more than one signal to the same action; since these twosigthade the same
response, either can be substituted for the other. This means that statktiraghinary signalling
strategy that uses two signals, the receiving strategy can wanderllyaurtté the unused signal has
only a single response; then the signalling strategy can wander neutralliy snvitches entirely to
the previously unused signal, and so on (see Figure 2.5 for a specifigoéx)

There are six possible binary signalling strategies which distinguish botls stepeesented by
the upper hexagon in Figure 2.5, and there are six possible binaryirecetrategies which use
both actions, represented by the lower hexagon. All allowable pairs in é¢hi@scorner in one

strategy, paired with any point from the neighboring line in the other strateye equal, maximal
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signalling strategies

recelving strategies

Figure 2.5: Meaning can cycle continually when there are more signalsttias sr actions. Here
we have two states, three signals, and two actions. The upper hexggesemts a subset of sig-
nalling strategies, where each corner is a binary strategy. Adjaceny l@trategies are identical
except that they use different signals in response to one of the staieding between them repre-
sents a set of strategies which map that state to the two different signals witivg@pprobability.
Similarly, the lower hexagon represents a subset of receiving stratéjiesn the signalling strat-
egy is fixed at the point marked in bold, whesgis unused, the receiving strategy may wander
neutrally along the bold line, because both actions are equally good sesptina signal that is
never used. Along the interior of this line of receiving strategies, the Biggatrategy remains
fixed, but once either endpoint is reached (say, the one which sgaps,) the signalling strategy
will be free to vary, because now two signals (in this casendss) have the same response and
may therefore be used interchangeably.
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fitness, so after enough evolutionary time, the system will reach some sirch@nce in this

set of allowable pairs, the system will wander around neutrally, alternbthgeen changing the
signalling strategy and the receiving strategy. Notice that opposite poiriteedrexagons may be
said to give the signals exactly opposite “meanings”; they are produced optosite context and

induce the opposite action.

The set described in the previous example is not an ES set, becausg &iradegy pair within
the set, most other invading strategy pairs in the set will be selected agamgth@se lying along
the same segment can neutrally invade. Still, once any point in the set isdetiolcommunication
system can wander neutrally only within the set, and cannot be invadeuytstrategy outside the
set. This behavior is not unique to this example. We have made no mention aytbi gtructure
or the probability distribution of states because neither has any effeceavttutionary behavior
of the system. In factany system which has fewer states than either signals or actions will show

similar behavior.

By contrast, the multiple best replies seen in Example 3 arise because twaagtierequal
payoffs under some pool of states. Because this type of equivaleifiodisappear when some
of the payoffs or probabilities are changed by an arbitrarily small amoenitral stability of this
sort is unlikely to be biologically relevant. Excluding such cases, a systeichvis limited by the
number of signals—which, we have argued, is the most biologically releaaet—will always have
an evolutionarily stable strategy. Limiting the number of signals ensures thpathef strategies
which maximizes payoff will be of the form described by Properties 1-4. Witsymmetry in the
payoff structure, Properties 5 and 6 will hold in their strict form, so theoffaypaximizing strategy
will also be an ESS.

When the number of signals exceeds the number of states and actiogsystem will wander
neutrally as in Example 4. In this case, a binary receiving strategy has mbltigleeplies because
at least one signal is not used, and can therefore be respondeittardy. However, if errors
occur in transmission, every signal will be received with non-zerogiviity, and this equality in
responses will no longer hold. Additionally, a binary signalling strategyrhalsiple best replies
because two of the signals give rise to the same action, and are themgfioralent. If the signals

have different probabilities of being mistaken for one another, howthisrequivalence disappears.
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When error occurs and particularly when the probability of error vdri@a signal to signal as in
Nowak et al. (1999), we could still have an ESS (that uses only sometsnittbe available signals)

even when there are more signals than states or actions.

2.4 Conclusions

Previous models of the evolution of communication have suggested that atgnmsy/which use
a unique signal for every situation can be evolutionarily stable. Undédr swdels, if there were
too few signals to distinguish all relevant cases, long-term persisterce@hmunication system
would be impossible. Since real predator alarm call systems tend to emplog é&ly signals to

distinguish between predators, with many types lumped together, a questiaimeel: are these
systems evolutionarily unstable, destined to change unpredictably over timere the models
simply failing to capture some important characteristic of the system? We anss/qu#stion by

extending those models to allow a more structured representation of the werldin mistakes in

comprehension may carry a higher cost than others. In doing so, wihihgtable communication
systems are possible under a much broader range of conditions—arexphais how real predator

alarm systems can persist over evolutionary time.

When the ability to discriminate between situations is limited by the number of signaisa c
munication system must group some situations together by using a common sigyehehal, the
stability of any particular grouping depends crucially on how important it isgtndyjuish among
the states that are pooled together. Therefore, evolved communicatiomsyaft¢his sort should
tend to group states which are similar in a functional sense. Rather thaoizteg predators ac-
cording to morphological characteristics, evolved alarm call systemddsboaup predators which
require a similar escape response. For example, Southern lapwingseraxl aerial alarm call to
several species of hawks, but ignore a similar-looking species whislorly fish (Walters, 1990).
The notion that communication and categorization may be intimately linked by thegzo€ evo-
lution has been suggested before (e.g. Allen and Saidel, 1998); oer igadpe first to demonstrate

a mechanism for creating such a linkage.

Alarm call systems lie somewhere along a continuum between the two extrerpesdator-

specific systems, which distinguish between types of predators, andasgd systems, which indi-
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cate the degree of threat posed by the predator. It has been subthestine primarily functionally
referential alarm call systems of vervets and ringtailed lemurs evolveaubedifferent classes
of predators require incompatible escape responses (Macedoniavand, £993). Determining
whether this provides a general explanation for the evolution of fundtieference, of course, will
require detailed study of other alarm calling systems with varying degraeseséntial specificity.
If the theory holds, however, our model demonstratty this should be so: when categorizing
situations by appropriate response yields the same groupings as cateptbrian by type, a stable
communication system will also show functional reference. On the othet, ndren the appropri-
ate response is dictated by the level of urgency, a stable communicatiomsystel only specify
that level. Whether an alarm calling system evolves to be primarily referanmtialotivational is
determined precisely by what types of situations require different regso

What about systems that communicate something besides the approacledamprlike the
discovery of food, or agonistic interactions with conspecifics? Althoughesresearch has been
done in both of these areas which indicates the possibility of referential coroation (e.g. Hauser,
1998; Gouzoules et al., 1984) it has been more difficult to demonstrateifethe responses to
such calls are much less specific. In both cases, individuals react talthédvyg orienting towards
or approaching the caller, and what is usually measured is the latency to dndétion of such
a reaction. It has therefore been difficult to show that distinct calls reaflsr functionally to
distinct types of food or distinct kinds of interactions. For the same redlsemypothesis put forth
for alarm calls, postulating that mutually incompatible responses to diffelasges of predators
gives rise to referentially specific alarm calls, seems unlikely to hold hetessithere are more
specific reactions to different kinds of food and/or agonistic interactiils avhich we simply do
not observe.

Finally, what implications does our model have for the evolution of referecdi@mmunication
in human language—if any? After all, since we cannot know whether animatite their sig-
nals with some kind of internal representation of external objects, it is s8Bipke that the kind
of functional reference we have described here bears only stiperisemblance to the type of
referential meaning that words in human language have (Owren andaRe2@D1). Yet even a
superficial resemblance to a referential system could have providembtititions necessary for a

truly referential system to develop. Because we make no assumptionstiabdmeaning” of sig-
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nals, our model would provide an appropriate framework for exploriag possibility. It is still a

subject of hot debate whether human language evolved from other aimatunication systems
for the purpose of communication, or is rather an independent outgrdwtiextion for enhanced
cognitive abilities (Hauser et al., 2002; Pinker and Jackendoff, 200%)ugh the results described
here cannot contribute directly to this debate, a model based upon oiats #d¢monstrated how
symbolic reference, as used in human language, could evolve froridoakreference, as seen in
other animal communication systems, would provide support at least fotahsilplity of the first

hypothesis.
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Chapter 3

DEVELOPMENTAL PLASTICITY AND ENVIRONMENTAL RISK:
HOW PHENOTYPIC DIVERSITY REFLECTS THE AMOUNT OF RISK

3.1 Introduction

Organisms inhabiting a changeable, unpredictable environment facecaltidiilaptive challenge.
In some cases they may evolve to specialize in one particular niche, makiogpgof performance
in some conditions by overachieving in another. In other cases envirdaho@certainty may select
for a “jack-of-all-trades”, a generalist capable of overcoming angrenmental hurdle but never
reaching the peak productivity of a more specialized type. In this papéoaus on two different
kinds of strategies that can function as adaptations to environmentatainterA traditional gen-
eralist is an individual of a single, fixed type whose morphology and/baWer is reasonably well
equipped for any situation. A bet-hedging strategy, on the other haodupes a phenotypically
heterogeneous set of individuals, each of which may develop into osevefal specialized types
(Cooper and Kaplan, 1982; Seger and Brockmann, 1987). Thesstitategies may be viewed as
two different ways of being a generalist: one strategy is employed byithdils, while the other
is employed by genotypes. The fitness set framework introduced byd é1862) can be used to
provide a basis for comparing the two kinds of generalists, and build intuibontahe general

circumstances giving rise to each.

When environmental uncertainty selects for a bet-hedging strategyaiesreon-genetic pheno-
typic diversity in the population. This may lead us to expect some relationstvigbr the amount
of environmental variation and the amount of phenotypic variation that &emleas an adaptation
to it. Such a connection has in fact been drawn for the simplest models nboteageneral corre-
spondence has been elusive (Bergstrom and Lachmann, 2004lkargsLeibler, 2005). We show
here that the connection can be easily generalized when the phenotgmkseribed according to
their relative fitness contributions in the different types of environmeries& descriptions have a

simple graphical interpretation in terms of Levins’s fitness sets, and may bpreted as a mea-
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sure of specialization. Using this measure, we develop an intuitive undeirsgeof the quantitative

relationship between environmental uncertainty and adaptive generalizatio

3.2 Background: Levins’s fitness sets and evolution in an uncertaignvironment

Whether organisms adapt to environmental uncertainty by becoming spsaaligneralists—or a
mixture of both—depends on a number of interacting factors (Levins,;38%on and Yoshimura,
1994). First of all, the trade-off between adaptations to different enmiental conditions may take
different forms. Weak trade-offs, which allow intermediate types to perfairly well in all condi-
tions, tend to promote the evolution of generalists. Strong trade-offs, wiadle intermediate types
perform poorly in all conditions, tend to promote the evolution of specialistsoidly, the struc-
ture of environmental variation plays a key role. Environmental changeffeats all individuals
in the population at once on the time scale of a generation, like years oftdrdagors the evolu-
tion of generalists. In contrast, environmental variation between indilddoa single generation,
like random dispersal into small patches of different habitats, encesitiag evolution of special-
ists. Although some authors use the terms “temporal” and “spatial” to distingugsk tivo kinds
of environmental variation, we prefer the more general lapefsulation-levebndindividual-level

environmental variation.

