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Abstract

A dynamic systems approach to evolutionary branch-
ing and its development in an articial food web is
preserted. Predator-prey interaction among trophic
species with two traits generates a variety of ewvolu-
tionary branching patterns, depending on interaction
strengths and mutation rates. Studying branching pat-
terns in a phenotypic spacerevealsthree branching pat-
terns: prey-bifurcation, predator-bifurcation, and net-
bifurcation. In particular, a complex food web net-
work emergesthrough net-bifurcation. A relationship
between biomass and the number of speciesis analysed
by changing the interaction strength. We report that
the branching and extinction rates of trophic species
reaches a maximum when the number of species, but
not the erntire biomass, reachesa maximum.

Intro duction

The origin and ewlution of specieshave beentested by
many mathematical models. Recert advancesin mod-
elsfor sympatric speciation (Dieckmann & Doebeli 1999;
Higashi, Takimoto, & Yamamura 1999;Doebeli & Dieck-
mann 2000; Kaneko & Yomo 2000) have showvn that
various intra- and inter-speciesinteractions split a sin-
gle founding population into two dierent populations,
called\evolutionary branching”. Doebli and Dieckmann
have demonstrated that various ecological interactions
(resource competition, mutualism and host-parasite re-
lationships) can causebranching with the ewolution of
assortative mating. Highashi's sexual selection model
has shavn ewlutionary branching only through ewolu-
tionary divergenceof sexual preferences,while Kaneko
and Yomo have shown that dynamic clustering caused
by the internal degreesof freedomin ead reproductive
unit drivesthe branching.

The main concern of these models is ewlutionary
branching at ead trophic level. Here we are more
concernedwith higher-order branchings, which generate
populations at new trophic levels. In particular, we in-
vestigate how the complexity of the ecosystemmay be
built up from a bottom trophic species(e.g. plants) only
by predator-prey interaction.

Mathematical studies on the ewolution of a food web
have been mainly based on the replicator or Lotka-
Volterra models. Yasutomi and Tokita (Tokita & Yasu-
tomi 2002) have studied the evolution of replicator dy-
namics by adding new columns and rows to the original
interaction matrix. Jain and Krishna (Jain & Krishna
2002) have shown the role of innovation and of keystone
speciesin large extinctions using an evolutionary replica-
tor model. The other approach canbe found in Lindgren
and Mats Nordal's (Lindgren & Nordahl 1993) study on
the ewolution of a food web, using the model of the it-
erated prisoner's dilemma game. In this model, a ba-
sic strategy (Tit for Tat) is usedand new strategiesare
constartly introducedthrough geneticalgorithms. They
analysedwhat kind of food web emerges.

These previous approachesfor ewvolutionary dynamics
of a food web invite new speciesfrom outside. Namely,
thesemodelscannot dealwith the medanism of creating
new speciesfrom the intrinsic ecologicaldynamics that
maintain the food web. In this paper, we investigate
how patterns of autonomous developmert and collapse
of a food web with recursive branching and extinction
may be classi ed and we shonv how ecologicaldiversity
and ewolution are interrelated.

Mo delling phenot yp e space and
dynamics

In nature, individuals useinorganic resourcesand other
individuals asfoods. Individuals are also usedby other
individuals as resources. Quantifying those character-
istics of individuals as a resourceby a simple measure,
we represen individuals as a resource distribution on
the measuredspace. Supposethat a single variable z
for the measureand ead individual is characterized by
two traits, which are measuredby the factor z and in-
terpreted as a resourcetrait (prey) and a utilizer trait

(predator). Formally, they are labelled asr and u, re-
spectively. With these labels, we de ne a phenotypic
space(Fig.1). A phenotype distribution function p(u;r)

is de ned onthis space.A resourcedistribution R(z) and
a resourceutilization distribution U(z) are computed as
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Figure 1: A phenotype space(u;r) and a resourcespace.
Light grey and dark grey circles denote phenotypic clus-
ters in the phenotype space(below rectangle) with axes
of utilizer trait u and resourcetrait r. In this case,the
dark phenotype usesthe light source(L(z)) and is eaten
by the light grey phenotype. On the resource space
(above), we expressthe situation in terms of the dis-
tributions of U(z) and R(2).

follows:
z
R(z) = p(u;z)du+ L(z); 1)
u z
U(z)= p(z;r)dr; )

where L(z) is a constart inward resource distribution
given from without. Speciesat the lowest trophic level
in the focussed range of the food web use this re-
source. Thus, the type of the inward resource (or-
ganic/inorganic, plants/animals) dependson what range
of food web we consider. Becausewe are concernedwith
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the total biological community here, the inward resource
L(z) corresponds to sunlight. We dene L(z) as the
Gaussiandistribution function:

(z )?

