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Abstract The cascade model successfuly predicts matiy tests, we show that a size-ratio based model repre-
patterns in reported food webs. A key assumption sgnts a significant improvement over the cascade mod-
this model is the existence of a predetermined tropleic These results suggest that models with heterogene-
hierarchy; prey are always lower in the hierarchy thaws predation probabilities will fit food web data better
their predators. At least three studies have suggedieah the homogeneous cascade model. They also sug-
that, in animal food webs, this hierarchy can be egest a new way to bridge the gap between static and dy-
plained to a large extent by body size relationships.namic food web models.

second assumption of the standard cascade model is

that trophic links not prohibited by the hierarchy occugey words Food webs - Body size - Cascade model -

with equal probability. Using nonparametric contingerGontingency tables - Kernel smoothing

cy table analyses, we tested this “equiprobability hy-

pothesis” in 16 published animal food webs for which
the adult body masses of the species had been estilmroduction

ed. We found that when the hierarchy was based on

body size, the equiprobability hypothesis was rejectBdologists have reported a number of patterns in food web
in favor of an alternative, “predator-dominance” hyeollections (Lawton 1989; Yodzis 1989; Pimm et al. 1991;
pothesis wherein the probability of a trophic link varigdall and Raffaelli 1993) including patterns in the number
with the identity of the predator. Another alternative tof prey per predator (MacDonald 1979); in the proportions
equiprobabilty is that the probability of a trophic linlof basal, intermediate, and top species (Briand and Cohen
depends upon the ratio of the body sizes of the two sf884; Cohen and Briand 1984); in the length of food
cies. Using nonparametric regression and liklihood rehains (Elton 1927; Hutchinson 1959; Pimm and Lawton
1977; Pimm 1982; Briand and Cohen 1987); in the lack of

