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Networks from a wide range of physical, biological, and social
systems have been recently described as ““small-world" and “scale-
free.” However, studies disagree whether ecological networks
called food webs possess the characteristic path lengths, clustering
coefficients, and degree distributions required for membership in
these classes of networks. Our analysis suggests that the disagree-
ments are based on selective use of relatively few food webs, as
well as analytical decisions that obscure important variability in the
data. We analyze a broad range of 16 high-quality food webs, with
25-172 nodes, from a variety of aquatic and terrestrial ecosystems.
Food webs generally have much higher complexity, measured as
connectance (the fraction of all possible links that are realized in a
network), and much smaller size than other networks studied,
which have important implications for network topology. Our
results resolve prior conflicts by demonstrating that although some
food webs have small-world and scale-free structure, most do not
if they exceed a relatively low level of connectance. Although
food-web degree distributions do not display a universal func-
tional form, observed distributions are systematically related to
network connectance and size. Also, although food webs often
lack small-world structure because of low clustering, we identify a
continuum of real-world networks including food webs whose
ratios of observed to random clustering coefficients increase as a
power-law function of network size over 7 orders of magnitude.
Although food webs are generally not small-world, scale-free
networks, food-web topology is consistent with patterns found
within those classes of networks.

F ood webs, which depict networks of trophic relationships in
ecosystems, provide complex yet tractable depictions of
biodiversity, species interactions, and ecosystem structure and
function. Although food web studies have long been central to
ecological research (1-3), there has been controversy over
whether there are regularities in food-web structure worth
explaining (4). Early analyses of topological properties of em-
pirical food webs emerged from research on ecological diversity—
stability relationships (e.g., refs. 5 and 6) and typically used low
resolution, species-poor (S < 20) depictions of food webs (e.g.,
refs. 7 and 8). Dramatic improvements in data (e.g., refs. 9-11)
led to the successful description and modeling of general food-
web properties among ecosystems (12), including how food-web
properties vary with species richness, resolution, and sampling
effort (e.g., refs. 13-15).

Research on food-web structure is one example of an expand-
ing range of “real-world” network topology studies (16). In
particular, complex systems research across many disciplines has
resulted in renewed interest in the study of “small-world”
network topology (17) inspired by the “six degrees of separation”
sociology experiment by Milgram (18). The two characteristics
required of small worlds are (7) high clustering compared with a
random graph, with neighbors of a node much more likely to be
connected to each other than in a random graph, and (if) small
path length compared with a regular lattice, with the average
shortest path length (“characteristic path length”) among all
pairs of nodes increasing logarithmically with the number of
nodes, similar to what is seen in random graphs (17). Types of
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networks examined for these topological properties include
social, technological, economic, and biological networks (see
refs. 16 and 19 for reviews).

Researchers have explicitly examined several food webs for
small-world properties, with conflicting results and interpreta-
tions. Studies have generally agreed that food webs display short
path lengths, consistent with small-world topology (20-23).
However, early research using low-quality (i.e., poorly resolved,
highly aggregated, low diversity) food-web data speculated that
characteristic path lengths would increase with greater inclusion
of species (20), as did a more recent study (23), contrary to recent
findings that path lengths decrease with increasing food-web size
and complexity measured as species richness and connectance
(links/species?), respectively (21). Two recent studies that have
examined clustering have come to opposite conclusions: a set of
four food webs was described as having greater than random
clustering, consistent with small-world topology (22), whereas an
overlapping set of seven food webs was described as having
similar to random clustering (23). Thus, with regard to small-
world topology there has been little agreement about what
empirical food web structure generally looks like.

A great deal of attention has been placed on the power—law,
or “scale-free” distribution of node degrees of many small-world
networks (24). Real-world networks display degree distributions
that deviate from a Poisson distribution found for simple random
graph models (25, 26). Many networks, including the world wide
web, Internet domains and routers, scientific coauthors and
citations, metabolic and protein networks, and phone-call net-
works display a scale-free degree distribution, with power—law
exponents ranging from ~1 to 2.5 (19). However, real-world
networks can display other types of degree distributions, includ-
ing “broad-scale” distributions that show a power-law regime
with a sharp cutoff in the tail (e.g., movie—actor collaborations)
and “single-scale” distributions with fast-decaying tails including
exponential (e.g., Caenorhabditis elegans neural network) and
Gaussian (e.g., acquaintances among a Mormon social group)
distributions (27). As with small-world topology, there has been
little agreement about what degree distributions in food webs
look like, except that their distributions deviate from random.
One previous study suggests that food webs are scale-free (22),
whereas another study suggests that food webs display exponen-
tial degree distributions, and provides a quantitative formulation
of that pattern in a universal functional form (23).