1
L(z)=Lo P > 2

2 L

exp[ I @)

wherel g is the total resourceamount. | and | denote
the position and the width of the resource,respectively.

An assumption here is that phenotypes whoser are
equal to u of phenotypeswill be eaten by those pheno-
types. In other words, the phenotypesthat havethe trait
u utilize the phenotypeswhoser is equalto u. We now
de ne a \resource ow" at ead point in the resource
space(Fig. 1) asfollows:

U(2)R(2)

T g

(4)

where determinesthe strength of predator-prey in-
teraction, and M givesa maximum predation constart
per individual when there are in nite  amounts of food.
This formula is a type Il function response, which is
known to be a characteristic responseof actual predator
populations to prey density.

It should be noted that, when R(z) is relatively much
smaller than U(z), the resource ow is proportional to
the crossterm U(z) R(z). However, when R(z) be-
comeslarger, F(z) becomesproportional to M U(2),
becausethe maximum predation amourt per individual
is saturated to M. To keepthe amount of the maxi-
mum resource o w into the systemconstart irrespective
of changesto the interaction strength , we assumethat
the amount of the inward resourcel g is givenby L 5=,
where L, is a constart positive value.

Each individual of phenotype (u; r) acquiresa 1=U(u)
rate of resource ow, assumingthat it is equally dis-
tributed. Similarly, eat phenotype (u;r) is usedby the
others at the rate 1=R(r). Concerning this point, we
compute the gain (g(u)) and loss(lI(r)) per individual of
ead phenotype as,

g(u) = F(u)=U(u) (®)
I(r) = F(r)=R(r) (6)

We nally obtain the following equation for the time
of evolution of the density function p(u;r) as,

@(u;r) _ p(u;r)
a p(u;r) (c g(u) I(r) d) (1 )
+D, Lguz;rho, L%‘fr) )

where c denotesthe e ciency of resourceuse,which in
practice is estimated at 0:1 in empirical studies(Pauly &
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Christensen1995). and K denotesthe physical carrying-
capacity of the habitat. The natural death rate is given
by the parameter d. The last two terms correspond to
the mutation ow in the phenotype space. The muta-
tions generate new phenotypes in parents' neighbours
in the phenotype space. In practice, we run the above
equation by discretizing the explicit Euler method. To
avoid unnecessarynumerical under ow, we remaove the
phenotype whose population density is below a given
threshold " that is signi cantly small. We also assume
that the phenotype spacehas absorbing boundaries to
avoid numerical divergences.

Practically, when the number of predators is much
larger than that of prey, the consumption rate may be
proportional to the number of prey irrespective of the
number of predators. In order to compensate for this
fact, we can also usea modi ed versionfor the resource
ow as,

U(2)R(2)
U(z) + B2

F(2) = ®)
With this formulation, F(z) approachesto M U(z) for
R(z)=U(z) ! 1 andto R(z) for R(z)=U(z) ! 0. We
mainly report below the simulation results of the rst
model. However, we also argue for a di erence between
the rst and secondmodel by comparing the main result
with preliminary results of the secondmodel. Instead
of parameter value ¢ (i.e. an e ciency of resourceutil-
ity), we choseother parametersarbitrarily . However, the
basic scenariopreseried below (three type of branching
patterns, etc.) is not sensitive to the parameter values.

Simulation Results

An initial food web is prepared with a single phenotype
utilizing an inward resource(L (z)), that correspondsto,
for example, plants (Fig.2 (a)). Within the wide range
of parameter values, seweral isolated phenotype clusters
are generated.

These clusters correspond to \trophic species" which
are functional groupsof taxa consistingof speciessharing
the samepredators and prey in a food web. Here, we call
these phenotypic clusters \trophic species." To court
these species,we de ne a baseline level for the density
function (> ") to identify ead connectedcluster in the
phenotype space. The number of speciesdoesnot change
signi cantly unlesswe take baseline valuesthat are too
low or too high. Below, we report the details of this
branching phenomenonand analyseit with regardto the
interaction strengths and biomass.