M.G. Neubert []) feeding loops (acyclicity) (Gallopin 1972); and in patterns
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hierarchy prohibits certain trophic interactions: a givehat prey that are too small might not contain enough en-
species cannot eat another species that ranks above érgy to justify their capture and consumption. As a re-
the hierarchy. We say that the cascade model is “pbkak, there might be a preferred prey size range that is a
nomenological” because it does not specify the mecliaaction of the predator’s size (Thiebaux and Dickie
nism that generates the hierarchy. 1993; Hansen et al. 1994). Because predator-prey pairs
Attempts have been made to put the cascade modeams usually part of a complex food web, it is also possi-
a more mechanistic footing. Perhaps not surprisingly, thie that predator-prey size relationships are affected by
approach that has received the most attention focuseslpmamic constraints working on the whole community,
body size, a morphological characteristic that affects perhaps via selective extinctions (Fowler and MacMahon
most every aspect of a species’ ecology (Peters 198382) of predators with extremely large or small prey.
Calder 1984). Body size is correlated with metabolionsson (1998) showed that predator-prey size ratios de-
rates, ingestion rates, vital rates, locomotive ability, horogase, on average, with trophic height. Jonsson and
range size, and (negatively) with population density Ebenman (1998) showed that a correlation between in-
name but a few examples. Elton (1927) noted that bddyaction strengths and predator-prey size ratios in a food
size also constrains the size of food that a predator chain model tended to decrease the characteristic return
eat: consumers are generally larger than what they ctime to equilibrium. Do these constraints generate a non-
sume. This pattern has been documented in both aquatidorm frequency distribution of predator-prey size ra-
(Sheldon et al. 1972, 1973; Hansen et al. 1994) amak within a community? To find out, we employed a
terrestrial (Vézina 1985) habitats, for both vertebrat@nparametric regression procedure callée@rnel
(Gittleman 1985; Vézina 1985) and invertebrate (Warremoothing We describe this method and the results of
and Lawton 1987) predators, and across a range of meta- analysis in the penultimate section. It indeed turns
bolic types (Cohen et al. 1993). There are exceptionsotd that the predation probability as a function of preda-
the rule—parasites, decomposers, and pack hunters fortexprey size ratio can be significantly different from
ample—but in documented food webs these are indeedastant.
ceptions. In an examination of 31 published food webs,We describe the food web data we have used in the
Cohen et al. (1993) determined that the predator was largxt section. Like any data, they have shortcomings.
er than the prey in nearly 90% of the trophic links. Some of these have been addressed by other authors (see
Warren and Lawton (1987), Cohen (1989a), amdference above); some we address in the concluding dis-
Cohen et al. (1993) have suggested that body size pnassion section. Despite these deficiencies, our analyses
vides a mechanistic interpretation of the assumed troptégeal evidence that the webs that we studied are struc-
hierarchy of the cascade model, albeit an imperfect ohged in a biologically reasonable way. Our results also
Cohen et al. (1993) showed that when species are rankeglgest important ways to improve the biological real-
by body size, webs conform more closely to a trophism of food web models.
hierarchy than would be expected if ranks were assigned
randomly.
The second crucial assumption of the cascade mobké data
is that within a web, the trophic links that are not prohib-
ited by the hierarchy are assumed to be independent &hd webs that we used for this study are a subset of 53
identical Bernoulli random variables. In other words, theebs from the EcoWeb database (Cohen 1989b). Esti-
probability that a species eats some species below itriates of average adult body mass have been made for
the hierarchy is assumed to be the same for any such puist of the species in these webs. The webs were edited
of species. We call this tregjuiprobability assumption as follows: (1) Whenever present, humans were omitted.
But do body-size-based rankings agree with the eq(#) Since it is difficult (perhaps impossible) to assign
probability assumption of the cascade model? After feady masses to them, producers (or basal species) were
viewing the cascade model and its variants in the naido omitted. The webs thus became “consumer webs.”
section, we test the equiprobability assumption usi(®) Body mass estimates were not available for some
food webs in which the predators are larger than thspecies; these species were deleted. (4) Body mass esti-
prey and in which the species have been ranked by bawtes for trophic species were obtained by averaging the
mass. The tests that we use are equivalent to tests fordstimated adult body masses of the constituent biological
mogeneity of proportions in contingency tables. Ospecies. (5) Thirty-seven webs had at least one predator
analysis shows that predation probabilities tend to diff@hich consumed a prey larger than itself and thus had
among the predators in a web, but seem to be constanbe eliminated from our analysis. The remaining 16
among the prey. Thus the probability of a trophic linkebs—which we use in the following analyses—are listed
between any two species should be more related to,ifofable 1 along with their sizes before and after manipu-
example, the hunting abilities or morphology of thiation and the number of links in the resulting consumer
predator than, for example, the abundance or defensiabs.
abilities of the prey. The body mass data for webs 2—39 were provided by
Although there is less evidence that prey sizes &eYodzis (unpublished data). They were previously used
also constrained from below, it is reasonable to suspbgtYodzis (1984) to study the effect of metabolic type on
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Table 1 Potentially size-struc-

tured food webs. Web number Web number Habitat description Species Consumers Links
represents the position of the .
web in the EcoWeb database Knysna estuary, South Africa 15 12 15
(Cohen 1989b; Cohen et al. Salt marsh, Georgia ) 7 4 2
1990a).Consumersre the 14 Mangrove swamp 1, Hawaii 8 7 6
tion of basal species, species Antarctic pack ice zone 19 16 24
without body mass estimates, 2 Prairie, Manitoba . 15 14 19
and humans. Values in paren- Mangrove swamp 6, Hawaii _ 22 14 10
theses indicate the number of Lake Nyasa, sandy shore, Malawi 37 32 43
species omitted due to lack of 42 Upwelling areas, Pacific Ocean 16 11 31
body mass data 49 Nearshore marine 2, Aleutian Islands 12 8 (1) 7
54 Western rocky shore, Barbados 15 8 (3) 6
61 Barren regions, Spitsbergen 9 7 6
62 Reindeer pasture, Spitsbergen 12 9 7
65 Yoshino River rapids, Japan 16 12 (2) 22
66 River Thames, England 10 7 10
68 Loch Leven, Scotland 22 15 (3) 15

predator-prey interactions and by Cohen et al. (1993)po=p, fori<j. Each of these alternatives falls into one of

examine the effect of body size on food web structutiree catagories: prey dominant, predator-dominant, or
One of us (T. Jonsson) estimated the body masses ofdiseance dominant. Other assumptions—concerning the
expected number of prey for a given predator (or vice
versa), and on the relationship between the number of

species in webs 42—68.

