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responds to criteria of trophic organization. We analyzed weighted and unweighted food
webs estimating, for each node, trophic position (TP), Shannon’s index of inﬂow diversity
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(H) and individual contribution to the whole average mutual information (AMI). Finally, we

Food webs

performed the same analysis on simulated webs that were constructed using the following

Energy ﬂow

criteria: (a) preserving topology and varying link strength; (b) modifying position of links

Link distribution

and their intensities.

Interaction strength

In real ecosystems, moving toward top species, higher pathway redundancy coupled to

Trophic structure

a strong specialistic trophic behavior was observed. This means that, beside the availabil-

Flow diversity

ity of multiple topological routes, top predators tend to establish “bipolar” predator–prey
interactions feeding on preferred preys that, in turn, are mainly preyed by that specialized consumer. Although the analysis shows that, in qualitative food webs, links should
be more numerous at the top of the trophic hierarchy, with magnitude more evenly distributed among the interactions, in weighted networks, the tendency of sharing the main
ﬂow between donor and receiving compartments (i.e. “bipolar” predator–prey interaction)
increases from basal to top species.
Patterns displayed by empirical data vanish when indices are calculated for simulated
networks, pointing out how topology of energy delivery and ﬂow intensities may be read as
a function of the trophic hierarchy.
© 2008 Elsevier B.V. All rights reserved.

1.

Introduction

Food webs are complex networks of trophic interactions
among diverse species in ecosystems. Although extremely
variable, their structure displays basic regularities (i.e. predator/prey ratio, number of connections per species, food chain
length) and simple models captured these patterns (Cohen
et al., 1990; Williams and Martinez, 2004; Cattin et al., 2004;
Stouffer et al., 2005).
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Ecologists have long been exploring the effects of food
web structure on ecosystem properties as depending on the
number of groups (May, 1972), the frequency of interactions
(May, 1972; Yodzis, 1980), and the length of the food chains
(Pimm and Lawton, 1977; Moore et al., 1993). Beside network
topology, Paine (1969, 1974, 1980) demonstrated how interaction strength can substantially affect food web features
and that the combined knowledge of web structure and link
strength is a key to understand how ecosystems function. In
this framework, particularly intriguing is the statement that
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the distribution of interaction strength tends to be skewed
toward few strong and many weak interactions (Paine, 1992;
Wootton and Emmerson, 2005) and this would have repercussions on ecosystem properties such as stability (de Ruiter et
al., 1995; McCann et al., 1998; Neutel et al., 2002, 2007; Rooney
et al., 2006).
Much confusion derives from the lack of coherence in the
way interaction strength is deﬁned (e.g. interaction matrix
portraying Lotka–Volterra competition coefﬁcients, Jacobian
matrix, inverse interaction matrix, biomass ﬂux, link density)
and, although increasing evidence that non-trophic interspeciﬁc interactions (e.g. interference, facilitation, mutualism) are
as important as trophic relationships in community dynamics (Berlow et al., 2004; Vasas and Jordán, 2006), the prime
focus is on predator–prey links. In the present work, for the
sake of coherence with previous investigation on food webs,
we concentrate on predator–prey links. Because their distribution governs, among others functional attributes, energy
delivery, our aim is to explore the relation between structure
and function in this domain. In particular, we consider the
hypothesis that the trophic hierarchy of species in ecosystems may be a key that explains food web topology. Trophic
hierarchy is the product of the ﬂow of matter and energy
from producers to consumers and, ultimately, is a snapshot
of how energy delivery is organized. To be consistent with the
objective, our analysis could not be based solely on network
topology but it had to include interaction strength, expressed
as energy ﬂow magnitude. Using energy ﬂows to quantify
interaction strength has been judged inadequate because in
this way food webs are described as donor-controlled systems
with ﬂow magnitude independent of consumer abundance
(Paine, 1980; Raffaelli and Hall, 1996; Allesina et al., 2006).
However, in the context of trophic analysis this choice seems
plausible.
We analyze here empirical food webs to investigate
whether the trophic hierarchy can explain patterns of linkage density as the combination of number of links and their
magnitude. Trophic position (TP; Ulanowicz, 1995) of each
compartment is used as a measure of the role played by
species in energy delivery, while link strength distribution will
be measured by the diversity index of inﬂows (H; Shannon,
1948) and the contribution of each node to the average mutual
information (AMI; Ulanowicz, 2004). Diversity index of inﬂows
allows a classical bottom-up approach to food web studies
and, dealing with this inconsistency (i.e. extending the crude
bottom-up assessment), we integrated its analysis including additional top-down effects, by calculating the average
mutual information of each compartment. Then, H simply
measures number and evenness of ﬂows entering in each
compartment, while AMI considers the uncertainty pertaining both the inputs to a predator and the outputs of its
preys.
Our questions are: (a) Is there any pattern connecting network topology to energy ﬂow in food webs? (b) How important
is weighting trophic interactions to unveil ecosystem functioning (i.e. energy delivery as a determinant of organization)?
(c) What is the relationship between topology and interaction strength in food webs? (d) Is there any evidence that
ecosystems display particular patterns of energy ﬂows when
compared to null models?