Branc hing pattern

We obsene ewolutionary branching of trophic speciesin
a wide range of parameter values. Thesebifurcation pat-
terns are classi ed into three typesin terms of biological
functions, by referring to Figure 2 (afi).
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Figure 2: Evolutionary branching of trophic speciesis
simulated. Darker colours indicate higher densities of
the phenotype. Contours with solid lines correspond to
the baseline abundancetruncated by . Dashed lines
on the u axis indicate the organic resource distribu-
tions (R(z)-L(z)). Model parameters: M = 10:0;
130D, = 1:2 10 :D, = 06 10 ":c = 0:1;d
1.00K = 1.0 10%" = 1.0 10 %, = 50 10 2L,
15= ; . =0 . =008 t=50 10 ¢

Type u: predator-branching

In Figure 2(a) ! (d), the initial trophic species
branchesto produce new trophic species. The r-trait

of the initial trophic species,expressedas a distribu-

tion function (with a broken line) on the u-axis, pro-
vides another potential resourceto the initial trophic

species. Thus, a part of the trophic speciesewlvesto
exploit the new resourceby branching its u-trait.

This predation forces\prey" speciesto ewolve an r-
trait to avoid being predated and \predator" species
also ewlve a u-trait to pursue the \prey" species,
which givesrise to a ewolutionary \arms race" (Fig.
2(c)! (d)). Whenewer we start from a singletrophic
species,the primary branching is always this type.

Typer: prey-branching

Instead of escapingfrom predators, a trophic species
as prey sometimesbranchesits r-trait. In Figure 2(e),
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Figure 3: Extracted food-web topology from Fig. 2. (a)
and (b) correspond to (g) and (i), respectively. Each
letter denotes a trophic species. Arrows indicate the
resource o ws among the trophic species.

the two phenotypes simultaneously branch their r-
characteristics, developing four new phenotypes.

Type n: net-branching

Simultaneous branching of both r- and u-traits. A
clearexamplecan be found in Figure 2(g). Someother
casesare found when two predators exploit a single
prey from both sidesor when two predator-prey sys-
tems collide with ead other. By this branching, the
structure of the entire food web divergesabruptly and
becomescomplicated. The complexity of the network
is well obsened by abstracting the relational network
topology as in Figure 3. A topology assaiated with
Figure 2(f) is depictedin Figure 3(a). This will ewolve
into the network-Figure 3(b)-of Figure 2(i).

Because eath trophic species acts both as prey and
predator for other trophic speciesat the sametime, the
genericmedhanism of the ewvolutionary branching is com-
plicated. The network ewolves from a directed graph
(Fig. 3 (a)) to a rhizome structure (Fig. 3 (b)). To see
this whole process,the total branching tree is depicted
in three-dimensional space(Fig. 4). Successie branch-
ings occur along the time axis. A type-n branching only
occurs at the later stages.

The degreeof complexity a network can attain de-
pends on, for example, the interaction strength. The
ewolution is not a homogeneousprocess,but accompa-
nies various dynamics, We study these features below.
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Figure 4: Phylogenetic tree extracted from the simu-
lation with the same conditions as in Figure 2. Each
line indicates an historical trace of ead trophic species,
wherethe line width expresseghe population sizeof the
trophic speciesat that time. The time slice of this phy-
logenetic tree gives a phenotype distribution on a phe-
notype space(u;r). Each branching type is denoted by
a dierent line style.

Dynamics of evolutionary branc hing

This ewolutionary branching is assaiated with various
temporal dynamics related to the numbers of trophic
speciesand the total biomass. The critical control pa-
rameter is the strength of interaction in the equation
(7). The dynamic changesfrom periodic to chaotic by
increasingits strength. In the strong interaction region,
the large number of speciesis sustainedvia intermitten t
chaotic dynamics.

