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Foodwebs

This is a marine pelagic food web (Laws et al. 2000)
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Point? Amongst other things - dynamical system
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Foodwebmodelbehaviour, predator-prey

Consider a simple predator-prey
Lotka-Volterra system

dH
dt

= (1 � 0:1P )H ;

dP
dt

= (� 0:5 + 0:02H )P:

H

P
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Foodwebmodelbehaviour

(a11a22�a12a21)

�(a11+a22)
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Foodwebmodelbehaviour, morethantwo compartments

Gilpin, M. E. (1979) “Spiral chaos
in predator-prey model”, The
American Naturalist, 113: 306±
308

dxi

dt
= (ai �

3X

j =1

bi;j x j )x i (1)

where a1 = a2 = � a3 = � 1,
b1;1 = b1;2 = b2;2 = b2;3 =
0:001, b2;1 = 0:0015, b1;3 = 0:13,
b3;1 = � 0:005, b3;2 = � 0:0005,
b3;3 = 0.
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We wantmodelsto behave like realsystems,but how?

How do ecosystems behave?

"Balance of nature": Species can recover from perturbations

The system as a whole can survive

Tautology: ecosystem must have survivability, or else it will not exist
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We wantmodelsto behave like realsystems,but how?

How do ecosystems behave?

"Balance of nature": Species can recover from perturbations

The system as a whole can survive

Tautology: ecosystem must have survivability, or else it will not exist

stability: a proxy measure of the ability of the system to survive in the face of
perturbations

But there's many de�nitions of a system surviving

What aspect of the system is surviving?

What are the perturbation types? (Removal of individuals, removal of species,
introduction of species ...)

so how do we quantify stability?
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We wantmodelsto behave like realsystems,but how?

How do ecosystems behave?

"Balance of nature": Species can recover from perturbations

The system as a whole can survive

Tautology: ecosystem must have survivability, or else it will not exist

stability: a proxy measure of the ability of the system to survive in the face of
perturbations

But there's many de�nitions of a system surviving

What aspect of the system is surviving?

What are the perturbation types? (Removal of individuals, removal of species,
introduction of species ...)

so how do we quantify stability?

Mathematical convenience
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Measuringstability

Local stability:

Tends to a point in phase space

Analysis only describes local behaviour

Basin size?
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Measuringstability

Local stability:

Tends to a point in phase space

Analysis only describes local behaviour

Basin size?

Sector stability:

Tends to a point in phase space

True for entire positive cone

A bit too strict?
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Permanence

Permanence means that populations stay
bounded:

Recover after being brought near
extinction; and

don't shoot off to in�nity

Boundary is a repellor
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Permanence:transversaleigenvaluetest

Test for permanence

Test that every point on boundary repellor ...

... or simplify the model - shortcut

Transversal eigenvalue test (Kirlinger 1988)

If we simplify by:
Lotka-Volterra
_xi = xi (di +

P n
j =1 ai;j x j )

Unique positive steady state (not necessarily stable)
Dissipative

Then, need only test that boundary steady states are repellors
Check at least one transversal eigenvalue greater than zero
di +

P n
j =1 ai;j x?

j > 0

Bring sets of species close to extinction
Crudely ± check `reinvasion' of sets of species
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Is permanencea goodmeasureof stability?

Testing permanence

Ecosystems must be stable, for if they were not, they wouldn't exist

Being stable must imply possessing certain special attributes

Food web models should also possess these attributes

But we don't know how to measure true Stability, so can we reason backward?

We propose permanence as a good measure of stability

We generate many permanent food webs, and notice that they have certain
attributes in common.
Do these attributes re�ect real food web attributes? Compare to empirical
literature

Agreement ± Attributes that might be stability related
Disagreement ± Attributes that require other explanations
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Lessonsfrom history

Getting a large, stable food web model is notoriously dif�cult

May (1972) on local stability

Randomly connected food webs with random coef�cients

The probability of getting a locally stable food web drops precipitously as the
size and connectance of the web increases
How could that be when real food webs are big and highly connected?
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Getting a large, stable food web model is notoriously dif�cult

May (1972) on local stability

Randomly connected food webs with random coef�cients

The probability of getting a locally stable food web drops precipitously as the
size and connectance of the web increases
How could that be when real food webs are big and highly connected?