An early study (20) acknowledged limitations on drawing
general conclusions about topology from the species-poor food
webs available at that time. The more recent studies, which
examine higher quality, more speciose food webs, have been
limited by their use of relatively few (<8) data sets (21-23). Two
of the studies used a simple and predictive “niche model” of
food-web structure (12) to extend their results (21, 23). However,
generalities derived from a model may obscure informative
details of empirically observed topology, especially in ecology,
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Table 1. Topological properties of empirical and random food webs, listed in order of increasing connectance

Ref. Taxa S C(L/s?) L/S D Dran cl Clran Cl/Clran
Grassland 15 75 61 0.026 1.59 3.74 3.63 0.11 0.03 3.7
Scotch Broom 28 154 85 0.031 2.62 3.1 2.82 0.12 0.04 3.0
Ythan Estuary 1 29 134 124 0.038 4.67 2.34 2.39 0.15 0.04 3.8
Ythan Estuary 2 30 92 83 0.057 4.76 2.20 2.19 0.16 0.06 2.7
El Verde Rainforest 31 156 155 0.063 9.74 2.20 1.95 0.12 0.07 1.4
Canton Creek 32 108 102 0.067 6.83 2.27 2.01 0.02 0.07 0.3
Stony Stream 32 112 109 0.070 7.61 2.31 1.96 0.03 0.07 0.4
Chesapeake Bay 33 33 31 0.071 2.19 2.65 2.40 0.09 0.09 1.0
St. Marks Seagrass 34 48 48 0.096 4.60 2.04 1.94 0.14 0.11 1.3
St. Martin Island 35 44 42 0.116 4.88 1.88 1.85 0.14 0.13 1.1
Little Rock Lake 11 182 92 0.118 10.84 1.89 1.77 0.25 0.12 2.1
Lake Tahoe * 800 172 0.131 22.59 1.81 1.74 0.14 0.13 1.1
Mirror Lake * 586 172 0.146 25.13 1.76 1.72 0.14 0.15 0.9
Bridge Brook Lake 36 75 25 0.171 4.28 1.85 1.68 0.16 0.19 0.8
Coachella Valley 37 30 29 0.312 9.03 1.42 1.43 0.43 0.32 1.3
Skipwith Pond 9 35 25 0.315 7.88 1.33 1.41 0.33 0.33 1.0

“Taxa" refers to the number of compartments in the original food web, which can range from ontogenetic stages (e.g., largemouth bass juveniles) to
nonphylogenetic categories (e.g., detritus, seeds) to highly aggregated taxa (e.g., microbes). S refers to trophic species, Crefers to connectance, L refers to trophic
links. D refers to characteristic path length, and C/ refers to the clustering coefficient. D;ap and Clrap refer to the mean D and C/ for 100 random webs.

*Unpublished data held by N.D.M.

where variability can be both extremely high and critically
important.

In contrast to the limitations of the previous studies, we used
a set of 16 high-quality food webs from a variety of ecosystems
to develop the most comprehensive picture to date of whether
food webs display small-world and scale-free structure (22),
similar to topology of many other real-world networks (19), or
whether food webs display other kinds of topology. Our use of
a wider array of food webs also allows us to probe the relation-
ship of the discussed metrics of food-web topology to basic
measures of food web complexity including network size (S),
links per species (L/S), and connectance (L/S?). We briefly
discuss some potential ecological implications of observed food-
web network structure.

Methods

The 16 food webs studied, two of which are variants of the same
web, represent a wide range of species number, linkage densities,
taxa, and habitat types (Table 1). There are five lakes or ponds,
two streams, three estuaries, and five terrestrial ecosystems
(temperate, desert, subtropical) represented. The food webs are
described in more detail in their individual references (Table 1;
refs. 9, 11, 15, and 28-37; see also ref. 38). Food webs consist of
L directed trophic links between S nodes or “trophic species.”
Trophic species, functional groups of taxa that share the same set
of predators and prey within a food web, are a widely accepted
convention in structural food-web studies that reduce method-
ological biases related to uneven resolution of taxa within and
among food webs (12). Trophic species webs are constructed by
aggregating taxa from the original “taxonomic food webs” into
trophic species. Taxonomic to trophic species aggregation occurs
for <10% of nodes in nine of the food webs studied (Table 1).