Stochastic food web models: the cascade model

and heterogeneous alternatives

species and the expected number of trophic links—dis-
tinguish models within the three catagories.

In a prey-dominant model, the predation probabilities
are the same for every potential predator of a particular

A convenient way to summarize the feeding relatioprey species (i.e., for every species of higher rank than
ships among species in a hypothetical food web is athe prey species). On the other hand, qualities intrinsic to
nxn predation matrix: if speciep eats species, then the various prey species—such as abundances or defen-
make theijth element of the matrix a “1”; otherwisesive abilities—may produce different predation probabili-
make it a “0”. One can imagine that for an actual fodigts among the potential prey of a particular predator.
web, the predation matrix is a realization ofresm ma- Thus the predation probabilities only depend upon the
trix random variablé. identity of the prey species:
The cascade model is a stochastic process that gener- e
ates the distribution oA. Each element o is assumed predator - dominant model: p; :{pj ifi<j, 2)
to be an independent binary random variable with Lot iz
Pr(A; = 1) =p;. The predation probabilities; are deter- Prey-dominant models assume that the predation proba-
mined by an (unknown) ranking of the species within tidities are constant within rows of (the upper triangular
community. If the rank of specigds less than or equalpart of)A, but may differ between rows.
to the rank of specids p; = 0. If the rank of specigsis The situation is reversed in predator-dominant mod-
greater than the rank of specieghenp; =p, p a con- els, in which the predation probabilities only depend up-
stant. By naming the species according to their raok the identity of the predator. Every potential prey of a
(which we do, without loss of generality, from here omjiven predator is equally likely to be part of that preda-
the cascade model predation probabilities satisfy tor’s diet, but the predation probabilities may differ be-
pif i< tween preqla’gors because of differences, for _examplg, in
0if i> j’ (1) hunting abilities or morphology. Predator dominance im-
- plies that the predation probabilities are constant within
Any realization ofA under the cascade model will beolumns ofA, but may differ between columns:
strictly upper triangular (i.e., every element of the real- it i<
ization laying on or below the main diagonal will be zeyredator - dominant model: ! ={pj sl (3)
ro). This structure excludes the possibility of cannabal- 0if i2].
ism (sincep; = 0) as well as trophic cycles (e.ggatsj, If a species’ rank correlates with its body size, then dif-
j eatsk, andk eatsi). Finally, we note that there may bderences in body size between consumers and their prey
more than one ranking which produces a strictly uppmight determine the predation probabilities. A third class
triangular predation matrix representation for a giveri alternatives, distance-dominant models, tries to cap-
food web. All such rankings are calladmissible ture this structure by assuming that the predation proba-
Cohen (1990) introduced thirteen alternatives to thdities depend upon the difference between the ranks of
cascade model that relax the equiprobability assumptibe predator and the prey:

cascade model: p; :[
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Stance- dominant modes- B =10 if i>j. (4) B 111111007
, , _ - 00110117
Distance-dominant models have predation probabllltl% 0110117
that are constant along diagonalsfAgfbut may differ be- g 0101 1q (5)
tween diagonals. (Note, however, that a small differenge 1 8 i %D
in rank does not necessarily translate into a small diﬁ%- 1 OB
ence in body size.) O 10
Testing the equiprobability assumption: (The blank spaces in the matrix are all “0”s.) Each row
predation matrices as contingency tables (or column or diagonal) of the upper triangular part of

the matrix can be thought of as a separate sample. In ma-
In this section we describe a method for testing whethigx (5), counting by columns, the first sample has only
the food webs described above are consistent with trme observation, the second sample has two, and so on
equiprobability assumption of the cascade model. Thatil the tenth and last sample which has ten observa-
method is based on a standard test for the homogentdgys. As is standard in the statistical literature on binary
of proportions in contingency tables (Everitt 197¢ata, we call the 1s “successes” and the Os “failures.”
Collett 1991). These data can then be summarized in the form of a con-

We begin with an example. Consider a modified vetingency table (Table 2), which presents the number of
sion of web 42 (Fig. 1), and its 411 predation matrix  successes and failures in each of thesamples. The
number of samples is always one less than the number of
speciesm=n-1.