Food webs don't occur by just throwing random species together!

Incremental food web assembly using stability as a constraint

Chen & Cohen (2001) on permanence

The probability of getting a permanent food web drops precipitously as the
size and connectance of the web increases ...
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Lessonsfrom history

Getting a large, stable food web model is notoriously dif�cult

May (1972) on local stability

Randomly connected food webs with random coef�cients

The probability of getting a locally stable food web drops precipitously as the
size and connectance of the web increases
How could that be when real food webs are big and highly connected?

Food webs don't occur by just throwing random species together!

Incremental food web assembly using stability as a constraint

Chen & Cohen (2001) on permanence

The probability of getting a permanent food web drops precipitously as the
size and connectance of the web increases ...

Plan
1. Create food web building algorithm
2. Use permanence as its constraint

3. Measure attributes of model webs
4. Compare to empirical literature
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Empiricalliterature

Cohen (1989) summarised the properties of 113 food webs from the literature, and
his own studies.
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Empiricalliterature

Cohen (1989) summarised the properties of 113 food webs from the literature, and
his own studies.

Maximum chain length

Path from basal species to top species

The median maximum chain length was
4
The maximum 10

Trophic fractions

Scale invariance

INTERMEDIATE

TOP

BASAL
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Datafrom Cohen(1989):trophicfractions

Trophic fractions

Scale invariance

1. top: 0.29
2. intermediate: 0.52
3. basal: 0.19
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Datafrom Cohen(1989):trophicfractions

Generalisations of Cohen (1989)
cont'd.:

Link-type fractions.

Scale invariance

1. Basal-intermediate:
0.274

2. Basal-top: 0.077
3. Intermediate-

intermediate:
0.301

4. Intermediate-top:
0.348
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Datafrom Cohen(1989):trophicfractions

Cohen (1989) had 9 food web generalisations, of which I've discussed three

1. Short maximum chain length

2. Trophic fractions

3. Link-type fractions

These generalisations are controversial

Webs collected weren't accurate
Later literature: Scale variance, not invariance

Different values for trophic fractions - more basal, more prey

Current trends in food web generalisation literature use different measures
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Ourmodel

Dissipative generalised Lotka-Volterra (how convenient)

dxi

dt
= xi

0

@di +
nX

j =1

ai;j x j

1

A ;

where
xi is the biomass of compartment i ,

di is the intrinsic rate of increase of compartment i ,

ai;j are the interactions between a compartment i and compartment j .

Autotrophs

di > 0

ai;j � 0 8j

ai;i < 0 (dissipative)

Heterotrophs

di < 0

ai;j may take either sign

ai;i = 0

Also
jdi j; jai;j j < 1 (scaling)

If sgn(ai;j ) = + , and sgn(aj ;i ) = � (i is the predator, and j the prey),
then jai;j j � jaj ;i j .
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Foodwebassembly- Thealgorithm

Initial system

Generate new
compartment

Food Web Building Algorithm

START

P
os

t�p
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g

Initial system

Size two chain

New compartment

Randomly choose which it
interacts with
Random values for coef�cients
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Foodwebassembly- Thealgorithm

Initial system

Generate new
compartment

Can it invade?

Food Web Building Algorithm

START

P
os

t�p
ro

ce
ss

in
g

Transversal eigenvalue test

Reduce invader compartment
biomass to very small value

See if it has a positive growth
term at this value
Solve steady state of system in
absence invader i

x ? where x?
i = 0

If transversal eigenvalue
greater than zero, can invade

di +
nX

j =1

ai;j x?
j > 0
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Foodwebassembly- Thealgorithm

Allow invasion.

Identify subsystems

Initial system

Generate new
compartment

Can it invade?

YES

NO

Food Web Building Algorithm

START

P
os

t�p
ro

ce
ss

in
g

Identify subsystems

All combinations
Call removed sets of
compartments `branches'
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Foodwebassembly- Thealgorithm

Allow invasion.

Identify subsystems

Initial system

Generate new
compartment

New system
permanent?

Can it invade?