Levins introduced the paired concepts of the fithess set and the adayptoten as a way to
gain intuition about the way that fitness trade-offs and environmentalieariateract to influence
the evolution of specialists and generalists (Figure 3.1). Each achievabh®type is character-
ized by its fitness profile over the different environments, and then plotiedgraph whose axes
are the fitness in each environment. The set of all such points in fithess spealled thditness
set the portion of its boundary with negative slope is a graphical represemtaf the trade-off
between specializing in different environmenteak trade-offgreate convex fitness sets, while
strong trade-offreate concave fitness set. Tagaptive functiordescribes how fitness in each
environment contributes to the population’s overall reproductive ratividual-level environmen-
tal variation yields populations which reproduce according to the arithmetia fiteass in every
generation. Population-level environmental variation yields populatioittwiary in their produc-

tivity from generation to generation. Over the long term, such populatiggredace according to
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their geometric mean fitness (Dempster, 1955; Levins, 1962; Cohen).ll%ﬁ fitness set and the
adaptive function can be used together to identify a phenotype that is optimoabrly in the sense

that it maximizes the population’s reproductive rate. (We will return to thistgoin

One interesting result, which is easy to understand using Levins’s frarkeaancerns pop-
ulations containing a mixture of phenotypes. The population’s reprodurite depends on the
average fitness of the mixed population in each environment. The fitne€fle pfahe mixed pop-
ulation is therefore a linear combination of the fitness profiles of the pherstiipe make up the
population. The set of points in fithess space that can be achieved by @ pagalation is known
as theextended fitness selt consists of all linear combinations of the original fithess set, which
considers only single phenotypes (Figure 3.1). In mathematical termindluggxtended fitness
set is theconvex hulbf the fitness set. Levins distinguishes two qualitatively different caségrgv
trade-offs are weak, the extended fithess set does not createwarpoimgs (Figure 3.1, right col-
umn.) Where trade-offs are strong, however, the extended fithedseagexpand the boundaries.
Points along this new boundary represent fithess profiles that can emlghieved with a mixture
of phenotypes (Figure 3.1, left column.) When environmental uncertastyre at the individual
level, these points will never be optimal. The contours of the adaptive funatid the new bound-
ary of the extended fitness set are both linear (Figure 3.1, upper lefug¥éo, when environmental
uncertainty occurs at the population level, the contours of the adapticédn are no longer linear.
In this case, a point along the linear edge of the extended fitness set rhajtdrethan any point in

the fithess set (Figure 3.1, lower left.)

Levins initially suggested that population polymorphism could therefore badaptation to
population-level environmental uncertainty, when being a generalist sfiicient—but some care
is necessary in the interpretation. If, by population polymorphism, we megtiggolymorphism,
then we must consider not only the fitness of the population compared topmpatations, but
also the way that natural selection within the population may act to change theenikavins ad-
dressed exactly this question using a simple mendelian trait in a later paper(LE964). He also
suggested that long-term selection in a fluctuating environment might aceayetietic architec-

ture to reduce the short-term effects of selection, thus maintaining some tofigemetic variation

1Barring complications in the genetic architecture, such as overdomimanrelerdominance.
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Figure 3.1: Levins's fitness set plots the fitness in each environment aclakkvable phenotypes.
Its boundary reflects the fitness trade-off between specializing in eliffesnvironments. Trade-
offs are described as weak if intermediate types can do fairly well in alt@mwents, or strong if
intermediate types do poorly in all environments. Contour lines of the addptietion represent
points in the fitness space where the population growth rates are equakchiegable phenotype
that maximizes the population growth rate is the point in the fitness set that lies drigthest
contour. Specialists are favored when trade-offs are strong ancbemental variation occurs at
the individual level; generalists are favored when trade-offs ar&k\aed variation occurs at the
population level. The extended fitness set is created by considering itioadal mixtures of
phenotypes. Allowing a mixed-phenotype population can increase theduggiive rate only when
trade-offs are strong and environmental variation occurs at the gapulavel (lower left.)
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(Levins, 1965, 1968). Further work on the maintenance of genetic poptism as an adapta-
tion to environmental uncertainty suggests that it is possible under certaditions (Haldane and
Jayakar, 1962; Gillespie, 1973; Sasaki and Ellner, 1995; Leimai)208owever, since natural
selection does not generally maximize the geometric mean population fithegss't ditness set
framework is poorly suited to this kind of analysis (Seger and Brockma®®i/;1Godfrey-Smith,
1996).

On the other hand, phenotypic diversity in a population need not reéeetig polymorphism.
The notion of a stochastic developmental switch, which randomly produmesfeseveral possible
phenotypes, has long been recognized as a potential mechanism docipig adaptive variation
(e.g. Levins, 1968), and is central to the biological theory of bet-hedduacording to this theory,
organisms may adapt to population-level uncertainty in their environmenarnomly develop-
ing into one of several alternative phenotypes (Cohen, 1966; CaoukbKaplan, 1982). Such a
genotype may be thought of as a “developmental generalist”, becausalitqes a lineage which
survives well in a variety of circumstances; depending on how strong-o#s are, it may out-
compete a phenotypic generalist (Wilson and Yoshimura, 1994). Beemabepoint within the
extended fitness set may be achieved by a single genotype that predondesire of phenotypes,
and the genotype which produces the fastest-growing lineage is likely toroptte all others,
Levins’s diagrams are perfectly suited to distinguishing which of the two kihdsneralist is more

efficient (Seger and Brockmann, 1987; Godfrey-Smith, 1996).

3.3 A model of the evolution of generalists

Consider a population of organisms with nonoverlapping generationgchmgeneration the envi-
ronmental stat& is drawn from some fixed probability distributign, independently of the state in
previous years. Each individual has a phenotypieat is fixed during development, and belongs to
a continuous set of achievable phenotypes. Reproductive sucgasisd$ both on the phenotype of
the individual and the state of the environment. There may be individudlateviation in repro-
ductive success within generations, but the average reproducticessuof a phenotypé,y, must

be consistent between generations with the same environmental state.

This is the classical model of evolution in fluctuating environments, wherehtbeqtype with
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the highest geometric mean fitness is most likely to become fixed (e.g. Dem&dér, LEevins,
1962; Cohen, 1966). One way to understand why natural selectios teintaximize the geometric
mean in such cases is to look at long sequences of environments, antiaklgenotype will take
over the population in most of these sequences. Under the assumptiansaddel, the genotype
that will win in any particular sequence of environments is the one that hathtpest growth
rate. For a simple fluctuating environment, the strong law of large humbers inipdies almost
all long sequences, each environmental condition is experiencedxapptely in proportion to its
probability of occurring. In such sequences of environments, thecéeghéong-term growth rate for

a lineage expressing phenotyypis the growth rate averaged over the environmental probabilities:

r(x) = Z pklog fxk, (3.1)

which is the log of the geometric mean fitness. A natural extension to this aypatgo consid-
ers bet-hedging genotypes, which produce offspring with phenotypes by some probability
distributiongy. Once a lineage is common enough, its average reproductive succaagplisthe
weighted average reproductive success of the phenotypes it pgdathe long-term growth rate

is given by:

r(g) = Z Pclog D oy fu (3.2)

(e.g. Seger and Brockmann, 1987; Yoshimura and Clark, 1991). dinatype that will be observed
most of the time is the one that maximizes-since its growth rate, over almost all sequences of
environments, is larger than that of any other strategy.

In general, natural selection need not lead to optimization of the long-teomtiyrate. The
model includes a number of important simplifying assumptions. In Section 3.4lisgass the

realism of these assumptions and the consequences of relaxing them.

3.3.1 The region of strong trade-offs

Given a model of the fitness trade-offs, we can use Levins’s fithésiaggram to graphically solve

for the genotype with the highest long-term growth rate. It is easy to seéevttemn trade-offs are
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weak, the best response to population-level variation will always begéesjieneralist phenotype.
However, when trade-offs are strong, the situation is a little more complicatedncave fithess
set may show strong trade-offs only along part of its boundary. In #Hie,det-hedging will be an
optimal strategy only when the optimal single phenotype lies in a region of stradg-offs. To

illustrate, we begin with a simple example inspired by the ecology of amphibian mgthosis.

Example. Frogs laying eggs in temporary ponds face a trade-off imposed by their timetto
morphosis. Late-metamorphosing tadpoles become larger frogs with higiessii but confront
a higher risk that the pond will dry up before metamorphosis is complete. risioyple model,
tadpoles are capable of metamorphosis beginning at some threshold ndméags after hatching.
After this, they grow linearly with the time to metamorphosis. However, if the poies dip before
metamorphosis, the tadpole dies. Each frog lays its eggs in a different poddy years, the time
to drying of individual ponds is independent and normally distribdted.wet years, the time to
drying of individual ponds is also independent and normally distributetiwih a different mean
and standard deviation. From this we can calculate the expected fithetadpiode metamorphos-
ing after a certain number of days, in a wet or dry year (Figure 3.2, pperdix A for details of

the model.)

The region of strong trade-offs is the part of the fithess set that makeséave (Figure 3.3.)
Since the adaptive function increases monotonically with fitness in eaclvemeént, the best pure
strategy must lie on the boundary of the fitness set. Similarly, the best bgiRgedrategy must lie
on the boundary of the extended fitness set. Whether a single genenaligttppe or a bet-hedging
genotype is optimal depends on the overlap of these boundaries. Weegadirttwhere they overlap
the region of weak trade-offs. The part where they do not overlapeisebion of strong trade-
offs; in this area, bet-hedging can improve upon any single phenotygaarticular, if the optimal
strategy is a bet-hedging one, it will consist of a mixture of the phenotyipthe @&ndpoints of the
region of strong trade-offs.

We would like to determine, first of all, when bet-hedging is optimal, and sdgoifidt is

optimal, what is the best mixture of phenotypes. These questions canweraddor any specific

2Strictly speaking, a normal distribution of drying times is impossible, sinoeeswonds would dry up after a negative
number of days! However, for the purpose of illustration, this is a m@sle approximation.
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Figure 3.2: Levins’s fitness set, lower right, is a parametric plot of the BtoEeach phenotype in
several environments. Shown on the upper left is a graph of avetagsgin two kinds of years, for
tadpoles that metamorphose at different ages. Error bars indicate timeamestandard deviation
of time to drying. To illustrate how the parametric plot is derived, we show itgdimte individual
plots of fitness in each kind of year. Consider the phenotype of metansigat®30 days. Its fitness
in wet years, shown in the lower left plot, becomesylemordinate in the fithess set. Its fitness in
dry years, shown in the upper right plot, becomesxioeordinate in the fithess set. When this is
done for every phenotype, a curve is traced out in fithess spaceisTdabed the fitness set.
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model using the traditional fithess set approach, by identifying the pointersection between the
extended fitness set and the highest contour of the adaptive functeimg,.1968; Yoshimura and
Jansen, 1996). However, a much more general and intuitive appiopohsible using the measure

introduced in the next section.

3.3.2 A quantitative measure of specialization in different environments

When each phenotype can survive in only one environment, bet-heidgimg only way to survive:
a lineage of any single phenotype is sure to go extinct. The optimal bet-lyenhgkture of such
phenotypes—regardless of fithess differences in different envieots—is to match the probabil-
ity of environments. For example, Cohen’s (1966) simplest model of sesdigation, in which a
germinating seed can only survive in good years, showed that the optamalrgtion fraction is
equal to the probability of a good year. The generality of this result is wlvk in information
theory (Kelly, 1956; Cover and Thomas, 1991), but has only morentlsclkeeen applied in a bio-
logical context (Bergstrom and Lachmann, 2004; Kussell and Leip0f)5). This case provides an
important reference point, and a good basis for our measure of spati@lizprecisely because it
is so well understood. We will show that our measure can then easily bedext¢o treat the more
general case, where phenotypes can survive in several envintsime

We define a phenotype that survives in only one environmenbagpletely specializeith that
environment. Furthermore, a bet-hedging genotype that produces aeniktcompletely special-
ized phenotypes is specialized in each environment according to that migtmsider a genotype
g that allocates a fractiogy of its offspring to a phenotype that is completely specialized in envi-
ronmentk. Then the fitness of that genotype in environmerst fyx = gkdy, whered is the fitness
of the completely specialized type in its environment. We say thatiéigeee of specializatioof
the genotype in environmelktis gk, because that is the proportion of its reproductive effort that
is invested in environmerit. Note that, according to the result cited above, the optimal genotype
should specialize in each environment according to its frequency.

The idea that a bet-hedging genotype divides its reproductive effarhg environments can be
extended to include phenotypes that survive in multiple environments. Toalle$tow, we return to

the example of amphibian metamorphosis. In the last section, we saw thattangldyet-hedging
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strategy must be a mixture of just two types: a slow-metamorphosing tadpal8 @atys) and a
fast-metamorphosing tadpole (at 34 days.) Such genotypes lie along atsir@gn the boundary
of the extended fitness set (Figure 3.3.) Notice, however, that this lineubsestion of a longer
line that extends all the way to both axes (Figure 3.4). This longer linesepit® all bet-hedging
strategies that combine two completely specialized types: the slow-metamoxplgsen which
has fitness 22 in wet years, and fitness 0 in dry years, and another type that hessf284 in dry
years, and fitness 0 in wet years. Since any particular tadpole wouldtthy ln a wet year than a
dry one, it is impossible to be completely specialized in dry years—the sed¢mrbiype cannot
actually be achieved. However, we can still ask, if it were achievablat wbuld be the optimal
mixture of these two completely specialized types? We know the answer must hedtee dry-
year specialists as often as there are dry years, and wet-year specaslsften as there are wet
years. If that point lies along the subsection of the line that can be peddoye combining slow
and fast metamorphosing tadpoles, then the optimal allocation of reproelatfwvt—matching the

environmental frequencies—can still be achieved.