The cascade model assumes that the predation proba-
bility for the ith samplep,, is the same for every sample
and equal te. We call this null hypothesis theguiprob-
ability hypothesis

He P1=P2= """ =P =P (6)

An estimate of, call it p, can be calculated as the total
number of successes divided by the total number of suc-
cesses plus failures) is also called theonnectancef a
web.)

The alternative to the hypothesis is that at least one of
the samples has a different predation probability than the
others. The interpretation of this alternative hypothesis
depends upon how we define the samples. If we define
samples as rows in the predation matrix, then the alterna-
tive hypothesis is equivalent to:

Hprey-dominancredation probabilities differ between (r%ws,
the assumption of a prey-dominant model. Similarly, we

could take columns in the predation matrix as samples
and get the alternative hypothesis

Fig. 1 Consumer web 42, upwelling areas, Pacific Ocean. TF'é"edatOf'domi”a”C.predation probabilities differ between
species, ranked by increasing size, Bhacteria;2 zooflagellates; columns, (8)
3 ciliates; 4 small calanoids5 meroplankton, appendicularians, ; ;

and doliolids;6 medium-sized calanoidg; cyclopoids;8 calano- or take diagonals and obtain

ids, small tomopterids, and small coelenters@gayenile euphau- H. . dati babilities differ b
i, distance-dominanc@reédation probabilities differ between
sids; 10 chaetognaths and polychaetésanchovy diagonals. 9)

Table 2 A contingency table
for web 42, upwelling areas, Column number (predator rank)
Pacific Ocean (Fig. 1). The ta-
ble was constructed by assum- 2 3 4 S 6 7 8 9 10 1

ing that each column is a sepa-
rate sample Successes 1 2 3 3 1 3 5 1 6 6

Failures 0 0 0 1 4 3 2 7 3 4
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Table 3 Testing for homogeneity of proportions. The significance level is based on 10,000 randomizations

Web number Habitat description Significance lewd! (
p Prey Predator Distance
dominant dominant dominant
2 Knysna estuary, South Africa 0.23 0.94 0.12 0.37
5 Salt marsh, Georgia 0.33 0.60 0.40 0.61
14 Mangrove swamp 1, Hawaii 0.29 0.93 0.59 0.35
16 Pamlico estuary, North Carolina 0.24 0.56 0.42 0.46
20 Antarctic pack ice zone 0.20 0.37 0.61 0.81
23 Prairie, Manitoba 0.21 0.18 0.18 0.76
36 Mangrove swamp 6, Hawaii 0.11 0.46 0.06 0.34
39 Lake Nyasa, sandy shore, Malawi 0.09 <0.01 <0.01 0.35
42 Upwelling areas, Pacific Ocean 0.56 0.80 0.06 0.11
49 Nearshore marine 2, Aleutian Islands 0.25 0.93 0.67 0.03
54 Western rocky shore, Barbados 0.21 0.38 0.30 0.76
61 Barren regions, Spitsbergen 0.29 0.14 0.24 0.80
62 Reindeer pasture, Spitsbergen 0.19 1.00 <0.01 0.95
65 Yoshino River rapids, Japan 0.33 0.33 <0.01 0.30
66 River Thames, England 0.48 0.59 0.09 0.80
68 Loch Leven, Scotland 0.14 0.28 0.05 0.48

A standard method for testing the null hypothedis than or equal to the observed value. Continuing with our
against one or another of the above alternatives usesetkemple X2= 15.34 andP = 0.06 for Table 1, suggesting
X2-statistic (Pearson 1904). This statistic measures that the predation probabilities differ between the col-
extent to which observed counts in the contingency tabl@ans of web 42.

deviate from those expected under the equiprobabilityWe applied this contingency table method to the
hypothesis. LeE; andO;, respectively, represent the ex16 food webs described earlier. Table 3 displays our
pected and observed number of successes out afitheesults. While there is essentially no evidence for prey
observations in thé&h column of the contingency tableor distance dominance in these webs, there is evidence
Similarly lete ando; be the expected and observed nunfier predator dominanceH, was rejected in favor of
ber of failures, respectively. Under the equiprobability, cgator.dominanc@t @ significance level & < 0.06 in 6 of
hypothesisk; = pm ande = (1-p) m. Finally, X2is de- the 16 webs (numbers 36, 39, 42, 62, 65, and 68). The

fined by the formula: probability of incorrectly rejecting the equiprobability
" ey Y hypothesis six times at this significance level is appoxi-

X2 = ;(q E)? ,(@-8) (10) mately 0.00002. The evidence is overwhelming for three
is i & webs (numbers 39, 62, and 65), witk 0.005.