We measured three properties central to recent network
topology research for the 16 food webs: (i) characteristic path
length (D), the average shortest path length between all pairs of
species (21), (ii) clustering coefficient (CI), the average fraction
of pairs of species one link away from a species that are also
linked to each other (17), and (iii) cumulative degree distribu-
tion, the fraction of trophic species P(k) that have k or more
trophic links (both predator and prey links). We treated trophic
links as undirected when calculating path length and clustering
because effects can propagate through the web in either direc-
tion, through changes to both predator and prey species (17). For
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100 random webs with the same C and S as each empirical web,
we also calculated mean D and CI. We rejected random webs that
had nodes or groups of nodes disconnected from the main web
because our empirical data lacks disconnected subwebs or
species (12).

Results

The 16 food webs range in size from 25 to 172 trophic species,
connectance (L/S?) ranges from 0.026 to 0.315, and links per
species ranges from 1.59 to 25.13 (Table 1). The average
connectance over all 16 websis 0.11 (SD = 0.09), similar to mean
connectance values reported for other reliable sets of commu-
nity food webs (ref. 39: 5 webs, mean C = 0.11, SD = 0.03; ref.
36: 50 webs, mean C = 0.10, SD = 0.04). Characteristic path
lengths range from 1.33 to 3.74, generally decreasing with
increasing connectance (21). Empirical food webs display sim-
ilar, slightly longer (for 13 of 16 webs analyzed) path lengths
compared with random webs (Table 1).

A comparison of the clustering coefficients of empirical food
webs to that of counterpart random webs (Table 1, CI/Cly,y)
gives ratios ranging from 0.3 to 3.8. Only five food webs, the four
very low connectance Grassland, Scotch Broom, and Ythan
Estuary 1 and 2 webs, plus Little Rock Lake, display clustering
that is twice or more that of random webs (CI/Cl,,, = 2.1 to 3.8).
Eleven webs have CI/Cl,,,, <1.5, with six of those webs displaying
equal or lower clustering than random webs (Cl/Cl,,,, = 0.3 to
1.0). The largest clustering coefficient ratio, 3.8 for the large
version of the Ythan Estuary web, is lower than ratios for other
biological networks. The substrate and reaction graphs for
Escherichia coli display clustering coefficient ratios of 12.3 and
6.6 (40) and the C. elegans neural network has a ratio of 5.6 (17).

Across 34 biological and nonbiological network data sets
including the current food webs, the clustering coefficient ratio
increases as an approximate power—law function, specifically a
linear function of the size of the network (Fig. 1, refs. 17, 22,
40-47). A 1:1 ratio occurs in networks with ~40 nodes. The
nonbiological networks displayed, which range in size from 4,941
to 1,520,251 nodes (19) have clustering ratios that range from 16
for the power grid (17) to ~14,000 for neuroscience coauthor-
ship (43). Biological networks, especially ecological networks,
have relatively few nodes compared with nonbiological networks
and clustering coefficients that are much closer to random.

Dunne et al.
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Fig. 1. Log-log plot of the clustering coefficient ratios (empirical/random

web values) as a function of size of the network. Open circles represent data
from 16 trophic food webs from the current analysis. Dark circles represent
data from previous studies of 18 scale-free small-world networks summarized
in ref. 19: 2 taxonomic food webs (22); E. coli substrate and reaction graphs
(40); C. elegans neural network, movie actors, and power grid (17); 4 science
coauthorship data sets (41, 42); 2 math and science coathorship data sets (43);
low and high estimates for Internet domains (44, 45); world wide web sites
(46); and concurrence and synonomy of words (47, 44).