We therefore define the degree of specialization of a bet-hedging genotyeach environ-
ment in terms of the mixture of completely specialized types to which it correspo@dnsider
a bet-hedging genotymewhich combines several phenotypes that are not completely specialized.
Suppose that each of those phenotypes has a fitness profile that cgprdmented as a different

mixture of just one set of completely specialized phenotypes:
fuk = Swdk. (3.3)

Any bet-hedging mixture of the original phenotypes is then also equividentnixture of that same

set of completely specialized phenotypes:

Z Oxfxx = Sgkdk, where (3.4)
X

Sk = ) xSk (3.5)

We define the degree of specialization of the bet-hedging genotype in térimis mixture, Syk.

Haccou and Iwasa (1995) note that, if each fitness can be written aslacpsgdy as in Equation
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Figure 3.4: An optimal bet-hedging strategy matches its level of specializateacimenvironment
to the frequency of that environment. In the left panel, we show howapeation levels for any bet-
hedging mixture of two phenotypes can be calculated. The line between tiphémotypes plotted
in fithess space is extrapolated to the axes. This defines a bet-hedgtagysttat combines two
perfectly specialized phenotypes. The best mixture of perfectly spexighizenotypes matches the
frequency of different environments. However, in the example shoismitpossible to be perfectly
specialized in dry years. Still, some of the same results can be achievethfyausixture of the
original phenotypes. In the right panel, we plot the best bet-hedging raixtumetamorphosis
at 48 days and at 34 days, as a function of the percentage of dry.y&ae slope of this line
reflects the sensitivity of the optimal strategy to changes in the environmentadljlities. The
right-hand axis indicates what mixture of the two types attains the optimal lesgleafialization,
while the left-hand axis indicates the average number of days to metamorpiesiso show the
best single-phenotype strategy, in days to metamorphosis. From 0-38¢éats, bet-hedging is
better than the best single-phenotype strategy. Above this, bet-hedgingtachieve the optimal
level of specialization, so the optimal strategy is to produce a single phenotyp
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3.3, then the optimal distribution of types is the one that achieves

Zgisxk = P (3.6)

wherepy is the probability distribution over environments. Our definition of specializatiagarms
of an equivalent mixture of completely specialized phenotypes is theneéotieularly convenient,
because it means the right amount of specialization in any environggents simply the probabil-

ity of that environment.

It remains to be shown when and how the appropriate decomposition of thesfitas in Equa-
tion 3.3, can be accomplished. When there are just two or three diffeiretg kf environments,
this is easy to visualize using Levins’s fithess sets, as illustrated in Figuré/d.dse the region of
strong trade-offs to identify the phenotypes that could be used in an ogigtdledging strategy.
The number of phenotypes in that set is limited by the number of distinct emvaots, and will
equal the number of environments as long as there are strong fitnessfiimdetween all environ-
ments. In that case, the specialization levels of the individual phenogypase uniquely defined,

and can be found according to the method described in Appendix B.

Looking at genotypes in terms of their specialization in different environisaovides the tools
we need to answer the questions posed at the end of the last sectionisvde¢edging adaptive,
and if it is adaptive, how much is optimal? As shown in Figure 3.4 (left panéd)dpole that meta-
morphoses at 48 days is completely specialized in wet years, while a tadable@étamorphoses
at 32 days is only 38% specialized in dry years. Therefore, if drysyeacur more than 38% of
the time, a bet-hedging strategy using only these two types could not belggecenough in dry
years. If dry years occur less often than this, then the optimal strategg isothbination of the
two phenotypes that matches the degree of specialization in dry years tobabiiity of dry years
(Figure 3.4, right panel). As dry years increase in probability from 0%8%, the optimal mix-
ture of types changes from all metamorphosing at 48 days, to all metamorglad84 days. That
means that a fairly small increase in the percentage of dry years comndssip a larger increase in

the fast-metamorphosing type.

In general, bet-hedging with phenotypes that are not completely spedializaay environment

can produce only a limited subset of possible specialization levels, defindtelspecialization
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levels of the phenotypes. When environmental probabilities lie outside tlys rarsingle, generalist
phenotype will be optimal. Within this range, on the other hand, the optimal anobphenotypic
variation changes linearly, taking on all possible values, as environn@otzdbilities change (see
Equation 3.6). The slope of this linear relationship, reflecting the sensiti¥itgeooptimal bet-
hedging mixture to the environmental probabilities, depends only on the silie #gion of strong
trade-offs. The general form of the relationship between the amowdaydtive diversification and

the amount of environmental uncertainty that drives it is therefore quitdeiama intuitive.

An additional advantage of describing genotypes in terms of their spetiafiza different
environments is that it allows for a simple description of the strength of seldcti@nbet-hedging
genotype, when it is optimal. We examine the difference between the optinvelihgrate, which

uses the bet-hedging genotyge and the current long-term growth rate under the bet-hedging

genotypeg:

*fx
r(g) -~ 1(g) = 3 pelog ZOCH (3.7)

Rewriting the fitnesses as in Equation 3.3, and substituting in Equations 3.46medind

rg’)—r(g) = Z kaOQSZT( (3.8)

which is the Kullback-Leibler divergence between the environmentalgtnitites px and the geno-
typic specialization levesy—the environmental probabilities for which the current genotgpe
would be optimally adapted (compare Haccou and Ilwasa, 1995; Kussdleler, 2005). In this
sense, the amount of environmental uncertainty indicates how much ofesagishan optimally
adapted genotype should be; the farther away a genotype is from thistigeatronger the selec-
tion to improve. Furthermore, selection for moving from the best singlegikipa strategy to any
bet-hedging strategy cannot exceed the Kullback-Leibler diverdegteeeen the specialization lev-
els of the component phenotypes. If there are strong trade-offs oalgnmall portion of the fithess
set, there will be only a narrow range of environmental uncertainty in wiétthedging is optimal.
Furthermore, selection for adopting a bet-hedging strategy will be stréingted, because the best

phenotypic generalist will do almost as well as the optimal bet-hedging gasmoty
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3.3.3 The effect of individual-level risk

Until now, we have addressed only the selective effects of populati@hlisk, because this is the
only kind that can lead to adaptive phenotypic diversification. Now we lask does individual-
level risk affect the strength of selection for bet-hedging that may be ietpbg population-level
risk? The method of dividing the variance in average genotypic fithesgenerations into the vari-
ance in individual fitness and the correlation in fithess between individn&igduced by Frank and
Slatkin (1990), provides some insight into this question. They represeneasing individual-level
uncertainty by decreasing correlations in fithess between individuals shilne genotype. This de-
creases the variance in average genotypic fitness, effectivelyadawgehe amount of population-
level uncertainty. We may therefore expect that adding individual-lggkl to our model will

dampen the effects of population-level risk.

Our example of amphibian metamorphosis contains environmental risk at tveceditflevels:
at the population level, because dry years cause the ponds to dryligp earaverage, and at the
individual level, because within each year the time to drying of individualdgovaries according
to a normal distribution. In Levins’s original formulation such combinationgsif at two different
levels were represented by adjusting the adaptive function (Leving)18%6wever, we have in-
stead included the individual-level risk in the fitness set: each phenotypprissented by a vector
consisting of its average fithess in each environment. This is possibledeeagven the type of
year, the ponds dry up independently of one another. Thereforeati@nce over different years
of the average genotypic fitness (a sample mean) will be negligible for langelggions. In the
example, individual-level uncertainty in the time to drying makes specialized tyjpee generalist,
by decreasing average fitness in the most favored circumstances egasing it in the least favored
ones. In the process, it reduces the size of the region of strongdfijgutting stricter and stricter
limits on the amount of population-level uncertainty necessary to inducdiagl@henotypic varia-
tion. When we increase the variation within years enough that there is sagmitigerlap in drying
time between wet and dry years, the region of strong trade-offs diaegpppempletely—making

phenotypic variation non-adaptive (Figure 3.5.)

Our approach has the advantage of singling out population-leveltaimtgras the driving force

in the evolution of adaptive variation: it sets a target for the amount ofigpeation in different
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Figure 3.5: Individual-level uncertainty reduces selection for phemotjiversification by changing
the shape of the fitness set. The left panel shows fitness as a funcpbemdtype; the right panel
shows the resulting fithess set and extended fitness set. Compared tmatheteas used in Figures
3.2 and 3.3, the only difference here is a larger standard deviation in timgitgdin both kinds of
years. This reduces the risk associated with being caught in the wrotgkyear, creating only a
weak trade-off between specializing in wet and dry years over the eatige. In this situation, no
matter the level of population-level risk, an individual-level generalist alllays be favored.
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environments. Individual-level uncertainty may then alter the circumstammer which diversifi-
cation is favored, by changing the shape of the fitness set. Individuglldavironmental risk could
affect the fitness profile of different phenotypes in many ways. Its itnggeends on how it affects
the average performance of different types. In our example, withém-yariation in time to drying
of different ponds makes the average fitness of similar types more similasli@tpes in the left
panel of Figure 3.5 are less steep than in the corresponding panel ire Bigl) This effectively
reduces the size of the region of strong trade-offs, making intermedias bgiter generalists, and
making bet-hedging less important. On the other hand, if individual-levehasticity affected only
the variance in fithess of individual types, not the average fitnessiidwmt change the fitness set
at all. Still, to the extent that individual-level uncertainty does make pheestymore generalist,
it will make bet-hedging both less likely to be adaptive, and less stronglytedléar (see Section
3.3.2).

3.3.4 The effect of developmental plasticity costs

Our representation of the growth rate of a lineage stemming from a bet-lgedgimotype (see
Equation 3.2) implicitly assumes that there is no cost to plasticity. This assumption gstamp
for our results, because it means that the fitness profile of a bet-hegigmagype is a simple linear
combination of the fithess profiles of the phenotypes it produces. Howswme kinds of cost
can still be represented within our framework. If there is a fixed cost tagba&ble to produce
more than one phenotype, regardless of the proportions actually gadtie overall shape of
the extended fitness set will not change. Consider a cost of plasticitystipabportional to an
individual's realized fithess. This simply scales the extended fithess setny factor (Figure 3.6,
left panel.§ The boundary of the extended fitness set will still be linear wherevee #rer strong
trade-offs, and will still correspond to the same mixed strategies. Whagelsas the comparison
between the best pure strategies and the best mixed strategies. Mixegiedrate optimal over
a smaller range of environmental uncertainties, and the range of optimal esxti@écreases as
well. The linear relationship between the environmental frequencies anaptheal mixture of

phenotypes still holds (Figure 3.6, right panel.)

SHowever, the original fitness set does not change.
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Figure 3.6: A fixed cost to plasticity reduces the range of environmentartainty in which bet-
hedging is optimal. As in Figure 3.4, we use the extended fitness set to calthdategree of
specialization in dry years for a range of bet-hedging strategies. Bec¢he cost is proportional to
fitness, the shape of the extended fitness set does not change; it Ig scated down. The phe-
notypes that are used to make all optimal bet-hedging mixtures are again mgtasisrat 34 and
48 days, and the specialization levels of each do not change. This meaatisetiest bet-hedging

strategy for any particular percentage of dry years, shown at ritgotd@es not change. Likewise,
the best single-phenotype strategy remains the same. What does dimmgegr, is the comparison
between single-phenotype strategies and bet-hedging strategies.stbélmet-hedging means that

the range of environmental uncertainty in which the best bet-hedginggstratgperforms the best
single phenotype gets smaller: 0-25% dry years instead of 0-38%. Tinésponds to mixtures
where less than 66% of tadpoles metamorphose at 34 days. Mixtures dhisidange are not

worth the cost of plasticity.
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Another possibility is that the cost of plasticity could depend on the amourteriqtypic di-
versity it generates. For example, a plastic developmental pathway mightadndld the less
commonly produced phenotype with less accuracy, and thus lower avétagss. Then a bet-
hedging strategy that almost always produces just one phenotype iwoutdrery little fitness cost,
while one that produces two phenotypes in equal proportions would &lsigher cost. In this case
the boundary of the extended fitness set will no longer be linear. Tiphiged method of finding the
point on the boundary which maximizes the adaptive function can still be lik®gever, the most
important feature of our framework—the direct relationship between @mviental probabilities
and phenotypic diversity—is lost.