2.

Materials and methods

2.1.

Data
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Weighted ecological networks of 26 ecosystems and their
binary counterparts (food webs) were analyzed (Table 1). Data
were at disposal in two websites: one set (8 graphs) comes from
the project site ATLSS1 and the other 18 models are extracted
from the Prof. Ulanowicz’s database2 . All the networks were
supplied as weighted predator–prey interactions and binary
conﬁguration (adjacency matrix) was obtained simply put 1
to every non-zero entry in the original matrix of biomass or
energy ﬂows.

2.2.

Trophic analysis

As deﬁned by Williams and Martinez (2004), “ﬂow-based”
trophic position is the weighted average length of all the pathways that originate from the outside environment (primary
source of energy) and reach a given compartment (Eq. (1)).
Accordingly, primary producers that are able to convert light
energy into chemical energy, relying only on external input,
will have distance (and therefore TP) set to one, while TPs of
the others heterotrophic nodes are computed as

TPj = 1 +

S


TPi

i=1

tij
T·j

(1)

where, TPj is the trophic position of species j, TPi is the trophic
position of the ith resource of species j, tij is the amount of
energy or biomass received by species j feeding on i, T·j is the
sum of the total ﬂows entering the node j and S the number
of compartments in the system.
Its unweighted version is the “prey-averaged” trophic position which assumes that a consumer feeds on all its prey
species equally.

TPj = 1 +

S

TPi

lij

i=1

nj

(2)

with nj standing for the total number of resources consumed
by species j, and lij = 1 when species j preys upon i and 0 elsewhere.
Both weighted and unweighted trophic positions were
measured by applying canonical trophic aggregation (CTA;
Ulanowicz, 1995; Scotti et al., 2006), a suite of matrix manipulations included within ecosystem network analysis (ENA;
Ulanowicz, 1986).

2.3.

Structure and topology

Shannon’s index of diversity (H; Shannon, 1948) and average mutual information (Ulanowicz, 2004) are widely applied
as whole system indices and may be calculated using both
weighted and unweighted data.

1
2

http://www.cbl.umces.edu/∼atlss/.
http://www.cbl.umces.edu/∼ulan/.
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Table 1 – List of the ecological networks considered in the analysis
Ecosystems

ATLSS
Cypress Wetlands (dry season)
Cypress Wetlands (wet season)
Marshes and Sloughs (dry season)
Marshes and Sloughs (wet season)
Florida Bay (dry season)
Florida Bay (wet season)
Mangroves (dry season)
Mangroves (wet season)

U , H vs. TP

p

W , H vs. TP

S

nl

currency

p

15
9
21
15
36
21
21
34
51
36
34
43
32
10
9
34
12
13

3
1
3
3
3
1
1
3
3
1
3
1
1
0
1
3
2
3

mgC m−2 day−1
cal cm−2 year−1
mgC m−2 day−1
mgC m−2 day−1
mgC m−2 summer−1
mgC m−2 day−1
mgC m−2 day−1
mgC m−2 summer−1
mgC m−2 day−1
gC m−2 year−1
mgC m−2 summer−1
gAFDW m−2 year−1
mgC m−2 year−1
kcal m−2 year−1
gC m−2 year−1
mgC m−2 summer−1
gC m−2 year−1
gC m−2 year−1

0.649
0.682
0.653
0.862
0.363
0.736
0.373
0.263
0.816
0.605
0.611
0.825
0.765
0.318
0.848
0.613
0.885
0.828

0.022
0.062
0.003
0.001
0.038
0.001
0.106
0.153
0.001
0.001
0.001
0.001
0.001
0.370
0.008
0.001
0.001
0.003

0.651
0.684
0.616
0.726
0.380
0.701
0.280
0.163
0.635
0.551
0.499
0.537
0.673
0.265
0.934
0.525
0.879
0.803