The linear relationship of the clustering ratio to network size
arises because clustering in random networks should be equal to
connectance (C = L/S?), because the likelihood that one node
is connected to another node is the same as the likelihood that
two neighbors of a node are connected. This is demonstrated by
the near identity of Cl,,, with C for the 34 networks of Fig. 1
(linear regression; slope = 1.04, 72 = 0.996, P < 0.001). However,
observed clustering appears to scale linearly with L/S for the
same networks across 7 orders of magnitude (linear regression;
slope = 0.003, r? = 0.22, P = 0.005). Thus, the ratio of observed
to random clustering should increase approximately linearly with
S, because (L/S)/(L/S?) = S. The relationship of observed
clustering to L/S depends on analyzing the full complement of
networks. Observed clustering in 18 food webs (Fig. 1) scales
linearly with connectance (linear regression; slope = 0.89, r? =
0.61, P < 0.001) but not with S or L /S, consistent with clustering
in food webs being similar to random. Observed clustering in the
16 other real-world networks (Fig. 1) does not scale with S, L/S,
or C.

Following ref. 27, we analyzed cumulative rather than density
distributions of food-web degree data. A previous study of
food-web density degree distributions included degree bins with
a frequency of 0 that were ignored when scale-free functions
were fit to the data (22). The use of cumulative distributions
avoids the problem of arbitrary exclusion of null bins and gives
a more accurate picture of the shape of the distribution in small,
noisy data sets. We examined the cumulative distribution for
each food web separately rather than pooling data across food
webs as done in another study (23) to make sure we illuminated
informative detail and variation.

All 16 of the trophic food webs display cumulative degree
distributions that differ from a Poisson distribution expected in
random networks (Fig. 2). The two least connected food webs
display scale-free or broad-scale degree distributions, with
power—law behavior over the whole range of the Grassland web
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(exponent = 1.71) and part of the range of the Scotch Broom
web (exponent = 0.92) (Fig. 2). The Scotch Broom web displays
an exponential drop-off in the tail. The remaining 14 food webs
display single-scale distributions. Eight food webs have data
consistent with an exponential distribution (Ythan Estuary 1 and
2, El Verde Rainforest, Canton Creek, Chesapeake Bay, St.
Martin Island, Little Rock Lake, and Mirror Lake) and six webs,
generally those with relatively high connectance, have data
consistent with a uniform distribution (Stony Stream, St. Marks
Seagrass, Lake Tahoe, Bridge Brook Lake, Coachella Valley,
and Skipwith Pond). One of the uniform distribution food webs,
Lake Tahoe, displays a tail well fit by a Gaussian distribution. An
overlay of normalized food-web data from all 16 webs clearly
demonstrates the general trend that distribution tails drop off
faster than expected for scale-free networks (Fig. 3). The
normalized data also display a large amount of scatter that
reinforces the lack of a universal functional form of degree
distributions in food webs (Fig. 3).

Discussion

An increasingly wide array of information, social, physical, and
biological networks (19), including food webs (22), have been
described as small-world networks with short path lengths and
high clustering. Our analyses suggest that most food webs do not
display typical small-world topology, corroborating and extend-
ing a more empirically limited study (23). Characteristic path
lengths of food webs are short and only slightly longer than
random (20-23), consistent with small-world topology and ob-
servations for most real-world networks (19). However, only 5 of
16 trophic food webs analyzed, four of which are the lowest
connectance webs examined, unambiguously display the much
greater than random clustering expected for small-world topol-
ogy, as also reported for the taxonomic versions of four of the
same webs (22).

The apparent deviation of most food webs from small-world
clustering topology is related not only to connectance but to the
small size of food webs (10! to 10? nodes) compared with most
other networks (10? to 107 nodes). When network size is taken
into account, food webs fit into a predictable continuum of
clustering, with increasingly greater than random clustering
observed in larger networks. A well-known property of networks
is that clustering is generally independent of network size (19).
Our results show that observed clustering coefficients across a
wide variety of real-world networks increase as a linear function
of links per node, but are independent of network size and
connectance. The specific relationship between observed clus-
tering and links per species only emerges when food web data are
combined with non-food-web data. These findings suggest that
the expectation of high clustering in small-world topology (17)
is generally inapplicable to small networks with relatively few
links per species.