In the relativ ely lower strength regionsof Figures5 (a)
and (b), divergencesand extinctions of biomass occur
repeatedly. In theseregions, the system repeats type-r
and -u branchings, but seldom shows type-n branching.
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Figure 5: Time ewlution of the number of trophic
speciesand the biomassat di erent strengths of interac-
tion (). (a): = 10,(b): = 11,(c): = 20,(d): = 100.
Other parametersusedhave the samevaluesasin Figure
2 exceptthat Lo = 22=. (e) is a typical phenotype dis-
tribution of (a) and (b), and (f) is a typical phenotype
distribution of (c).
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Finally, seweral large clusters of phenotype spread the
region, arriving at massiwe extinction. As a result, the
entire food web resetsand it starts again from the bot-
tom trophic speciesthat usethe inward resource(L (z2)).
The samescenario;an excessreproduction of a particu-
lar trophic species,triggers excessreproduction and its
distribution isrepeated. The assaiated two-dimensional
phenotype spaceis depicted in Figure 5(e), where four
trophic speciesare expanding without branching. Thus,
no food web increasesin complexity.

On the other hand, the larger interaction strength
ewlvesinto aregular lattice on the two-dimensionalphe-
notype space (Figure 5(f)). The excessreproduction
of trophic speciesis suppressedby forming a laterally-
inhibiting network. The organized food web continues
expanding outwards. At the outside of the food web,
sub-networks based on the bottom trophic speciesbe-
comeextinct. At the sametime, new networks basedon
the new bottom trophic speciesare createdin the inside
of the food web. Becausethe speedof this extinction and
expansionof the network is stabilized, the total biomass
and the numbers of all trophic speciesare maintained
dynamically. This picture is well demonstrated in Fig-
ure 5(c). It is interesting to note that the systemhasa
much larger number of speciesin Figure 5(c) rather than
in (a) and (b): eventhe ertire biomassis suppressedn
the caseof (c). However, a big extinction is aperiodically
induced in Figure 5(c). When the interaction strength
is much larger, the amplitude of biomasschangesis sup-
pressedand shavs more stable oscillations. Instead, the
food web at this stage cannot sustain a large number of
speciesbecauseof the shortage of biomass.

Whether a systemshows periodic, chaotic or other dy-
namics is mostly determined by the parameters. Practi-
cally, the interaction strength  determinesthe kinds of
branchings. The maximum predation level M has asim-
ilar e ect to .

In the next section, we study how the ertire dynam-
ics depend on interaction strengths and other ecological
parameters.

Interaction Strengths and Mutation Rates

By changing parameter values, we measuredthe long
time averagesof the number of species,and the specia-
tion and extinction rates.

1)Interaction Strength (): (Fig. 6)

A larger strength of interaction leads to a smaller
biomasswithout temporal oscillation. Becauseit is di -
cult to sustain species,the number of speciesbecomes
smaller. On the other hand, the smaller interaction
strength delays the increasein the number of predators.
Therefore, this can produce a large biomassbut with an
unstable temporal oscillation that easily leadsto extinc-
tion. The number of speciesis suppressed.

With a middle strength (around 20), the averagenum-
ber of speciesattains a maximum value having the same
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Figure 6: A relation betweenthe strength of interaction
() andthe numbersof trophic species.An averagenum-
ber of species, extinction and ewlutionary branching
through along time-step (6 10°) is computed. The rela-
tive amourts of extinction and branching almost coincide
over this wide range. Model parameters: Lo = 22=,
and the others are usedwith the samevaluesasin Fig-
ure 2.

temporal variation asthe biomass. When the number of
speciesattains a maximum value, the extinction and spe-
ciation rates also becomemaximum, asis seenin Figure
6. Note that those two rates have almost equal average
values. This re ects that the food web temporally col-
lapsesto the initial state sothat it reorganizesthe ertire
network, or the food web with balanced speciation and
extinction.

2) Mutation rates (Fig.7)

When the mutation rates of two traits (Dy;D;) are
set at the same, the number of speciesgets larger. In
general,when D, is lessthan D, a system holds more
speciesthan in the opposite situation. A similar ar-
gumert can be found given by Ikegami and Kaneko
(T.Ik egami& K.Kaneko 1990). The ertire biomass(Fig.
7(b)) becomedarger whenthe absolutevaluesof D, and
D, are smaller and the asymmetry is larger.