YES

NO

Food Web Building Algorithm

START

YES
P

os
t�p

ro
ce

ss
in

g

Transversal eigenvalue test again

Special property of GLV
systems - need only test
boundary equilibria

Same as before, only this time,
entire branch being removed is
held near zero

x ? where x?
i = 0

8i 2 branch removed

If at least one transversal
eigenvalue is greater than zero
for every possible branch
removal, the system is
permanent

di +
nX

j =1

ai;j x?
j > 0
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Foodwebassembly- Thealgorithm

Allow invasion.

Identify subsystems

New system
permanent?

NO

Randomly choose a
permanent subsystem

Initial system

system
Record resulting

Generate new
compartment

Can it invade?

YES

YES

NO

Food Web Building Algorithm

START

P
os

t�p
ro
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ss
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g

If several permanent subsystems,
which branch to remove?

Compartment that triggered
instability (Drake 1990, Post &
Pimm 1983)?

Implies direct feed-back

Randomly choose permanent
subsystem
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Foodwebassembly- Thealgorithm

Allow invasion.

Identify subsystems

New system
permanent?

NO

Randomly choose a
permanent subsystem

exceeds max?

No. of
subsystems

Initial system

system
Record resulting

systems=500?
recorded
No. of

Generate new
compartment

Can it invade?

YES

YES

NO NO
YES

NO

Food Web Building Algorithm

START

YES
P

os
t�p

ro
ce

ss
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g

Computational constraints

Collected 500 systems per
continuous run
Largest connected food web
from each system

Exponential increase in number
of subsystems

Control
No constraints upon which
species can invade, and all
systems persist to next step
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ResultsandDiscussion

Recall:
Compare to empirical literature

Agreement ± Attributes that
might be stability related

Disagreement ± Attributes that
require other explanations

Meaningful agreement: Maximum
chain length

Increases with size
Lower than control
Often argued from energetics

Resilience, another stability
measure, is known to constrain
maximum chain length Pimm &
Lawton (1977)
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ResultsandDiscussion

Meaningful disagreement: Trophic
fractions and link-type fractions.

Major differences

higher basal fraction,

lower intermediate fraction, and

higher basal-top link-type
fraction

Basal underestimated in early litera-
ture
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ResultsandDiscussion

Meaningful disagreement: Trophic
fractions and link-type fractions.

Major differences

higher basal fraction,

lower intermediate fraction, and
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fraction

Basal underestimated in early litera-
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Lions eating grass?
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Sneakpreview: Invasability

What can this teach us about invasion?
Invasion and replacement a `natural' part of the algorithm - stability

Davis (2001) essay on putting invasion ecology inside the wider ecology

Looking only at perversions of invasion-replacement process

(This criticism may not be very fair!)
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Sneakpreview: Invasability

Is the species loss related to the invader's attributes?

Results:
Species loss due to invading autotrophs is correlated with the autotroph
having:

low self-inhibition,
high growth rate,
a larger number of predators, and
predators that are ef�cient.

Species loss due to invading heterotrophs is correlated with the heterotrophs
having:

a larger number of interactions,
predators,
a low death rate (weak), and
many prey (weak).
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Sneakpreview: Invasability

Is the species loss related to the invader's attributes?

Results:
Species loss due to invading autotrophs is correlated with the autotroph
having:

low self-inhibition,
high growth rate,
a larger number of predators, and
predators that are ef�cient.

Species loss due to invading heterotrophs is correlated with the heterotrophs
having:

a larger number of interactions,
predators,
a low death rate (weak), and
many prey (weak).

Invaders that interact more strongly with the system are more likely to cause
species loss than those that do not.
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Take homemessages

food web ! dynamical system ! whole system behaviour
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food web ! dynamical system ! whole system behaviour

survivability of system by tautology
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Take homemessages

food web ! dynamical system ! whole system behaviour

survivability of system by tautology

but stability measure 6= survivability ± must test, understand limitations
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Take homemessages

food web ! dynamical system ! whole system behaviour

survivability of system by tautology

but stability measure 6= survivability ± must test, understand limitations

invasion-replacement in natural context
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Questions- Invasionresultsthusfar

Species lost No spp lost

Number of invasions 70 invasions 79 invasions
Proportion autotroph invaders 8/70 41/79
Proportion heterotroph invaders 62/70 38/79