Large values ofX? (relative to its distribution) signify

large deviations from expected counts and suggest rejec-

tion of the cascade hypothesis in favor of one of its alt@esting for nonuniform body size ratios:

natives. With a large number of observations in easmoothing the binary data of a food web

sample, the distribution of2 under the equiprobability

hypothesis is approximatelyZ on m-1 degrees of free-Each of the stochastic food web models considered
dom (Everitt 1977). However, the number of observabove assumes that the probability of a trophic link be-
tions in the first few columns of a web (or the last fetween two species depends only upon their relative ranks
rows or diagonals) is always small. As a result, Yhe on some scale. A reasonable alternative, and the object
approximation may not be very accurate. (The probleshour scrutiny in this section, is that the predation prob-
is exacerbated in webs with few species.) In addition, thieilities depend more specifically on their actoasition
support of the distribution includes both matrices withn the scale.

no links and matrices with every possible link! We Suppose we assign the rank of specieased upon
would prefer to have the distribution %P over all the its size,s, such thag<s if i <j. We then posit two al-
predation matrices of the same size and with the sam@enative models for the predation probabilifgs the

number of links. cascade model (Eq. 1) and the size-ratio model,
To avoid these potential pitfalls, we generated an ap- (lo [s / ]) it i<
proximation to the conditional distribution & given size-ratio model: p; = 95 /S J: (11)

the same number of links by iteratively randomizing the it iz

locations of 1's in the upper triangular portion of the oltn this section, we describe and implement a method for
served predation matrix and calculatidgfor each ran- estimating the predation probability functifnfor each
domization. The attained significance levé) (is the of the size-ranked food webs of Table 2. Because the
fraction of the randomizations witK2 values greater size-ratio model contains the cascade model as a special
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case, it fits the data at least as well as the cascade maiebunt of smoothing. A value &fthat is too small re-

We therefore use likelihood ratio tests to determiselts in very little smoothing and can produce spurious

whether the improvement, if any, is statistically signifsmall-scale structure in the smooth. On the other hand, a
cant. value that is too large oversmooths the data, obscuring

We take the domain of the predation probability funanportant features of the true curkeln fact by Eq. 12,
tion f to be the closed interval between the smallest aindthe limit ash- oo, f - P, the estimate of the predation
largest log size ratios. (Sinéas a probability, its range probability function of the cascade model. Thus the cas-
is [0,1].) The data available for estimatihgre binary: cade model is a special case of the size-ratio model.
for the ijth entry in the predation matrix (witkj) we Figure 2 shows how the bandwidth (reported as a per-
have the corresponding size ra$its and either an ob- centage of the range of the data) affects the weights as-
servation of a trophic link (a “1”) or the lack thereofigned to the data. The dots represent every potential
(a“0"). predator-prey pair in web 42. Their abscissas are the log-

A simple way to construct a step-function estimate afithms of the ratios of predator size to prey size. Their
f is to break up its domain into nonoverlapping line segrdinates are the weights they are assigned by Eqgs. 12
ments and approximafen each segment by the fractiomnd 13 when estimatinfgat a point in the middle of its
of the observations in that segment that are links (i.ange ¥=7). Combining Eqgs. 12 and 13, it is evident that
build a regressogram; Tukey 1961). The resulting estata falling outside a neighborhood of widthy2 cen-
mate can be very jagged and its shape is sensitive totdned onx receive zero weight. Alsincreases, more data
subjectively defined length and position of the segmenase given positive weights. (Note that the weights always
We therefore opt for a different method, calleernel sum to 1, although it may not appear so in the left panel
smoothing that produces a smooth curve. Compreheoi-Fig. 2. There are four predator-prey pairs with size ra-
sive treatments of this nonparametric regression methims whose logarithm is very nearly 7. These four points
can be found in Silverman (1986), Hardle (1990), amage so close together that they appear as a single dot at
Hastie and Tibshirani (1990), but we will use a few pardre peak.) Figure 3 displays the smooths of web 42 that
graphs here to review the basics. result from these bandwidths.