What does this mean for the applicability of our framework in natural systemis? answer
depends on how common costs to plasticity are, and how those costs ard telthe amount
of phenotypic diversity that is created. To our knowledge, no one Bagmpirically measured
cost in a system where stochastic developmental plasticity has been deatezhsiiost empirical
studies of the costs of plasticity have focused instead on adaptive plastimyponse to predictive
cues (see DeWitt et al., 1998, for a review). Much of the cost of plasticity)ese cases may
be related to the ability to detect and respond appropriately to predictige Gueh costs do not
apply to stochastic developmental plasticity. However, it may still be more diffmuan organism
to produce, along alternative developmental pathways, the same phendigd developmentally
canalized organisms could produce. This difficulty may be due to limits on thge rahplastic
development or increased developmental instability. Empirical tests for kirede of limitations
to plasticity so far show no support for any association between inatgdasticity and decreased
phenotypic range or precision (e.g. DeWitt, 1998; van Kleunen et alQ;2R8lyea, 2002). This
suggests that the costs to stochastic developmental plasticity may be fairly linnitea&related to

the amount of stochasticity. These are precisely the conditions in which alelnsanost useful.

3.4 Generality of the model

A more formal analysis of the effects of stochastic environments on natieaition would include
explicit models of population dynamics. Our assumption that the genotype wittighest average

log fitness is most likely to fix in the population depends on a number of key sinapidfics in the
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model. We consider each of these simplifications in turn.

First of all, we have made the assumption that the long-term growth rate ofegéns a good
predictor for the outcome of a competition between two genotypes. This idycteas if both
lineages are growing exponentially and completely independent of onleesinibut such a scenario
is not biologically plausible. In most cases there will be some kind of densipgdent regulation
of growth. We would like to know which strategy is likely to outcompete all othigrdéhe long
term. This depends on the way that the relative proportions of diffeteategies in the population
change over time. Consider some form of density-dependent populatiafation that is equally
likely to affect all individuals, regardless of strategy or phenotypeis Would maintain realistic
population sizes, but would not affect the relative proportions of diffestrategies. Therefore, the
strategy with the highest long-term growth rate would still be most likely to outedenie others
(McNamara, 1995; Grafen, 1999).

On the other hand, some kinds of density-dependent population reguataifect the propor-
tions of different types of strategies. For example, individuals mightigfisein the use of different
limiting resources, whose availability varies from generation to generatioen &n individual’s re-
productive fitness will depend not only on its own phenotype, the enviemt, and the population
size, but also on the frequency of other phenotypes in the populatiois isTh classic case of
frequency-dependent selection, whose outcome cannot generaltgdieted by principles of opti-
mization? The concept of an evolutionarily stable strategy—a genotype that, onu®an, resists
invasion from potential mutant types—can then be a useful tool for idémgifgdaptive strategies
(Maynard Smith, 1982). In the context of fluctuating environments, the albiligy mutant geno-
type to successfully invade a resident is predicted by the long-term grewetof the mutant in a
population of the resident (Metz et al., 1992; Yoshimura and Janse®6).1@ur framework can
still be used to predict what would be the best bet-hedging strategy,fartizular distribution of
phenotypes in the resident population. If this optimal strategy also predheegiven distribution
of phenotypes, then it is at least an equilibrium strategy, although it retdukerstable.

The second important assumption is our use of the log fitness, averagiedifferent environ-

mental states, as a proxy for the long-term growth rate of a lineage (sedi&n3.1). Whether this

4In fact, fitness depends not just on frequencies, but also on totsitigsn Only in the classical case of “soft selection”,
as considered by Levene (1953), is the fitness independent of densitie
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is a good approximation depends crucially on how the environment varissvenal scales: within

individuals, between individuals in the same generation, and betweeragjens.

Our assumption that individuals live and reproduce in only one geneyammhthat each gen-
eration is characterized by a single environmental state, ignores the ifityssibenvironmental
variation within an individual’s lifetime. In general, the effect of such withidividual variation is
to reduce the impact of between-generation variation, because indilifdtime reproductive suc-
cess becomes less variable (Frank and Slatkin, 1990; Sasaki and E#88). In fact, organisms
may in some cases evolve to survive and reproduce over multiple seasamssponse to an envi-
ronment that fluctuates from generation to generation. Evolution of sliighhastory strategy may
therefore sometimes be seen as a kind of “risk spreading” in its own riginoihv, 1968; Goodman,
1984).

Variation between individuals in the same generation need not affect thedom growth rate,
as long as the average fitness of each phenotype within each envirohstatdadoes not vary
much. This will be true as long as the number of individuals of each pheadgyfairly large, and
the reproductive success of different individuals is independenditonal on the environmental
state (Frank and Slatkin, 1990). We have included individual-level tiamiaf exactly this sort in
our example (see Section 3.3.3).

In this study, we have focused on the evolutionary impact of environmeaigition between
generations. We have made the important simplification that the environmenthiicos in each
generation do not depend on previous environmental history. In aggscthe asymptotic growth
rate of a lineage simplifies to its average log fitness over generations. Eqwlae simplification
continues to hold even in more complicated scenarios: as long as the popidatiestructured,
and the environmental states constitute an ergodic process, the asympioiib gate is the log
fitness of the lineage, averaged over the stationary distribution of envenotal states (Tuljapurkar,
1990).

3.5 Discussion

Variable life history strategies have been studied as a potential adaptatiactteafing environ-

ments in a wide variety of biological systems. The best-known example is detgrenination
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in desert annual plants. This was the inspiration for Cohen’s (1966klnhadd has spawned a
series of follow-ups (e.g. Philippi, 1993; Clauss and Venable, 2008n&et al., 2007; Venable,
2007). A similar phenomenon—an overwinter diapause—is observed in msegts and crus-
taceans (Saiah and Perrin, 1990; Bradford and Roff, 1997; Btanfbd99; Hopper, 1999; Menu
et al., 2000; Philippi et al., 2001). A highly variable time to metamorphosis, ssritbed in our
example, has been observed in some anurans breeding in temporargijaoelsnd Mahony, 2002;
Morey and Reznick, 2004). In fish and amphibians, the trade-off lestwgg size and egg number
may make variation in egg size an adaptation to environmental uncertainty €€agi®79; Crump,
1981; Kaplan and Cooper, 1984; Koops et al., 2003). For organisaiswitch between sexual
and asexual modes of reproduction, like aphids and some plants, the timthgtafwitch may
vary in response to uncertainty (Berg and Redbo-Torstensson; Had&tt et al., 2004). Bacteria
are rapidly becoming an important model system for the study of adaptivg@aetic phenotypic
diversity, in part because the regulatory mechanisms underlying theopeteity are particularly
amenable to study (reviewed in Avery, 2006; Smits et al., 2006). For exampbtherichia coli
periodically exposed to antibiotics switch stochastically between a fast-gy@mitibiotic-sensitive
type and a slow-growing, antibiotic-resistant type; the rate of switchingwvéetween strains and
may be adapted for different frequencies of antibiotics exposures@{lusnd Leibler, 2005). Fi-
nally, in a few systems it is argued that a single, low-risk life history strategybistter adaptation
to fluctuating environments than phenotypic diversity would be (Boyce @&ndnB, 1987; Einum
and Fleming, 2004; Hassall et al., 2006; Simons and Johnston, 2008).isT$éometimes called
conservative bet-hedging, in contrast to diversified bet-hedginighatses a variety of phenotypes

(Seger and Brockmann, 1987; Philippi and Seger, 1989).

Empirical studies of life history evolution in response to environmental t@icgy use theory to
make testable predictions in a number of ways. One approach is to showelwddstbrved strategy
maximizes the geometric mean fitness instead of the arithmetic mean fithess (Bdyerans,
1987; Philippi et al., 2001). The difficulty with such quantitative predictimnthat they are often
quite sensitive to errors in observed parameters of the model, such eegherfcy of different kinds

of environments. Instead, most studies test qualitative predictions. Bone, if it can be shown
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that a mixture of phenotypeperforms better in the long term than any single phenotype, observed
variation could be an adaptation to uncertainty (Saiah and Perrin, 1991 bteal., 2000; Evans
etal., 2007). Stronger evidence is gained by comparing several piopglar species with different
amounts of uncertainty about the environment. If the amount of phenotiygisdy observed varies
with the environmental risk as predicted by theory, that diversity is likely tadsptive (Philippi,
1993; Clauss and Venable, 2000; Koops et al., 2003; Halkett et a4, #@dable, 2007).

The framework presented here can be used to make quantitative presiaitiont what pheno-
type or mixture of phenotypes would be best adapted to a particular sehditions. In order to
use it, a realistic, data-driven model of how different phenotypesifad#ferent environments is
needed, and an accurate assessment of the frequency of diterdstof environments over the
long term must be made. Then the procedure illustrated with the example ahftagnorphosis
can be followed to predict the optimal response. While similar quantitativegbiets could also be
made without our framework—via numerical optimization or computer simulation-gxaphical
method of analysis provides a clearer picture of why bet-hedging may onaoidye favored in any
particular system. If bet-hedging is not adaptive, it could be becausedimn of strong trade-offs
is so small that bet-hedging would almost never be adaptive. On the otiérihanight be because
the environmental frequencies just happen to lie outside the appropmiate. rAnother reason for
preferring our approach is that it gives a comprehensive picturewfdensitive the optimal strat-
egy is to measurement errors in various parameters of the model. For examplechanges in the
fitness functions can change strong trade-offs into weak tradeeaffagare Figures 3.3 and 3.5),

going from a situation in which bet-hedging is often favored to a situationevihés never favored.

Our framework generates several novel qualitative predictions tiid be tested using a com-
parative approach. The first is that the range of environmental taiegrin which bet-hedging is
adaptive is limited by the size of the region of strong trade-offs (see FRydreOther models have
indicated that bet-hedging is only adaptive when the variance in whictopypis optimal exceeds
a certain threshold value (Slatkin and Lande, 1976; Bull, 1987), stiggeghat a minimal amount
of environmental variance is necessary. Haccou and Iwasa (1885}mat this minimal variance

threshold depends on how generalist the phenotypes are, and caictdateveral specific func-

5some particular mixture
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tions describing the relationship between phenotype, environment andfit@es result is more
general, because it is independent of the particular form of the fitnestidn. It is also more ex-
plicit, because it describes the environmental probability distributions theesselther than simply
the variance of those distributions. The second prediction is that the cdmmentially optimal

bet-hedging strategies is affected by the cost of plasticity. As long asithececost to plasticity,
any given mixture of the right phenotypes can be optimal, for some partiaoaunt of environ-

mental uncertainty (see Figure 3.4, right panel.) On the other hand, ifithareost to plasticity,
some mixtures of the right phenotypes will never be optimal under any Iéweslvironmental un-

certainty (see Figure 3.6, right panel.) Finally, we show that there is a lie&ionship between
the environmental frequencies and the optimal bet-hedging mixture of pherso How sensitive
the optimal mixture is to changes in environmental frequencies dependsiohipdhe the range
of potentially optimal bet-hedging strategies is, relative to the range of emagntal frequencies
in which bet-hedging is optimal. That means that if the region of strong trédésosmall—say,

making bet-hedging optimal only in the range from 50-52% dry years—a\aty change in the
environmental probabilities can have a big effect on the optimal mixture afgipes.

The idea that random phenotypic variation can lessen the negative impanvimnmental
stochasticity is often explained in terms of investment in the stock market. In ardiéd stock
portfolio, high-risk, high-return stocks are combined with low-risk, I@tdrn stocks in a way that
maximizes the expected rate of return. Similarly, bet-hedging genotypespofidnce a combina-
tion of two life history strategies, one with high expected fitness, but high aisét another with
lower expected fitness and lower risk. Our framework builds upon thimgnaWhat we call a
completely specialized phenotype is completely invested in one particular emérd; in all other
environments that individual is counted as a total loss. Any phenotype that msompletely spe-
cialized, however, is effectively invested in several different emvitents at once. Its proportional
investment in different environments is defined by comparing the relativas§itaf different types.
Bet-hedging is a way of fine-tuning the total investment in different enwemts, by producing
a variety of offspring whose average specialization level matches thalpilibies of the different
kinds of environments.