A relation between biomass and species

div ersity

A large biomassdoes not necessarilyimply a maximal
number of species. In Figure 8, the relationship be-
tweenthe number of speciesand the biomassis depicted.
The number of speciesforms a corvex function of the
biomass. This corvex form is obsened over a wide range
of parameter values (e.g. mutation rates and the inter-
action strength). Figure 8(a) is computed from Figure
5(d), which shows a sharp peak around 0:1. Here the
biomassis well distributed over the trophic speciesand
the hole in the network causedby sub-extinction will
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Figure 7: The e ect of mutation rates on the numbers
of trophic species(a) and of biomass (b). Horizontal
and vertical axesare mutation rates of the utilizer trait
u and resourcetrait r, respectively. Model parameters:

= 130;Lo = 20=, and the others are used at the
samevaluesasin Figure 2.

soon be compensatedfor by the new network.

This convex shape is alsoobsenedin di erent param-
eter changessud as mutation rate (Fig. 8(a)) and in-
teraction strength.

A case of F= UR=U + R=M)

Instead of using F, we analyseda model equation with
F. In this casetoo, type-r, -u and -n were obsened. By
these branchings, dewelopmert and sudden extinctions
of trophic speciesoccur (Fig.9 (a)). As a result, the
mutation rate producesthe samee ect on the average
number of trophic speciesand biomass.

However, we could not obsene a dynamic stable state
asin Figure 5(c). Instead, a nearly xed phenotype dis-
tribution lasts for a long time in the regionof D, > D,
(Fig.9 (b)). It seemsthat many di erent organizations
can be possiblein this stable phase.

Some oscillating phasesthat hold stable phenotypic
distribution also appear in Figures 9(c) and (d). These
phasestend to collapseby oscillationary divergence.Af-
ter the extinction, a new food web structure becomes
reorganized.

Discussions

In this model, we have studied the ewolution of \trophic
species", which are functional groups of taxa consist-
ing of speciessharing the same predators and prey in
a food web. The concept of trophic speciesis some-
times criticized but is widely accepted, and structural
food web studies can reduce biasesin the data by using
it (Williams & Martinez 2000).

We distinguish two di erent time scalesin the presen
simulations. A longer time scalecorrespondsto an evo-
lutionary food web scale,which is determined by succes-
sive large extinctions. A shorter time scalecorresponds
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Figure 8: A relationship betweenbiomassand the num-
ber of trophic species. (a) generatedfrom Fig. 5(d), and
(b) from Fig. 6.

to a within-fo od web dewvelopmertal time scale, where
new trophic speciesare synthesizedon the local portions
of the phenotypic space. The term evolvability usually
implies inheritance of genetic potential to produce new
characteristics over a longer time scale. The term eco-
logical diversity meansto develop a food web network in
a shorter time scale. An advantage of our model is that
ewlvability and ecological diversity are studied in the
samemodel. Both ewlvability and diversity require a
certain degreeof instability in the system. Evolvability
needsto destabilize the establishedfood web to intro-
duce new trophic speciesand thus intro duce a new form
of a food web into the system. Under a certain range
of interaction strengths with the condition of mutation

rates, , < ., largediversity isdeveloped. Thus, preda-
tors should have larger mutation rates than prey to pro-
ducediversity. A similar condition hasbeenreported for
host-parasitoid systems(T.lk egami & K.Kaneko 1990).
In the wide parameter range of our model, a system au-
tonomously breaks down its own food web structure to
synthesize a new food web. In other words, instabilit y
that generatesa local speciesbranching event will nally

leadto alarge scaleinstabilit y that resetsthe entire food
web.

Evolutionary branching of the trophic speciesin the
presert model is categorizedinto three types. Type-u
is branching as a competitor (or predator), which corre-
sponds to previous models for evolutionary branching
through niche-shift for new resourcesby intra-species
competition (Doebeli 1996; M. Kawata 2002). On the
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Figure 9: Evolutionary dynamicswith F. (a) Time evo-
lution of distributions of traits u(left) and r(right). A
phenotype distribution in a stable phase (b), and in
that of the oscillating phase ((c) & (d)). Model pa-
rameters: M = 10.0; = 10:0;D, = 845 10 & D, =
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other hand, type-r and type-n are branchings produced
by predator-prey interaction, that is inter-speciescom-
petition.  Previous models for ewlutionary branching
by predator-prey interaction have shown that, at one
time, a single pair of predator-prey systemssplits into
two pairs (four populations) or a single prey splits into
two preys exploited by the same predator (three popu-
lations) (Savill & Hogeweg 1998; Doebeli & Dieckmann
2000). Type-n can generatemore than two speciesat a
time, becausea singlepair of predator-prey systemsplits
e ectiv ely into six trophic species(two preys and four
predators) at onetime. This type of speciation might be
possiblein real populations, which have both resource
competition and intra-guild predation.