Let x;, i=1,..., n(n=1)/2, represent the logarithms of For data summary, a subjective choice may be prefer-
the size ratios of the permissible predator-prey pairs. Rdnle to other methods for selecting the bandwidth. Here,
eachx;, lety, equal 1 if there is a trophic link betweemowever, we are generating the smooth for inferential
the predator and prey which produced the ratiand purposes and therefore adopt an automatic method: like-
equal 0 otherwise. We can produce an estimateadf lihood cross-validation (Habbema et al. 1974; Stone
any size ratix by taking a weighted average of the datd974; Duin 1976).
assigning the weight to a particular data point based onThe idea is simple. Assume that we obtained, in addi-
its distance fromx. The function which produces theion to the data that we already have, one more observa-
weight is called the kerneK. The resulting estimate,tion Y at size ratioX. The log likelihood ofY given our
f(x;h), is given by the formula (Nadaraya 1964; Watsastimatef derived from the earlier data would then be
1964) given by:

2o SYK({(x=x)/h . .
f(x;h) = zz K(g(_)q))/ h)). (12) L(h):log[Yf(X;h)+(l—Y)(1— f(X:h)|, (14)

K is typically a p_ositive symmetrip no_nincreasing fun%ind we could choosk to maximizeL. Because we do
tion; thus the weights decrease with distance offhe ) 106" this extra datum, we instead leave outitthe
parameterh, called thebandwidth controls the rate of

decrease in weight with distance. Because this procedgﬁéervation from the data and treat .it as if it was our new
produces a continuous curvejs called a “smooth” of ervation. We compute a new estimate of the predation

the data probability function based on the reduced data ﬁézt (
' . . and then calculate the log likelihood of the left out ob-
There are two choices we must make to implem

this kernel-smoothing procedure: which kernel and wha rvation:
bandwidth. We will use the Epanechnikov kernel

s Li(h) = logly fi(x:h) + @ - y) (@~ fox:h)] (15)
Ke(U) = 0445 (1' ?) Vs susiB (13) . _ . _
H o otherwise There was nothing special about ilte observation—we

. . . .__could have left any of them out-so we average over all
(Epanechnikov 1969) because it has certain optimall the data to obtain:

qualities (Gasser et al. 1985; Hardle 1990). Note that b
causeK, is positive over only a finite range, some choices 2 n(n-1)/2
of xin Eq. 12 can result in the undefined quantity “0/0€V(h) = =gy 3 L(h). (16)
When this occurs we defirigix;h) = 0 at that value of. =

In practice, the choice of the kernel is less importafie likelihood cross-validation choice of h*, is the
than the choice of the bandwidth, which determines thiee which maximize€V.
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Fig. 2 The effect of bandwidth choice on the weighting of data. In some cased, closely approximates the constgnt
The dots represent all the possible predator-prey pairs in Webpﬁ other webs (eg., 5, 39, 42, 61, 62, and 65), the

(cf. Fig. 1). Their ordinates give the weight that each point is giy- : - - .
en when forming an estimate of the predation probability functi(%llnoothS look nothing like straight lines. But do these

f(xh) at the log(size ratioy=7. The bandwidtth is shown as a Smooths generated by the size-ratio model represent sig-
percent of the maximum log(size ratio). Aéncreases, more datanificantly better fits to the data than the constant esti-

are weighted and the weight per data point decreases mates of the cascade model? To find out, we generated a
likelihood ratio statistic (see e.g., Mendenhall et al.
1986),/A\, which compares the likelihood of the data un-
der the two models:

ANy f(x:h*) +(@- y)(L- f(x:h*)| B
h=2loag [ ﬂ[ym+(1-yl)gl- ) I

Large values ofA\, relative to its distribution, suggest
that the size-ratio model fits the data significantly better
than the cascade model.