Two important factors in the evolution of specialists and generalists areotefutfure explo-

ration. One is the effect of competition for resources, which can prometewblution of within-
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species polymorphism in resource use (see Skilason and Smith, 1085efoew). Examples of
this are widespread in birds, amphibians, and fish and may arise throngtiogdivergence (e.g.
Smith, 1993) or condition-dependent plasticity (e.g. Frankino and Pfe2@@il). This mechanism
for the generation of adaptive variation is driven by frequency-deéest selection, and can act
independently of the kind of population-level environmental uncertainthawe considered here.
As discussed in Section 3.4, our model cannot capture the full picture tieee is frequency-
dependent selectidhHowever, recent work has extended the use of the fitness set intarsen
including frequency dependence (Rueffler et al., 2004; de Mazahand Dieckmann, 2004). Such
an approach might be a useful extension for our model. Another excitiagtidn will be to con-
sider predictive cues that can be used to direct phenotypic plasticityexXamnple, some tadpoles
react to decreasing water levels in their pond by accelerating develobemter et al., 1998). If
the cues do not predict the environment perfectly, however, someoanvémtal uncertainty may
remain—making a combination of bet-hedging and plasticity a potentially usefitkgir (DeWitt
and Langerhans, 2004). As demonstrated in Chapter 4, our frameaarkasily and naturally
be extended to explore the relationship between the amount of informatiopagudiation-level

uncertainty in a cue, and the optimal balance between predictive and siogslasticity.

Appendices

A A model of frog metamorphosis

Here we specify a simple model of frog metamorphosis. A tadpole is capalbhetaimorphosis
after a minimum number days, After this point, it grows linearly with slopk. This determines
the size of the frog at metamorphosigx) = k(x—t). However, the longer it spends as a tadpole,
the more likely it is that the pond will dry up before it manages to metamorphoseiet years,
the time of drying for individual ponds is independent and distributed niynéth meanp,y and
standard deviatiow,,. In dry years, the time of drying for individual ponds is independent an
distributed normally, with meapy and standard deviatiasy. The probability that a pond does not

dry up by timex in dry years is one minus the cumulative distribution function for the apprepria

6or a combination of frequency- and density-dependent selection
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normal distribution:

S(x)=1— % (erf(fégj) + 1) , (A-1)

dt. A similar expression holds fa,(x). The expected fithess for a tadpole

where erfx) = %{fé‘e
metamorphosing after days isfq(x) = k(x—t)sy(X) in a dry year, orfy(X) = k(x—t)sy(X) in a
wet year. For Figures 3.2, 3.3, and 3.4, we use parameter \atué8,k =1/12,uy = 36,04 = 3,
w = 56, ando,, = 6. For Figure 3.5 we increase the standard deviatioag te 6 ando,, = 12.

In Section 3.3.4, we add a cost of plasticity to the model. Compared to the sametype
produced without plasticity, a plastically produced phenotype expesem@eoportional decrease
in fitness: f§(x) = (1—cq) fa(x) and f,(x) = (1— cw) fw(X). In Figure 3.6, we usey = ¢y = 0.05.
Because the cost is proportional to fitness, the extended fithessateiddoy all linear combinations
of f(’j andf;, instead offy and f,,, shrinks but does not change shape. In addition, the extrapolation
line used to calculate specialization levels is stretched without changing therpoms. This prop-
erty of a fitness-proportional cost function makes it easier to compamesiéts with and without
cost. However, any other kind of cost function could be used, as Isfiilgsaconstant with respect

to the frequency of phenotypes that are produced.

B Calculating specialization levels

Given a set of phenotypes (as defined by the region of strong tffsjes@e Section 3.3.1) we would
like to write the fitnesses of any mixture in each environment as a mixture of ctatyspecialized
phenotypes, having non-zero fitness in only one environment. Thisspnds to writing the fitness
fxk of phenotypex in environmenk as a linear combination of valuég, each of which represents
the fitness of a phenotype completely specialized in environkdgach coefficient in these linear
combinationss, is the specialization level of phenotypén environmenk.” The problem can be
formulated as a matrix equation:

F=SD, (A-2)

"The specialization level of a phenotypim some environmerkcan be thought of as the proportion of the phenotype’s
reproductive effort that is invested in environmént
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whereSis a stochastic matrix with rows summing to 1, @k a diagonal matriX.
We assume thdE is a square matrix, that is, there are as many phenotypes as environments.
This will be true as long as there are strong fitness trade-offs betweerakpng in all possible

environments. In this case (barring singularities) detmdD are invertible, so
Dl=F1s (A-3)
Multiplying on the right by a column vector of ones, we get the row sums
row sun{D~%) = row sun(F~?) (A-4)

because a stochastic matrix has all row sums equal to 1. This defines tbaaliatatrixD com-

pletely, allowing the calculation of the specialization in each environment as
S=FD L. (A-5)

This method will yield positive specialization levels as long as the diagonal niatiwas only
positive entries. That is, returning to the graphical viewpoint illustratedvi@ dimensions in
Figure 3.4, the hyperplane passing through all phenotypes plotted insfispese must intersect
each axis at a positive point. This will be true as long as there is a tradieen fitness in all

different environments, as we have assumed.

8Here, the specialization matriand the environmental productivity matiixare the matrices we would like to find,
given the fitness matrik.
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Chapter 4

DEVELOPMENTAL PLASTICITY AND ENVIRONMENTAL INFORMATION:
HOW THE VALUE OF INFORMATION DEPENDS ON ITS STRUCTURE

4.1 Introduction

Organisms living in variable environments face a problem of prediction bEkter they can predict
and respond to fitness-relevant changes in the environment, the bettéiatiee they will have to
survive and reproduce. Developmental polyphenism, which creates laudigcrete phenotypes
from the same genotype, is an important adaptation in this context (Levif8; Bdearns, 1989;
Moran, 1992). Non-genetic variation in phenotypes is commonly modelaegmssng from a her-
itable developmental program—a branching network of developmentaltvags; with switches
that determine which branch will be followed. These switches may be redutataditionally on
external cues received during development, or they may be regulatddstically, for example via

internally generated developmental noise (West-Eberhard, 2003).

How does selection in a variable environment influence the balance bestarastically and
conditionally generated phenotypic diversity? If the information available endévelopmental
environment is sufficient to reliably predict the optimal adult phenotypgarisms may benefit
from harnessing that information to deterministically guide the developmenjattivey (Cohen,
1967; Via and Lande, 1985; Lively, 1986a; Moran, 1992). This lohd@onditional regulation is

often called adaptive developmental plasticity.

However, if there is no predictive information in the developmental enviranpegen randomly
generated phenotypic variation can be adaptive (Cohen, 1966)ofgperdiversity within a genetic
lineage helps to mitigate the drastic effects of events like drought or a latg $fréze, which could
otherwise wipe out the entire lineage at once. Stochastic regulation agptatiah to population-
level risk is known as bet-hedging or “adaptive coin-flipping” (Coogad Kaplan, 1982; Seger and
Brockmann, 1987). While modeling efforts have often focused on thdsenge cases, in the real

world there will often be some information in the developmental environmentdiugénough for
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perfect prediction. These conditions can select for a combination dfastic and conditional regu-
lation, yielding phenotypes that are only partially determined by their develojainenvironments
(DeWitt and Langerhans, 2004).

In this paper, we explore the adaptive significance of developmentsliategive partial infor-
mation about an environment that changes from one generation to thdmeatticular, we focus
on the way that error in the cue is distributed between individuals: is theiareocue common to
all individuals observing the cue, or are the errors in cues indepeffrdem one individual to the
next? For example, tadpoles living in ephemeral ponds seem to be ableeteratetheir develop-
ment as the water in the pond dries up (Newman, 1992). However, it is dtilown whether the
tadpoles react directly to changes in the water depth, or to other correlagsdike the temperature
of the water or concentration of compounds (Denver et al., 1998).eldiffsrent types of cues may
differ, both in how well they predict whether the pond will dry up, and imnvtreliably individuals
can observe them. Previous theoretical work has shown that the adeglixe of a developmental
cue—when any error in the cue affects the entire population—depertde amount of information
it contains (Bergstrom and Lachmann, 2004). How does the distributierraf between individu-
als, in combination with the amount of error, affect the developmental nsgpio different kinds of

cues?

4.2 A model of developmental plasticity in response to unreliable cues

Consider a population of individuals in a fluctuating environment. In eaoermgion, the state of
the environmene is drawn from a distribution Pe) over a discrete set of possible environments.
We consider population-level risk, in which the environmental state aféeets individual in the
population according to its phenotygevia the fitness functiorf (x,e). In this model, we focus
particularly on discrete phenotypes, as would be produced by devetdgipelyphenism. If there

is no frequency-dependent selection, a good predictor of a germtypecess in the long term
is the geometric mean fitness (Dempster, 1955; Cohen, 1966), or altetyatsvexpected long-
term growth rate (the log of the geometric mean.) This depends not just ondhega fitness of
individuals of that genotype, but also how their fithess varies within atwidsn generations (Frank
and Slatkin, 1990).
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Fitness variation between individuals is a result of both variation in the sedemivironment,
and variation in phenotype. In our model, the environment varies at theaiam level, so it can
only contribute to variation in fithess between generations. Phenotypicsityyen the other hand,
can contribute to variation in fitness both within and between generationsphidretypic diver-
sity generated by a particular genotype depends on the developmenegd\siteencodes. If that
strategy depends on developmental cues, the structure of variation éendhes also contributes to
phenotypic variation. Below, | describe how the developmental strategjyhanerror in the devel-
opmental cue combine to create phenotypic diversity within and betweenragiens, and how this
phenotypic diversity then affects the long-term growth rate achieveddaytacular developmental

strategy.

4.2.1 Types of developmental strategies

An individual's phenotype is determined according to its developmental gyrakeach individual
receives a developmental caeand in response develops a single phenotypA developmental
strategy is represented as a row stochastic m@riwhere each entrgex = g(x|c) represents the
probability of developing into the phenotype conditional on receiving a developmental aue

Several special cases deserve particular notice:

a) A pure strategyalways produces a single phenotype, regardless of the developraawital

ronment, e.gg(x;) = 1.

b) A conditional strategyproduces different phenotypes in response to different develdpainen

cues, e.gg(xi|c1) = 1 andg(xz|c2) = 1.

c) A stochastic strategyandomly produces one of several phenotypes, in certain propqrtions
regardless of developmental environment. This corresponds to thevbaseall rows of the

matrix G are equal. We will represent this kind of strategy by a stochastic végtaith

entriesgy = g(x).

d) A conditional stochastic strategyan produce any of the possible phenotypés response

to any of the developmental cues-only the proportions of the phenotypes vary. This is the
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Table 4.1: Summary of mathematical notation.

Matrix or vector | Entries Description
environment
P | pe=Pr(e) Probability of each environment
Q | Qge=Pr(e,q) Joint probability of each environment and
population-level cue
o) e = Pr(elq) Conditional probability of each environment,
given the population-level cue
C | cqc=Pr(c|q) Conditional probability of each developmental
cue, given the population-level cue
fithess
F | fxe= f(x,e) = s(e|x)d(e) | Fitness of each phenotype in each environment
S | se=s(€lx) Proportion of reproductive effort invested by a
phenotype in each environment
D | dee=d(€),deg =0 Productivity of each environment, or the fithess

that would be achieved by a phenotype that in-
vested all of its reproductive effort in that envi-
ronment

developmental strateg

y

d

G

Ox = 9(x)

Ocx = g(x|c)

Probability of each phenotype, as produced by a
stochastic strategy

Conditional probability of each phenotype given
the developmental cue, as produced by a condi-
tionally stochastic strategy
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most general type of strategy, where all entries of the m&rare free to vary.

A stochastic strategy (or a conditional stochastic strategy) will be callgdstochastidf all en-
tries of the matrixG are non-zero—meaning, it is always possible to develop into any one of the
phenotypes, no matter the developmental cue. If some entries are zestrathgy is only partially
stochastic; in Figure 4.1, these are strategies that always produchematype in response to one
cue, but produce a mixture of phenotypes in response to the other.