Based on our model simulations, we suggestthe fol-
lowing insights into the relationships between1) interac-
tion strength and stability, and 2) biomassand species-
diversity.

1) Interaction Strength vs. Stability

Evolution of trophic speciesin our model may corre-
spond to atravelling wave phenomenonin the phenotype
space. The stability of the trophic speciesis sustained
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when there exists a time lag betweenthe growth of prey
and that of predators, asit generatesa traveling waves
of prey chasedby predators. Thus, eath speciesmain-
tains its population ewolving directionally. This time lag
increaseswhen the interaction strength is weak (a small
).

However, a weak interaction rate tends to destabilize
the whole food web and results in relatively small diver-
sity. By cortrast, there are studies reporting that weak
interaction has a stabilizing e ect to maintain high di-
versity by dumping the population dynamics of the food
web (McCann 2000; Neutel, Heesterkeek, & de Ruiter
2002). This paradox may arise becausewe are concerned
with dynamic stability through the directional evolution
of eadh trophic species. On the other hand, these empir-
ical studies do not concern ewolutionary dynamics, but
population dynamics.

2) Biomassvs. Species-Diersity

Another important result is that the number of trophic
speciesbecomesmaximum at a medium biomass. We
argue that this dependency on the biomasscan be ex-
plained as follows. When the amount of biomassis low,
the systemsimply cannota ord to have any higher order
niches,and the number of speciesmay be suppressed.On
the other hand, the systemmay develop a large biomass
only when plant speciesare prospering in the absenceof
predators. Thus, the number of trophic speciesis kept
lower. Only the mid range of biomasscorrespondsto a
rich and complex food web network. There are many
empirical studiesinvestigating the relationships between
biomass or productivity and species diversity. Most
of them (Abramsky & Z 1984; Tilman & Pacala 1993;
Leibold 1999; Ritchie & Ol 1999; Waide et al. 1999;
Dodson, Arnott, & Cottingham 2000; Gaston 2000) re-
port the same tendency as our results here: that di-
versity peaks at intermediate productivity or biomass.
However these empirical researtes were focused on a
restricted range of trophic levelsin the whole food web;
on the other hand, we investigated the relationship at
a higher level betweenthe whole biomassof a food web
and the numbers of trophic groups, ead of which may
cortain se\eral species. This interesting concordancebe-
yond scaledi erence in afood web might imply a univer-
sal restriction on the relationship betweenbiomassand
diversity.

A criticism of the present model is that to represen a
resourceby a single dimensionis an extreme simpli ca-
tion. Indeed, our simpli cation from actual multidimen-
sional niche-spaceshould be reducing some aspects of
real evolutionary dynamics. For example,in our model,
when two pairs of arms-racing predators and preys are
approading ead other in the phenotype spacethey al-
ways collide. On the other hand, they may not collide
if there is enough distance betweenthe pairs in the di-
rection of another niche-axis. Thus, an extensionof the
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presert model to take multidimensional traits into ac-
court may be necessary However, as food websare as-
senbled in the sameway in our model, assigning each
specieson onedimensionalniche-axishelpsexplain many
characteristics of real complex food webs (Williams &
Martinez 2000) and may provide a certain assurance
that the ewolutionary dynamics of food webs are also
described su cien tly in our simple rule.

To make the presert model closerto real food webs,
the introduction of mating mechanisms is important.
This provides a certain viscosity with populations by
gene- ow betweenphenotypes, which will convergeead
mating group as a \species" under ecological de ni-
tion and will provide more realistic evolutionary dy-
namics of a food web consisting of those species. An-
other extension will be to improve a new form of re-
source ow F(z). As we have described, the new form
of F(z) certainly provides more rich ewolutionary path-
ways. It is also interesting to note a connection be-
tweenthe present model and the approachesbasedon the
replicator equations (K.Hashimoto & T.lkegami 2001;
T.lk egami & K.Hashimoto 2002). For example, the no-
tion of keystone speciesshould also be examinedin the
presert model.
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