We approximated the distribution &f by iteratively
randomizing the sequencg} generating the likelihood
cross-validated estimafefor each randomized sequen-
ce, and then computiny for eachf. The fraction of the
randomizations with values @f greater than or equal to
the observed value represent an approximate attained
significance level R-value). As in the contingency table
analysis, this randomization procedure has the advantage

6 v % of limiting support of the distribution ok to predation
log(predator weight / prey weight) matrices with the same number of links occuring at the
Fig. 3 The effect of bandwidthhj on the estimated predationsame Size rat'o.s as the observed_pre_datlon_matrlx.
probability functionf(x:h) of the size-ratio model for web 42. The size-ratio model was a significant improvement
Small values of the bandwidth caulséo fluctuate wildly 6olid over the cascade mod&<0.05) in four cases (Table 4).
curve), while large valuesdptted ling tend to “oversmooth” the (The probability of falsely rejecting the cascade model

curve. An automatic procedure for choosing the bandwidth ba ; ; ; ; _
on likelihood cross-validation (described in the text) in this cai%g" times at this level is roughly 0.006.) The contingen

produces an intermediate valuehddashed curve Cy table analysis distinguished these same webs (39, 42,
62, and 65) as being predator dominated. For webs 14,
23, 54, and 66h* - 0 andf (x;h*) - p. AlthoughA=0
by necessity for these webs, this value is not significant-

The data for each of the webs of Table 2 are displayggmall: h* — o for at least half of the randomizations

in Fig. 4 (diamonds), along with the estimated probabiff these webs as well (i.e., a large valudrotioesnot

ty functions under the size-ratio model obtained Ipfovide evidence that the cascade model fits better than

smoothing (solid curves), and the estimated probabiltfye size-ratio model).

functions under the cascade model (dashed lines). The

shaded areas represent +2 SEs at each point (see Copas

1983 for their computation). The bandwidths used to

produce the smooths are listed in Table 4.
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Fig. 4 Estimated predation probability functions under the cas-
cade model fi, dashed lines) and under the size-ratio motlel (
solid curves) for the size-ranked webs of TablBi2Zmondsat the

top of each graph represent predator-prey pairs in the \Dédps.
mondsat the bottom of the graphs represent potential, but unreal-
ized, predator-prey pairs. Tebaded aregives approximate 95%
confidence intervals fof. Bandwidths, as reported in Table 4,
were chosen by the likelihood cross-validation procedure de-
scribed in the text
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Table 4 Testing for nonuni-

form predator-prey size ratios. Web number Habitat description h N P
his reported as a fraction of the -
maximum |Og size ratid? is 2 Kl’lysna estuary, South Afl’lca 0.28 0.41 0.44
based on 1000 randomizations 5 Salt marSh, Georg|a B 0.21 0.91 0.26
4 Mangrove swamp 1, Hawaii 00 0.00 1.00
16 Pamlico estuary, North Carolina 0.42 0.39 0.39
20 Antarctic pack ice zone 0.21 1.05 0.29
23 Prairie, Manitoba [ 0.00 1.00
36 Mangrove swamp 6, Hawaii 0.29 0.76 0.34
39 Lake Nyasa, sandy shore, Malawi 0.05 24.28 <0.01
42 Upwelling areas, Pacific Ocean 0.04 9.92 <0.01
49 Nearshore marine 2, Aleutian Islands 0.31 0.98 0.27
54 Western rocky shore, Barbados 00 0.00 1.00
61 Barren regions, Spitsbergen 0.13 2.39 0.16
62 Reindeer pasture, Spitsbergen 0.09 5.25 0.04
65 Yoshino River rapids, Japan 0.10 19.05 <0.01
66 River Thames, England co 0.00 1.00
68 Loch Leven, Scotland 0.14 1.23 0.29
Discussion bility at an intermediate predator-prey size ratio. As we

pointed out in the introduction, this is the pattern one
Using two statistical approaches—contingency tables anifjht expect based on energetic and anatomical con-
kernel smoothing—we have shown that the predatistaints.
probabilities of the cascade model can be significantly These analyses represent a second step in the process
different from constant when the species are ranked dfybuilding from the phenomenological cascade model to
body mass. a more mechanistic model. The first step was to demon-