The measures of information theory provide a way to quantify uncertainsytheaentropy of
a random variable—and information—as a reduction in entropy (CoveiTanchas, 1991). The
phenotypic diversity that is created by a developmental strategy can ¢hgisamtified in terms of

the uncertainty about which phenotype will be produced:

total
phenotypic H(X) = - g(x)logg(x). (4.1)
diversity X
Two sources of variation are used to generate this phenotypic divetdéttw much variation in
phenotype is explained by variation in developmental cues? This is raepedsiey the Shannon

information between the cue and the phenotype:

phenotypic ZPV Z g(x|c)log o) (4.2)
diversity

How much variation in phenotype is explained by stochastic variation duringl@@awent? This

can be represented by the conditional entropy of the phenotype, thigatevelopmental cue:

stochastic

phenotypic H(X|C) = Z Pr(c) > g(x|c)logg(x[c),  (4.3)

diversity X
which is simply how much uncertainty remains about the phenotype, once ¢hie known. The
sum of these two quantities, the conditional variation and the stochastic vayiatemual to the total
phenotypic variationi (X;C) +H (X|C) = H(X). The different types of developmental strategies,
and the balance of stochastic and conditional regulation in each, are tiasina=igure 4.1 for the

simplest case of two cues and two phenotypes.
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Figure 4.1: Types of developmental strategies. In the simplest case atiedrest two cues;; and

C2, and two phenotypes; andx,. Each strategy is defined by a pair of conditional probabilities,
g(x1|c1) andg(xz|c2). There are just four different kinds of strategies: (1) a pure styatelich
always produces the same phenotype; (2) a conditional strategy, piuidhces a different pheno-
type for each cue; (3) a fully stochastic strategy, which produces a raigfyshenotypes for both
cues; and (4) a partially stochastic strategy, which produces a mixtudeeobpypes for one cue,
and produces just one phenotype for the other. At left, all possiblelg@wental strategies are
classified into one of these four types. At right, these strategies arefutthracterized according
to the total amount of phenotypic diversity they produce and how thaidgityés regulated. At top,
the amount of diversity produced as a result of stochastic regulatioprissented according to the
conditional uncertainty in the phenotype given the ¢di€X|C). In the middle, how much diversity

is produced by conditioning on the cue is represented according to thieniifon in the cue about
the phenotypel (C; X). At bottom, the total amount of phenotypic diversity as produced by both
mechanisms is represented according to the uncertainty about the preehdt). In all cases,
higher phenotypic diversity is indicated by more intense colors, while zeeysity is specially
indicated in black.
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4.2.2 Types of error in a developmental cue

Stochastic regulation of development creates phenotypic diversity withenargtion. However,
conditional regulation of development can produce phenotypic variattim\within and between
generations, depending on the way that the developmental cue itself. veloesis the develop-
mental cue received by one individual related to the cue received bysotinthe same generation?
If there is any information in the cue about the environmental state—whiclssunse is common
to everyone—there must be some correlation between individual cues.nteh more correla-
tion is there between individual cues, beyond what is created by commomiatfion about the

environment?

At one extreme, if every individual in the same generation receives the sievelopmental
cue, any error in the cue affects the entire population at once. This kKindeocreates error at
the population level, like the environmental uncertainty itself, and can thus tiré evolution of
conditional bet-hedging. The optimal developmental strategy bet-hedgesponse to each cue,
according to how much uncertainty is left about the state of the environi@ehef, 1967; Haccou
and Iwasa, 1995). At the other extreme, if each individual receiv@geandependently given the
state of the environment, all of the correlation between developmental cuessslt of information
about the environment. The error in such cues is purely at the individuel, and limits the

individual’s ability to match its phenotype to the selective environment.

Most developmental cues probably lie somewhere between the two extrbimiegrror being
neither completely at the individual level nor completely at the population Id&dathematically,
we can describe the situation quite generally by specifying a joint distributiothe develop-
mental cues of all individuals within a generation, conditional on the stateeo&tivironment:
Pr(cy, o, ...,Cnle). Itis often possible, however, to think of a developmental cue in the foligwin
terms. All individuals attempt to observe some aspect of the global envimngqevhich is corre-
lated with the environmereg However, each individualmakes some error in observation, leading
to the individual cues;. These individual cues are independent and identically distributedn giv
the population-level cug. That means we can rewrite the joint probability distribution as follows:

Pr(cy,Cz, ...,Cnl€) = Yo Pr(gle) [i Pr(ci|a) (see Appendix A for details.)

The power of this approach is that it allows us to identify how much of the pgipitovariation
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generated by a conditionally stochastic strategy occurs between gengraftte phenotypic vari-
ation produced within any generation depends on the distribution of cueatigeheration, which
is defined by the population-level variabie g(x|q) = S.Pr(c|g)g(x/c). Using a row stochastic
matrix C to represent the conditional probability distributiondq), the phenotypic variation in
response to the population-level cue is more succinctly represent@@.ag he total phenotypic
diversityH(X) can now be divided up into a within-generation compor¢(X|Q) and a between-
generation componemtX; Q). The within-generation diversity is generated by stochastic devel-
opmental regulation and conditional response to individual-level variiolevelopmental cues,
while the between-generation diversity is generated only by conditiospabnse to population-level

variation in developmental cues.

4.2.3 Individual fithess and the growth rate of a lineage

To find the optimal developmental strategy, we would like to characterizestathgy in terms of its
expected long-term growth rate. How does the variation in phenotyptedrbg the developmental
strategy translate into individual variation in fitness? How does variation ivichahl fitness further

translate into the long-term growth rate of the lineage?

An individual with phenotype, in environmentg, has fitness specified by the fitness makix
In a single generation, a lineage grows according to its average fitness thidih generation. This
average within-generation fitness depends on the phenotypic divezsityajed by the strategy, and
on the selective environment. The long-term growth rate is the averagemany generations, of
the log average fitness within each generation. The variance in fithess gé&hérations does not
affect the growth rate, as long as the number of individuals in the lineageis émough that the
observed average fitness reliably reflects the mean. However, theocanmthe average fithess per
generation matters, with higher variance from one generation to the neitgeo slow the growth
rate.

First consider a developmental strategthat uses only stochastic regulation. The amount of
phenotypic diversity does not vary from one generation to the next,esmtran fitness within a
generation depends only on the environmental statgg|e) = T,g(x) f(x,€). In matrix notation,

this can be written as a vector over environmental s@ied he variation between generations thus
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depends on the probability of different environmental statés)PThe expected long-term growth
rate of a purely stochastic strategy is then conveniently expressed in nmattion as follows:

growth rate,
without cue

r(g) = B-loggF, (4.4)

where the operatorrepresents the dot product of two vectasb = Yiaib.

Next, consider a developmental stratégyhat uses a combination of stochastic and conditional
regulation. The phenotypic diversity in each generation depends oiisthibation of developmen-
tal cues. The mean fitness within a generation thus depends both on treneresital state and
the population-level distribution of cues defineddpyf (G|q,e) = S Pr(cla) Sxa(x|c) f(x,e). This
can be written as a matrix with a row for each population-level cue, and anadior each environ-
mental stateCGF. The expected long-term growth rate then depends on the probabilityfexfeutit
types of generations, as defined by the combination of the environmenéhathpopulation-level
cue: y4¢Pr(g,e)log f_(G\q, e). We will represent the probability of different types of generations
with the matrixQ, with entriesqqe = Pr(e,q). This yields the following simple representation for
the growth rate of a conditional stochastic strategy:

growth rate,

general cue rg(G) = Q :logCGF. (4.5)

The operator :, known as the Frobenius inner product, is like a dot préddumatrices:A : B =

i jAijBij. This s just like Equation 4.4, but with matrices oyere) instead of vectors oves:
4.3 Optimal developmental strategies and the value of a cue

How does a developmental strategy reflect features of the environmehidi it is adapted? When
do we expect organisms to use predominantly stochastic development, angrgldominantly con-
ditional regulation? When will we see a mixture of both? To answer thes¢éigugsve characterize
the optimal developmental strategy in a fluctuating environment, where devefdal cues contain
error at both the population level and the individual level. Furthermoeewauld like to know
how the adaptive value of a developmental cue depends on its distributeroef To do this, we
compare the optimal growth rate using a developmental cue to the optimal getenthith no cue.

The difference between these two growth rates is the adaptive valumgfthe cue (Bergstrom and
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Lachmann, 2004). Over the long term, we may be likely to observe develdghstrategies that
utilize the cues with the highest adaptive value.

To find the optimal strategy in each case, we will use the machinery deveiopgidapter 3
for finding the optimal bet-hedging strategy when no information is availalile.pfimary insight
is that the optimal developmental strategy invests in each possible enviroagmntling to its
probability of occurring. We can definespecialization profildor each phenotype, which indicates
how much of its reproductive effort that phenotype allocates to eadhoamvent. To do this, we
rewrite the fitness matrix as a composition of two matrides; SD. In this breakdownS is a
row stochastic matrix with individual entriesse = S(€|x) representing how specialized phenotype
x is in environment; D is a diagonal matrix with entriedee = d(e) representing how productive
each environment is overall. The fithess of a phenotype environmente is a product of how
specialized it is in that environment and the productivity of that environmigmte) = s(e|x)d(e).
The specializatiors(e|x) of a phenotypex in environmente is the proportion of its reproductive
effort the phenotype invests in that environment. The productivity of tv@@ment,d(e), is the
maximum amount of fitness that could be achieved in that environment, if sofypenwere to
be completely specialized in that environment. The optimal stochastic strategy.the one that

makes the average specialization profile match the environmental probabilitudisn:

optimal strategy,
without cue

§'S=p. (4.6)

Whether this is feasible depends on whether the optimal specialization pgfilies within the
achievable range defined by the specialization m&rix
The long-term growth rate achieved with the optimal strategy, within the rahgeent can be
attained, is obtained by combining Equations 4.4 and 4.6:
optimal

growth rate, r(g*) = p-logg*sSD= p-logpD. (4.7)
without cue

If the optimal specialization level cannot be achieved using a fully stochststitegy, the best-
fitting partially stochastic strategy will be used instead. The optimal strategy isntaevhose
specialization profile comes closest to matching the environmental probabitigesured in terms

of the Kullback-Leibler divergence between probability distributions (Seapter 3.)
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4.3.1 Developmental cues with population-level error

Previous models of the evolution of plasticity in response to population-leskehave only consid-

ered cues with errors at the population level (e.g. Cohen, 1967; Mag82; Haccou and Iwasa,
1995). The organism is assumed to observe some feature of the glelvahement during develop-

ment, and use this to predict some feature of the future selective enviranienerror in the cue

is a result of imperfect correlation between the state of the environmere it of development
and the future state of the environment. The results presented in this seeti@neady known; we

review them here because they provide a good basis for comparistive fiarst of the results.