As with small-world topology, the degree distributions of food
webs appear similar to other real-world networks in some
respects and different in others. We observed degree distribu-
tions that deviated from random (see also refs. 22 and 23), as
observed for other networks (19). The deviation of food-web
degree distributions from distributions in random networks for
prey and predator links considered separately (“‘generality” and
“vulnerability,” in ref. 20) was first reported in a set of seven
trophic food webs (12) reanalyzed in this study for nondirected
degree distributions. A simple one-dimensional “niche model”
has been found to successfully predict nonrandom distributions
and other topological properties (12, 21, 23).

Although the shapes of food-web degree distributions deviate
from random, they also differ from scale-free, power—law dis-
tributions observed in many other networks (19). Our analysis of
16 food webs shows that food webs display a variety of functional
forms, including power—law, partial power-law, exponential, and
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Fig. 2.

Linear-log plots of the cumulative distributions of links per species (both predator and prey links) in 16 food webs. Webs are ordered by increasing

connectance (see Table 1). Lines and r? values show the fit to the data of the best of three simple models: power-law distribution (upward curved line),
exponential decay (straight line), or uniform distribution (downward curved line). No food web is well fit by a Poissonian or Gaussian distribution.

uniform degree distributions. This finding contradicts two prior
contrasting claims: (i) food webs display scale-free degree dis-
tributions (22), and (if) food webs display exponential degree
distributions, which, when normalized, can be expressed in a
universal functional form (23). What is responsible for the
discrepancies between these studies and the current study? The
first study (22) looked at only four food webs, two of which were
variants of the same web, and analyzed density distributions,
which tend to obscure the role of empty bin data thus altering the
shapes of the distributions. The study also dismissed a non
power—law distribution observed for one of their webs as an
artifact of poor taxonomic resolution. This dismissal is not
supported by our study, which examines 16 webs with variable
resolution (38) that does not correlate with the presence of
power—law degree distributions. Also, a reanalysis of cumulative
distributions for the deaggregated, taxonomic versions of the 16
food webs did not substantively alter our results (data not
shown). The second study (23) used cumulative degree distri-
butions, but failed to report the results from one (Ythan Estuary)
of the seven food webs analyzed and pooled the results for the
remaining six food webs. Thus, both studies were limited to a few
food webs, dismissed data sets from consideration, and made
analytical decisions that obscured important variability in the
data.

Although we find that degree distribution in food webs does
not follow a universal functional form, we do find a general
systematic relationship between the shape of the degree distri-
bution of a food web and its network complexity measured as
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connectance. Food webs with relatively high connectance typi-
cally display uniform distributions, webs with middle con-
nectance tend to have exponential distributions, and webs with
very low connectance display power-law or partial power—law
distributions. The size of the food web also plays a role in the
form that the degree distribution takes. The tendency toward
uniform degree distributions in high connectance food webs may
occur because networks with relatively few nodes and high
connectance have relatively high average degree. This minimizes
the difference between the average (2L/S) and the maximum
possible (25) degree, cutting off distribution tails that would
include nodes with much higher than average degree, as often
seen in large, low-connectance, small-world networks (e.g., Fig.
1; non-food-web networks have mean nodes = 140,000, C = 0.01,
and L/S = 1,400). Conversely, sparsely connected food webs
with much greater differences between average (2L/S) and
maximum (25) degree can display extremely heterogeneous
scale-free distributions as seen in many real-world networks. The
lowest connectance food web, Grassland (C = 0.026), displays a
power—law distribution and has § = 61 and L/S = 1.59, which
differ by a factor of C~' = 38.4. In contrast, the highest
connectance food web, Skipwith Pond (C = 0.315), displays a
uniform distribution and has § = 25 and L /S = 7.88, which differ
by a factor of only 3.2.

Both low- and high-connectance food webs are unusual, and
their more extreme connectances may sometimes be artifacts of
particular food-web collection or assembly procedures. The two
lowest connectance webs (C ~ 0.03), Grassland and Scotch

Dunne et al.
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of links/species in each web. If the distributions followed a power law, the
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Broom, the only webs that display complete or partial power—law
degree distributions, are “source webs” constructed by following
food chains upward from one or a few basal species. In addition,
these webs ignore co-occurring generalists such as spiders and
birds and focus on specialist parasitoid insects whose immature
stages develop on or within a single insect host, ultimately killing
the host. Such parasitoids tend to be linked to very few other
species, resulting in webs with low C (15). The two highest
connectance webs (C ~ 0.3), Coachella Valley and Skipwith
Pond, which display uniform distributions, are small webs dom-
inated by omnivores, taxa that feed at multiple trophic levels.
Such taxa tend to be generalists with links to many other species,
resulting in high C. In Coachella Valley, the high levels of
omnivory are an artifact of high node aggregation (only 1 of 30
taxa are identified at the species level). Many food webs are less
skewed toward specialists or generalists and thus have con-
nectances closer to 0.1 and may be more likely to display
exponential degree distributions. However, even webs with
intermediate levels of connectance do not always display expo-
nential distributions.