Our contingency table analysis suggests that a presiaate that body size can be used as an approximation to
tor-dominant model fits the data better than the cascale hierarchy of the cascade model (Warren and Lawton
model. This finding complements that of Cohen (199)987; Cohen et al. 1993). Here we have shown that when
who evaluated 13 heterogeneous alternatives to the dmsly sizeis used to generate the hierarchy, the cascade
cade model. Cohen considered the “predator-dominantgdel assumption of constant predation probability
constant-column-sum, linear-link-scaling model” to bghould be replaced either with predator-dominant preda-
the only viable alternative to the cascade model. In thisn probabilities or with predation probabilities that de-
model, the predation probabilities decrease with incregend upon the size ratio between the predator and its
ing predator rank in a way that holds the expected nupney.
ber of prey per predator constant. The model predicts theOur results also help to bridge the gap between mod-
proportions of basal, intermediate, and top species in &g that describe the static properties of food webs and
113 EcoWeb community food webs better than the céisese that describe food web dynamics. The static prop-
cade model. It also more closely predicts the proportiosisies of a food web—the connectance, the length of food
of basal-top and intermediate-top links. The cascacleains, the degree of omnivory etc.—are derived from the
model, however, is better at predicting the proportion fefeding relationships between its component species.
intermediate-intermediate links, the proportions of basdlhese are the properties that the cascade model and its
intermediate links, and the observed modal chain lengthriants attempt to predict. The cascade model does not
While the contingency table method that we used dgeedict anything about the dynamics of a food web — the
not indicatehow the predation probabilities differ fromway the population sizes of the species change through
constant, such methods exist. It would be interestingtitme. Lotka-Volterra models, composed of systems of
see whether the predation probabilities do in fact desupled differential equations, are typically used for this
crease with predator rank as the predator-dominant, cparpose (May 1973). Lotka-Volterra models, however,
stant-column-sum model requires. (A preliminary invesay nothing about how trophic interactions within a web
tigation does not suggest any clear pattern.) are determined.

Our kernel smoothing analysis showed that the prob-In real communities, both static and dynamic proper-
ability of an actual trophic link between a potentidies of food webs play a role in determining structure,
predator-prey pair depends upon the ratio of the sizefurfiction, and stability. It is therefore useful-from both
the (larger) predator to the size of the (smaller) preyactical and theoretical perspectives (Caswell 1988)—to
Again, our analysis does not indicate how these pretlave models that capture both aspects. Recognizing this
tion probabilities differ from constant, only that they ddact, Cohen et al. (1990b), coming from the static end of
However, three graphs in Fig. 4 for which the null hyhe spectrum, developed a hybrid Lotka-Volterra cascade
pothesis of constant probability was rejected (39, 48pdel, and used it to address the relationship between
62), along with three of those for which it was not (5he number of species in a food web and its stability. In
61, 68), do suggest a pattern: a peak in predation proéssence, the model assigns trophic links using the homo-
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geneous version of the cascade model. It then usessized fish and zooplankton. Similar errors can occur if a
other stochastic process to determine whether each [m&dator consumes only the juvenile form of some prey
has a positive or zero effect on the population growgpecies, but the adult prey size is recorded.

rate of the predator and a negative or zero effect on theDespite these deficiencies in the data, our analyses
population growth rate of the prey. The Lotka-Volterneeveal evidence that the webs that we studied are structured
cascade model does not, however, assign the magnitud&ologically reasonable ways. When better food web da-
of these effects. Coming from the other end of the spég-sets become available, the methods we have presented
trum, Yodzis and Innes (1992) developed a techniqueh&re will provide useful tools for their analysis.

assign numerical values to the parameters in dynamic

food web models based on body size, energetics, andAgknowledgementsThis paper was improved by discussions
lometry. They used their model to study the stability ofWith the participants in the summer workshop, “Food Web Struc-

. and Dynamics in Marine, Terrestrial and Freshwater Environ-
two-species predator-prey model. Jonsson and Eben %ts," held at Cornell University and sponsored by the Office of

(1998) use a similar approach to study the stability Q&val Research and Woods Hole Oceanographic Institution. In
food chains. The Yodzis-Innes method, however, is silgratticular, it is a pleasure to acknowledge Andy Solow, Hal

on the issue of how trophic links are established. Caswell and Joel Cohen for their comments, criticisms, and ad-
; . - vice. We thank Peter Yodzis for providing body mass estimates for
Our results suggest a logical next step: combinin umber of webs and Bob Holt and C.H. Peterson for reviewing

log-normal distribution of body sizes (Cohen et ahe manuscript. Finally, we thank the Cornell Theory Center for
1993); a predator-dominant, body-size-based versionttaf use of their computing facilities during the workshop. WHOI
the Lotka-\Volterra cascade model to generate tropfentribution No. 10056.
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