The optimal response to a developmental cue that is received by all indigioh the population
is particularly easy to calculate. The reason for this is that the responsw &pacific develop-
mental cue contributes to the growth rate only in generations where that ceeeised, and the
average long-term growth rate is simply an average of the growth ratevadhiier each differ-
ent developmental cue. Using the notation adopted above for Equatiothd §pecial case of no
individual-level error corresponds t= g, meaning thatC is the identity matrix. Equation 4.5

can therefore be rewritten as follows:

growth rate, rp(G) = Q:logGF
population cue = Pr(c)dc: loggeF, (4.8)
C

whered is a stochastic vector representing the conditional probability distributionvifaanments
Pr(elc). The response to each possible developmentakcuepresented bgc, can therefore be
optimized independently of the others, according to Equation@$8= d.. Let the matrixQ be

a conditional probability matrix whose rows are the vecfiy:s Then the optimal developmental
strategyG* can be written in matrix notation as follows:

optimal strategy,

population cue G's=Q. (4.9)

This optimal strategy is achievable if the optimal specialization profile in regponsach cuej,

lies within the range defined by the specialization mafix
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For example, consider the simplest case of two environments, two cues,@pHdwotypes. As
long as the conditional probability f&|c1) is betweers(ei|x;) ands(ei|x2), the optimal strategy
is to bet-hedge in response ¢ so that the average specializationgnmatches the conditional
probability of ey, that is,g(x1|c1)s(e1]X1) + g(xz|c1)s(e1|x2) = Pr(e1|c1). Similarly, as long as the
conditional probability Re;|c;) is betweens(ex|x;) ands(ez|x2), the optimal strategy is to bet-
hedge in response t so that the average specializatiorejmatches the conditional probability of
e g(X1]c2)s(ex|x1) + g(x2|c2)s(e2|X2) = Pr(ez|c2). This creates a square region (central, in orange)

in which a fully stochastic strategy is optimal, as illustrated in Figure 4.2 for theiazation

0308)-

matrix S= (
The optimal growth rate for a developmental strategy using a cue with nddondivievel error
can now be found by substituting the optimal strategy from Equation 4.9 intathelgrate given
by Equation 4.8:
optimal

growth rate, rp(G*) =Q: logG*SD=Q: logQD. (4.10)
population cue

In comparison, the growth rate under the optimal stochastic strategy witbeelioppmental cues is
given by Equation 4.7. The adaptive value of a population-level cue @ditieeence between these

two growth rates:

adaptive value, Vp(C) = Q:logQ—p-logp
population cue
= H(E)-H(EIC)=I(E;C), (4.11)

which is simply the Shannon information between the cue and the environmestreshlt holds
precisely as long as the optimal specialization levels can be attained, leadirglp stochastic
strategy in response to each cue. Otherwise, the information is an uppenolithi¢fvalue of the cue
(Bergstrom and Lachmann, 2004). In Figure 4.3, we illustrate the rel&iph&tween the value
of the cue and the information it contains for the example used in Figure 4tRBe leentral region,
where fully stochastic strategies are optimal, the value is equal to the informatidla elsewhere

it is strictly less.
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Optimal developmental strategies for a cue with population-level error
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Figure 4.2: Optimal developmental strategies in response to a cue with nadiradievel error,
and varying amounts of population-level error. We illustrate how the optieatldpmental strat-
egy, g(x|c), depends on the reliability of the cue(Elc), in the simple case of two environments,
e, andey, two cuesc; andcp, and two phenotypesx; andx,. At left, the optimal strategy for
each cue-environment relationship is classified according to its type: ponelitional, fully or
partially stochastic, with colors as in Figure 4.1. A fully stochastic strategy tismapwhenever
the conditional probability of each environment lies within the range defigetid specialization
matrix—here, we uss(e;|x;) = 0.7 ands(ez|xz) = 0.8. In the column at right, the optimal strategy
is characterized according to how much phenotypic diversity it prodtices)jgh stochastic (top)
and conditional (middle) regulatory mechanisms and in total (bottom.) As in Figlrenore in-
tense colors indicate greater phenotypic diversity. Notice the large wegfarero diversity, shown
in black.
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Value of a cue with population-level error
value Vp(C) =rp(G*) - r(g¥)

—_

information

s(e,lx,) i in the cue

& I
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s(e,lx;) I comparison
of value and
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L I Vp(Q) - I(E;C)
(e;]x,) s(e;x;) -0.5
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Figure 4.3: The value of a cue with no individual-level error, and vaygmounts of population-
level error. The value of the cuep(C), is equal to the difference in the optimal growth rates of two
lineages: one that uses a cue with population-level error, and onesttgha cue at all. To illustrate
the relationship of the amount of information a cue with population-level eéwotains about the
environment to the value it confers, we return to the example of Figure A&res(e;|x;) = 0.7
ands(ex|xz) = 0.8. At left is a contour plot of the value of the cue, as its reliability varies. For
comparison, the amount of information in the cue, as measured by the $haforanationl (E;C),

is plotted on the upper right, using the same color scheme as the value. On #neilght is the
difference between the two. If the cue does not contain too much informatapugh uncertainty
remains that bet-hedging is still worthwhile—the increase in growth rate mai®by using the
cue is exactly the amount of information in the cue. Otherwise, the cue is siweanth less than
the amount of information it contains. To make the correspondence to Hguaearer, the grid
dividing the regions where different types of strategies are optimal isrsuposed in gray.
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4.3.2 Developmental cues with individual-level error

In the last section we considered individuals that can perfectly obsenve feature of the en-
vironment that is only indirectly related to which phenotype will have the highieess. Here
we consider the opposite: individuals who can imperfectly observe thasiredevant state of the
environment itself. That is, the cue itself is perfectly reliable, but indiisluaake mistakes in
observation. We refer to this kind of error as individual-level error.

What is the optimal developmental response to cues with individual-lew®?efs described in
Section 4.2.3, what is important for the growth rate is the variation in phenatyycsity that the
strategy produces, within and between generations. If there is no piopdievel error in the cue,
the distribution of cues in each generation depends only on the state of/ttenement. The average
fitness in different kinds of generations is expressed in Equation 4£2%&&s However, this matrix
takes into account all possible combinations of the population-levehjared the environmental
statee. In the special case of ho population-level error, the population-e) is identical to the

environmental state That means only the diagonal element€@&F contribute to the growth rate:

growth rate,
individual cue rn(G) = p-logdiag(CGF). (4.12)

This greatly reduces the dimensionality of the optimization problem.

To illustrate the impact of this reduced dimensionality, we return to the usuabtaso environ-
ments, two cues, and two phenotypes. Until now, we have described#ional stochastic strategy
as choosing a different “developmental coin” to flip, depending on tkieldpmental cue observed.
However, any such strategy can also be described as choosing a culdsti@tegy, depending
on the outcome of a developmental coin flip. For example, the developmeataigstrepresented
by the matrixG = (3594) can alternatively be expressed as follows3(69) +0.4(31) +0.3(39).
According to this representation, the developmental strategy throws adilaiessk coin with prob-
abilities (30%,40%, 30%), and then chooses one of three strategies. These three strategies are to
always develop phenotypeg, regardless of the conditions, always develop phenatypegardless
of the conditions, or develogy in response tg; andx, in response ta;. In fact, every strategy can

be represented as a linear combination of these three, or as a combindtierved pure strategies
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plus the opposite conditional strategy. In this view, these four strategieseethers of Figure 4.1—
can be treated like phenotypes. The problem is then simply to find the optinfatging fractions
of those phenotypes, given some level of uncertainty about the twibpossvironments—as de-
scribed in Chapter 3. However, when only two different environmemgpassible, a bet-hedging
strategy need incorporate at most two different phenotypes. In thes ttese two phenotypes will
be a plastic strategy and a pure strategy. That means a strictly optimal stnalieggt-hedge in
response to at most one of the two cues; a fully stochastic strategy isoptiraal (see Figure 4.4.)

The biggest difference between a cue with only individual-level emdrane with only population-
level error is that for the former, fully stochastic development is nevatlgtoptimal. Even cues
that contain almost no information about the environment can induce a stoogional response:
compare the points lying near the anti-diagonal lingeRc; ) + Pr(ez|c2) = 1 in Figures 4.2 and 4.4.
At the extreme, a completely uninformative cue can be used as the onlyesmfurariation, if the
variation produced that way matches the optimal level of bet-hedging withoué. For example,
if Pr(c1)s(e1|x1) + Pr(cz)s(e1|x2) = Pr(ey), then producing in response ta@; andx, in response
to ¢, will create just the right level of specialization in environmen{Figure 4.4, point shown in
white.)

Which has greater adaptive value, a cue with population-level erranother cue with the
same amount of error but at the individual level? First of all, we compaeytbwth rates of a
single developmental strategy, responding to the two different kindsesf. ariting out Equations
4.8 and 4.12 in full form,

rp(G) = ZPr(e)ZPr(c]e)Iong(x]c)f(x,e)
n(G) = > Pr(e)log} Pr(cle) ) g(xc)f(x.e),

we see that the only difference between the two is the relative placemeret lobtlnd the average
over individual cues. Jensen’s inequality therefore impliesrifi@t) > rp(G): the growth rate under
individual-level error is never lower, no matter what strategy is beind.uBeeoptimalgrowth rate
for a cue with individual-level error is therefore always at least aatgs the optimal growth rate for
the corresponding population-level error. The value of a cue withidigil-level error is illustrated

in Figure 4.5; comparison with Figure 4.3 shows that the value of the cue wiividodl-level
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Optimal developmental strategies for a cue with individual-level error
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Figure 4.4: Optimal developmental strategies in response to a cue with vaagiognts of
individual-level error, and no population-level error. Just as wefalicues with population-level
error (Figure 4.2) we show the relationship of the optimal developmentalgyrate/c) to the reli-
ability of the cue, P(e|c). To make the comparison straightforward, we use the same specialization
matrix S, with s(eg[x1) = 0.7 ands(ez|x2) = 0.8. All that differs is the way that errors in the develop-
mental cueg are distributed. As in Figure 4.2, we categorize the optimal developmenti@gies
according to type in the left panel. Note that the conditions for a pure syrédelge optimal (in
black) are independent of the level of error. However, the condifiona conditional strategy to
be optimal (in blue) are greatly expanded, while a fully stochastic strategyves strictly optimal.
Along the center diagonal line, the cues are completely uninformative; gtesétrategy is opti-
mal, because all strategies that produce the right overall levels osdivare equivalent. In the
column at right, the optimal strategy is characterized according to how mwaiopipic diversity

it produces, through stochastic (top) and conditional (middle) regulat@ghanisms and in total
(bottom.) As in Figure 4.1, more intense colors indicate greater phenotymcsiiv Notice the
large regions of zero diversity, shown in black.
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Value of a cue with individual-level error

value V/(C) = r(G") - r(g")
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Figure 4.5: The value of a cue with varying amounts of individual-levedreand no population-
level error. The value of the cu¥,(C), is equal to the difference in the optimal growth rates of
two lineages: one that uses the cue with error at the individual level, aadhat uses no cue at
all. To illustrate the relationship of the amount of information a cue with individexsd error
contains about the environment to the value it confers, we return to threpéxaf Figure 4.4,
wheres(ej|x;) = 0.7 ands(ez|xz) = 0.8. At left is a contour plot of the value of the cue, as its
reliability varies. For comparison, the amount of information in the cue, asursgby the Shannon
informationl (E;C), is plotted on the upper right, using the same color scheme as the value. On the
lower right is the difference between the two. For a wide range of cuesialue of the cue is in
fact greater than the amount of information it contains about the envirdrnimegreen; compare to
Figure 4.3.) The regions where different types of strategies are optimedleulated in Figure 4.4,
are outlined in gray.
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error is always greater, except where a pure strategy is optimal (ik)blabere the cue contains
no information (along the diagonal line) and where the cue contains no (@pposite corners,
in green.) Furthermore, comparison to the Shannon information in the cué thleoenvironment
shows that, unlike a cue with population-level error, a cue with individuadtlerror can sometimes

have a value that is even greater than its information content (Figure 4 &, igfat.)

4.3.3 Developmental cues with error at both levels

The kinds of developmental cues considered in the previous two sectahsrlior either at the
individual level, which could stem from an inability to precisely observevaaie features of the
environment during development, or error at the population level, whialddze a result of truly
unpredictable fluctuations in the environment. In general, however, bp#s tyf error can con-
tribute to a cue’s unreliability. As discussed in Section 4.2.2, many kinds ela@wmental cues can
be simply described as a composition of these two types of error. Error potheation level leads
to variation in the distribution of cues, as described by the population-lergi;dndividuals then
draw cueg independently from that distribution.

What does the optimal developmental strategy for a cue with both kindsafleak like? As
described in Section 4.2.3, the long-term growth rate of any developméngiiigy depends on the
phenotypic diversity it generates, within and between generations. Thesdsibled via the matrix
CG, which captures the effective population-level strategyq). What if individuals could directly
observe the population-level cge LetGj indicate the optimal developmental strategy in response
to the population-level component of the cug, From Section 4.3.1 we know that this strategy
tries to match average specialization levéigS to the conditional probabilities of environments
Q. We would like to find the strategg* which, by responding simply to individually received
developmental cues can achieve the optimal population-level strategy:

optimal strategy,
general cue

CG*'S=0Q. (4.13)
Whether this is possible depends on whether the conditional probabilityvabamentsQ falls
within the range jointly defined by the specialization ma8and the individual error€. For exam-
ple, if Pr(ca|qa)s(ex(x1) +Pr(cz|dy)s(er|x2) = Pr(ei|d1), and Ptca|dz)s(€2(x1) + Pr(cz|dz)s(ez]x2) =

Pr(ex|d2) then a conditional strategy that respondsitovith x; and toc, with x, would create just
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the right levels of specialization. This is illustrated in Figure 4.6,Gor (372023) and the usual

S= (3405) (point shown in white.) The two pure strategies and the two conditional sieate
gether define the entire range of strategies that can be used. Thgeagpecialization in each
environmens(e|q) = 3. Pr(c|q) Tx9(x|c)s(e|x) achieved for each of those strategies define the four
points of a parallelogram in which a fully stochastic developmental strateggtimal (central re-
gion, shown in orange.)