Mean no of interactions - autotrophs: 1.5000 0.73171
Mean no of interactions - heterotrophs: 3.0484 2.4211

Mean autotroph ai;i -0.28434 -0.45196
Mean autotroph di 0.80679 0.55602
Mean heterotroph di -0.37539 -0.42402

Mean no of prey - heterotrophs: 2.7742 2.1053
Mean predn strength of invader - heteros effect on self: 0.32492 0.30247
Mean predn strength of invader - heteros effect on prey: -0.54227 -0.57323
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Questions- Invasionresultsthusfar

Species lost No spp lost

Number of heterotrophs with predators 17/62 9/38
Mean no of predators - heterotrophs: 0.27419 0.31579
Mean preyed-upon strength - heteros effect on self: -0.43891 -0.47354
Mean preyed-upon strength - heteros effect on predator: 0.27190 0.20027

Number of autotrophs with predators 8/8 28/41
Mean no of predators - autotrophs: 1.5000 0.73171
Mean preyed-upon strength - autotrophs effect on self: -0.45607 -0.43668
Mean preyed-upon strength - autotrophs effect on predator: 0.31870 0.19483
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Questions- Feedbackfrom review

Main criticisms were:
Paper overly long - intro and results.

Cutting back intro
Using statistical descriptions instead of �gures

Scale-variance/invariance and trophic fractions should not be the focus:
Compare with newer literature
Use newer metrics

Both of these imply generating larger webs

Generating larger webs - No way around having to �nd every subsystem, so I'm
pursuing two alternatives

Use webworld - numerical
Focus on only those metrics that are meaningful for small webs
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Questions- Newermetrics

Newer metrics I will investigate

Connectance: L=S 2

Robustness: Secondary extinctions resulting from a species deletion.

Omnivory: Done, but several ways to measure.

Trophic level measures: Done, but several ways to measure.

Transportation properties: Create a minimal spanning tree of a web and then
measure the no. of spp. feeding on each spp. directly and indirectly.

Motifs: Search for recurrent shapes in the web.

Chordless cycles: Find non-triangular shapes in the niche-overlap graph.
Related to intervality.

Level of diet discontinuity: the proportion of triplets (sets of three
non-monophagous consumers) with an irreducible gap (any arrangement of
the binary matrix of the niche-overlap graph of the consumers leaves a `gap'
e.g. [1; 1; 0; 1; 0; 1; 0; 1; 1]).

Similarity: The number of predators and prey shared in common between two
species divided by the pair's total number of predators and prey. Average of
the largest similarity over all spp.
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Questions- Newermetrics

Newer metrics I will investigate

Vulnerability:

Vi =
1

L=S

SX

j =1

aj ;i ; (2)

where element ai;j is 1 if species j consumes species i , and 0 if not.

Generality

Gi =
1

L=S

SX

j =1

ai;j : (3)

Small-world properties:

Characteristic undirected path length: the average shortest path length
between all pairs of species

Clustering coef�ent: the average fraction of pairs of species one (undirected)
link away from a species that also have an undirected link between one
another
Cummulative degree distribution: the fraction of trophic species P (k) that
have k or more trophic links (both predator and prey links).
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Questions- Balanceof nature

The existence of a supposed balance of nature is usually argued
somewhat as follows. Species X has been in existence for thousands or
perhaps millions of generations, and its numbers have never increased to
in�nity or decreased to zero. ... Such “observations” are made the basis for
the statement that population size is “controlled” or “regulated”, and that
drastic changes in size are the results of upsetting the “balance of nature”
(Ehrlich & Birch 1967, p. 97).

The error lies in presupposing a particular mechanism of survival. For example, in
response to the hypothesis that plants are resource limited, which promotes system
stability, Ehrlich & Birch (1967) state “Having �rst de�ned “limited”, it would then be
necessary to sample a wide range of plant populations to see how they are “limited””. In
other words, just because the system has survived, does not mean that the mechanism
by which it survived is the same stability mechanism that happens to be the �a vour of the
day. Similarly, one must be very speci�c about the (inevitably inadequate) de�nition of
stability being used, and seek to separate the possible effects of that stability from other
pattern-forming in�uences in the ecosystem.
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