The relative lack of power—law degree distributions in food webs
also may relate to how ecosystems assemble and evolve compared
with other networks. Networks that display scale-free degree
distributions probably emerge via a set of mechanisms that differ
from those that produce networks with broad- and single-scale
distributions (27). A simple “scale-free model” for networks has
been proposed that produces networks with power-law degree
distributions (24). This model incorporates two generic mecha-
nisms thought to be common to many real-world networks:
(¢) growth of the network by addition of nodes and links at each time
step and (i) preferential attachment of new nodes to existing nodes
with a high number of links. Although these assumptions may be
useful for describing evolution of the world wide web or citation
networks (but see refs. 48 and 49), they appear less appropriate for
ecosystems and some other types of networks. Alternate models
that remove either of the assumptions (24, 50) or incorporate
“aging” (some nodes cannot accept new links) or “cost” (a maxi-
mum number of links per node) (27) eliminate scale-free topology
and produce broad- or single-scale degree distributions.

In ecosystems, both assumptions of the scale-free model may
be problematic. The simple growth assumption is violated
because there are both additions and losses of nodes (species) at
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ecological and evolutionary time scales by means of immigration,
emigration, speciation, and extinction. The net effect of such
changes can be expansion, contraction, or no change of species
richness (as well as trophic links) within an ecosystem over time.
An elaboration of the scale-free model suggests that in evolving
networks with both node addition and removal, a scale-free
topology can emerge as long as the overall network size does not
systematically decrease (e.g., ref. 51). However, this still suggests
that ecosystems undergoing no net change or contraction of
species richness will not produce scale-free distributions.

Whether new species preferentially link to highly connected
species already in the food web is unclear. Data from a wide
range of studies suggest that generalists (species with a large
number of links to prey) are more likely than specialists to
consume invasive species, as observed for insect herbivores of
invasive plants (52, 53) and parasitoids of invasive insect herbi-
vores (54). This observation supports the preferential attach-
ment hypothesis. However, we can also hypothesize that an
invasive species will be more likely to establish successfully if it
has few consumers. Initial data from some Hawaiian food webs
suggest that there are more successfully established alien para-
sitoids than alien herbivores or plants, which may be attributable
to parasitoids typically having fewer consumers than species at
lower trophic levels (J. Memmott, personal communication).
Regarding predation links to resource species, there is little data
to suggest whether invasive species have any tendency to con-
sume species that already have a large number of consumers.
Theoretically, competitive exclusion causes overlapping niches
to repulse each other (55), reducing the average number of
consumers preying on resource species. However, a species may
have many consumers because it is relatively abundant, which
may make it more likely to be preyed on by new species.
Empirically, a balance of these two mechanisms is suggested by
the success of the niche model (12, 21, 23), which randomly
distributes niches free of repulsion or attraction (12).

A general understanding of the structure of food webs from
a variety of ecosystems is useful for developing a more universal
understanding of biological and nonbiological network topology.
In particular, although food webs generally display far less
clustering than expected in small world networks, we show how
low clustering in food webs represents an extreme in a previously
unrecognized continuum based on the number of nodes within
networks. Also, the small size and relatively high connectance of
most food webs compared with other real-world networks has
illuminated which types of network topology can be expected to
display various kinds of degree distributions. From a more
applied, conservation-minded perspective, an understanding of
food web topology can be used to explore and predict functional
responses of ecosystems to structural changes. The most dra-
matic structural change that many ecosystems face is human-
driven biodiversity loss. Structural analyses can provide another
tool for exploring how robust or fragile ecosystems are to species
loss (38, 56), as assessed for Internet and world wide web
topology (57) and metabolic and protein networks (58, 59). Such
analyses can also more generally provide evidence of whether
and what aspects of topology and network complexity drive
robustness (38).
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