The optimal growth rate for a cue with both levels of error can now be foahtkast for the
cases where the optimal developmental strategy is fully stochastic. If En4ali® can be satisfied,
the optimal growth rate is obtained by substituting into Equation 4.5:

optimal )

growth rate, re(G*) =Q :1ogCG*SD=Q : logQD. (4.14)

general cue
If the optimal specialization levels cannot be attained with a fully stochastic gyrdaten the best
partially stochastic strategy will be used. The best partially stochastic stiiatdge one that mini-
mizes the Kullback-Leibler divergence between the optimal specializationepRafe|q), as given
by Q, and the achieved orse[q), as given byCGS.

When the optimal specialization profile is attainable, the growth rate it prodsieactly the
same one that could be achieved if all individuals received the populietehcueq. The value
is therefore precisely the Shannon information contained by that populatiehcue about the

environment:

adaptive value,
general cue VB(C) = W (Q)=I(E;Q). (4.15)

This is illustrated in Figure 4.7, where the value of a cue with error at botlsléveompared to
the Shannon information in the population-level cue (center region in blaskey right; compare

to Figure 4.3.) The population-level information in the cue is an upper limit ondhesv On the
other hand, because the information in the individuall¢ieC) is always less than the information

in the population level cu&(E; Q), a cue may be even more valuable than than the information it

gives the individual (Figure 4.7, upper right.)
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Optimal developmental strategies for a cue with error at both levels
-
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Figure 4.6: Optimal developmental strategies in response to a cue with varyiognts of error at
the population level, given a fixed amount of individual-level error. g@mparison to the examples
for population-level error alone (Figure 4.2) and individual-levebealone (Figure 4.4), the same
specialization matri$is used, withs(e; [x;) = 0.7 ands(ez|x2) = 0.8. However, now the individual-
level error is fixed at Rcq|g1) = 0.75 and Pcy|g2) = 0.85, while the population-level error @4q)
varies. As in Figure 4.2, we categorize the optimal developmental strategiesdang to type

in the left panel. As for the case with population-level error alone illustratdeéigure 4.2, the
specialization matrs limits the range of conditional environmental probabilities in which a fully
stochastic strategy can be used to achieve the optimal specialization profitevét, the addition of
individual-level error, as represented by the ma@jfurther constrains that range to a parallelogram
in the center, shown in orange. In the column at right, the optimal strateggiiactkerized according
to how much phenotypic diversity it produces, through stochastic (togh)canditional (middle)
regulatory mechanisms and in total (bottom.) As in Figure 4.1, more intense oulrate greater
phenotypic diversity. Notice the large regions of zero diversity, shiovintack.
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Value of a cue with error at both levels
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Figure 4.7: The value of a cue with varying amounts of error at the popnlki@l, given a fixed
amount of individual-level error. The value of the cig(C), is equal to the difference in the
optimal growth rates of two lineages: one that uses the cue with error atdwefls, and one that
uses no cue at all. To illustrate the relationship of the amount of informatioe aantains about
the environment to the value it confers, we return to the example of Figure/deBes(e; |x;) = 0.7
ands(ex|x2) = 0.8. As in Figure 4.6, the individual-level error is fixed at(€fq1) = 0.75 and
Pr(cz|02) = 0.85, while the population-level error @fq) varies. At leftis a contour plot of the value
of the cue, as the population-level reliability varies. For comparison, theiainod information in
an individual cue, as measured by the Shannon informéa(igrC), is plotted on the upper right,
using the same color scheme as the value; next to it is the difference betwateand the value
of the cue. The amount of information in the population-level biie Q) is plotted on the lower
right; next to it is the difference between that and the value of the cue. Whelealue of the
cue can sometimes be greater than the information the individual gains aboetvihenment,

I (E;C) (upper right), the value can never exceed the amount of informationdyain¢he entire
population about the environmemtE; Q) (lower right.) In fact, for a large region—wherever bet-
hedging is still necessary—the value is exactly equal to the amount of pimpulevel information
(black region, lower right.) As usual, the regions where different tyjfetrategies are optimal, as
calculated in Figure 4.6, are outlined in gray.

s(e;|x,) s(e,|x,)
11Xz Prie,[q) X
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4.4 Discussion

Phenotypic plasticity plays an important role in adaptation to variable envirasmbtost of the
work that has been done on this topic has focused on adaptation to iradiagel risk. For exam-
ple, many species show induced morphological defenses in responsefetience of predators
(e.g. barnacles, Lively 1986b; freshwater snails, DeWitt 1998; tadpdicCollum and Buskirk
1996.) Theoretical models indicate that in such cases a completely condigspahise can evolve
even in response to imperfect cues (Lively, 1986a; Sultan and Sp&@fR). Phenotypic plastic-
ity as a response to population-level risk, however, shows very diffgratterns. The pioneering
model of Cohen (1967), based on patterns of seed dormancy in deserl plants, showed that
cues which help predict germination success should simply change thierrat seeds which
remain dormant. Empirical work on the germination response of such plastshioavn that the
germination fraction indeed varies with several predictive factors like theuat of rain and the
temperature (Philippi, 1993; Clauss and Venable, 2000; Adondakis emabié, 2004). More gen-
eral theoretical models show that if population-level risk selects foramnphenotypic diversity,
predictive cues will modify the optimal amount of diversity (Haccou andslayd 995; DeWitt and

Langerhans, 2004).

Population-level risk creates a need for phenotypic diversity, butormnproduction of pheno-
types can limit the growth rate of a lineage. The cost of having to bet-heligefithess for those
individuals whose phenotype does not match their environment—is diretdlgdeto the amount
of uncertainty about the environment. The value in a cue about populatiehrisk stems from
its ability to reduce environmental uncertainty, and thus reduce the cost-tigniging (Bergstrom
and Lachmann, 2004). The Shannon information in a cue about the emérdg expresses how
much the environmental uncertainty is reduced, once the cue is knownexians the connec-
tion between the increased growth rate made possible by using a cue, andatinet of information
in that cue. A particularly compelling example of the link between growth rateirgiodmation
has been shown for the case of bacterial persisteliceoli can switch between a slow-growing,
antibiotic-resistance phenotype, and a fast-growing non-resistantpewitching rate (a form of
phenotypic plasticity) seems to be adapted to the frequency with which antitAotiencountered;

furthermore, it may be altered if the bacteria can sense the presencibidtans (Thattai and van
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Oudenaarden, 2004; Kussell et al., 2005; Kussell and Leibler,)2005

Given this tight link between the information in a developmental cue aboutigtigntlevel risk
and its adaptive value, how is it that, as shown here, a developmentaficismmetimes increase
the growth rate even past this limit? The explanation lies in the way the cue is distribetween
individuals within the same generation. An individual's uncertainty abouetiveronment it will
encounter is reduced by the developmental cue it receives. When ialtiumals receive the same
cue, that reduction in uncertainty is completely at the population level. Thatieglaalue of the cue
is thus precisely the information it contains. However, when differenviddals receive different
cues, the population-level uncertainty about the environment and thedudi-level uncertainty
about the environment are not equivalent. How much uncertainty rentaing the environment at
the population level—and thus serves to drive bet-hedging—dependsiwomibch information can
be obtained by considering the entire population’s developmental cudhéogehe cost of incom-
plete information imposed by having to bet-hedge is thus dependent on thiapop's uncertainty
about the environment, which is generally less than the individual's.

This observation that the value of a cue depends on the information avadabkentire popu-
lation seems to suggest that individual-level error in a cue does not mdder@ne might imagine
that if all individuals in the population could observe each other’s devedopal cues, thus improv-
ing their ability to predict environmental change, the long-term growth ratleeofineage could be
increased. However, under certain conditions, such information ghaonld, surprisingly, have
no benefit at all. As long as the population-level uncertainty is large énandjviduals can use all
of the individual-level uncertainty in the cue they receive as an extemate of adaptive stochas-
tic variation. When this is true, the individual-level error has absolutelyast, decause without it
the optimal strategy would still create just as much phenotypic diversity—witmialfg generated
developmental noise.

Although the importance of the distinction between population-level risk andidhgl-level
risk is well recognized where fithess functions are concerned (eggr®&d Brockmann, 1987;
Frank and Slatkin, 1990; Moran, 1992; Robson, 1996), little attentiorbbas paid to this dis-
tinction in the distribution of cues about risk. In general, models of plasticignaadaptation to
individual-level risk posit individual-level cues (Lively, 1986a; Maor, 1992), while models of plas-

ticity as an adaptation to population-level risk consider only population-lawe$ (Cohen, 1967;
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Moran, 1992; Haccou and Iwasa, 1995). The focus is on how ingigduse the information in
the cue to create correlations between phenotype and environment. éptiercto this is the idea
that one mechanism for generating adaptive random phenotypicitivert® respond conditionally
to unpredictive features of the developmental environment (Coopekapidn, 1982; Simons and
Johnston, 2006). A cue that has no information at all could still be usadcas-flip to generate
random phenotypic diversity, as long as its error is completely at the indiVidvel. We show that
it may often be more fruitful to think of cues about population-level risk@sliining elements of
both these approaches. To the extent that the cue reduces the poplelatiamcertainty about the
environment, it can increase the growth rate by reducing the need fbeldging. At the same time,
if bet-hedging is still adaptive, any individual-level error in the cue magh#oited as a source of

phenotypic diversity.

Appendices

A Levels of error in a developmental cue

Using a powerful theorem from probability theory called de Finetti's theommany kinds of cor-
relation structures in developmental cues can be thought of as stemmindyefntine error at the
individual and population levels. If each individuah the population receives a developmental cue
Ci, we are interested in the way that the joint distribution of developmental agesb individuals
in the population depends on the type of environneettat is, Pfcy,cy, ...,Cn|€). We would like to
rewrite that joint distribution as follows: Ry, Cs,...,Cqle) = Y4 Pr(qle) i Pr(ci|g), where P(q|e)
describes the population-level error in the cue, arid; [y describes the individual-level error in the
cue. The variable—the population-level cue—represents the type of generation, in ternmof h
the cues depend on the environment. It is not obvious that this kind okdwea should always
be possible; in particular, why should the individual cues be conditionatlgpgandent, given the
type of generation? According to de Finetti's theorem, only one assumptiocéssery: the cues
that different individuals receive in the same generatin,.,c,, are what is calleé@xchangeable
variables

Exchangeability is a property of identically distributed random variableswisieveaker than

independence, but is nonetheless strong enough to be useful. A fipitersx® of random variables



76

A1, ...,An is exchangeable if every permutation of these variables has the saméipitplolstri-
bution, and an infinite sequence is exchangeable if every finite subsmgiscexchangeable. De
Finetti's theorem states that any infinite, exchangeable sequence of kanglom variables can be
understood as a draw from some probability distribution of a single randwanpete©, followed

by a sequence of independent Bernoulli trials weighted according taatlengteB. That is,

Py, ....an) = [ p(O)E*(1-6)" “db

wherek is the number of ones in the sequemge .., a, (see e.g. Feller, 1966).

One way to picture this process is to imagine a box of coins with differentdiiasechoose a
coin from this box, and then flip that same coin over and over again. Inakis the “population-
level” uncertainty given by(0) is the uncertainty about which coin was chosen, while the “individual-
level” uncertainty given byp(a|0) is the uncertainty about individual coin-flips, given which coin
was chosen. The remarkable implication of the theorem is that a ratheayelaess of sequences
of random variables can be viewed in exactly this light. Furthermore, thedimecan be easily gen-
eralized to discrete-valued (rather than only binary) random variablewift and Savage, 1955).
The theorem guarantees that generations can be classified into diffgres, according to a pa-
rameterg which describes the probability distribution of individual cues. Conditiemethe type of

generation, the individual developmental cues are independent amatally distributed.
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