0.022
0.061
0.006
0.008
0.029
0.001
0.232
0.381
0.000
0.001
0.004
0.001
0.001
0.460
0.001
0.002
0.001
0.005

68
68
66
66
125
125
94
94

3
3
3
3
3
3
3
3

gC m−2 year−1
gC m−2 year−1
gC m−2 year−1
gC m−2 year−1
gC m−2 year−1
gC m−2 year−1
gC m−2 year−1
gC m−2 year−1

0.754
0.758
0.725
0.725
0.898
0.894
0.868
0.866

0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001

0.651
0.372
0.555
0.594
0.880
0.830
0.597
0.548

0.001
0.002
0.001
0.001
0.001
0.001
0.001
0.001

U , AMI vs. TP

p

W , AMI vs. TP

−0.639
−0.858
−0.552
−0.681
−0.456
−0.693
−0.636
−0.220
−0.556
−0.736
−0.537
−0.872
−0.737
−0.577
−0.930
−0.432
−0.440
−0.887

0.025
0.006
0.017
0.015
0.008
0.001
0.003
0.233
0.001
0.001
0.002
0.001
0.001
0.081
0.001
0.015
0.203
0.001

0.552
0.811
0.327
0.527
0.692
0.774
0.751
0.442
0.358
0.901
0.715
0.516
0.798
0.976
0.836
0.639
0.832
0.886

0.063
0.015
0.185
0.079
0.001
0.001
0.001
0.013
0.012
0.001
0.001
0.001
0.001
0.001
0.010
0.001
0.003
0.001

−0.794
−0.809
−0.675
−0.674
−0.882
−0.878
−0.821
−0.820

0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001

0.719
0.457
0.758
0.745
0.914
0.896
0.657
0.655

0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001

p

Total number of nodes (S) and number of non-living compartments (nl) are given. Flow intensities (currency) are measured as energy (i.e. kcal m−2 year−1 or cal cm−2 year−1 ), carbon (i.e. gC m−2 year−1
or mgC m−2 summer−1 ) and ash free dry weight (gAFDW m−2 year−1 ). Then, coefﬁcients of correlation and p values, for each ecosystem, are listed: (a) unweighted H and “prey-averaged” TP (U , H vs.
TP); (b) weighted H and “ﬂow-based” TP (W , H vs. TP); (c) unweighted AMI and “prey-averaged” TP (U , AMI vs. TP); (d) weighted AMI and “ﬂow based” TP (W , AMI vs. TP).
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NETWRK
Aggregated Baltic Sea
Cedar Bog Lake
Charca de Maspalomas
Chesapeake Mesohaline Ecosystem
Chesapeake Mesohaline Network
Crystal River Creek (control)
Crystal River Creek (delta temperature)
Lower Chesapeake Bay in summer
St. Marks River (Florida) Flow Network
Lake Michigan Control Network
Middle Chesapeake Bay in summer
Mondego Estuary
Final Narraganasett Bay Model
North Sea
Somme Estuary
Upper Chesapeake Bay in summer
Upper Chesapeake Bay
Ythan Estuary
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H considers the diversity of ﬂows and, accounting for their
abundance and evenness, it scores higher when ﬂows are
many and evenly distributed. According to this, its whole system formulation may be replaced, estimating the inclination
of each species to behave as generalist or specialist. Index of
diversity for energy or matter ﬂows to species j (Hj ) in presence of weighted (Eq. (3)) and unweighted (Eq. (4)) data, with
a scalar constant k, are computed as follows:
S

tij

Hj = −k

i=1

T·j


log2

S

1

Hj = −k

lij

i=1

nj



tij

(3)

T·j

 
1
nj

log2

(4)

AMI measures the average amount of constraints exerted
upon an arbitrary quantum of currency when passing from
any one compartment to the next. In ecological networks, it
depends on both magnitude and number of links entering a
predator compartment and exiting its preys, while it is merely
affected by system topology in food webs. In the present work,
the analysis of contribution of each compartment to the whole
average mutual information (AMIj ) is proposed using ecological networks (Eq. (5)) and food webs (Eq. (6)).
1 
AMIj =
tij log2
T·j
S



i=1

1
lij log2
AMIj =
nj
S

i=1



tij T··



Ti· T·j
lij n
ni nj

(5)


(6)

where Ti· and ni are, respectively, the sum of ﬂows exiting each
prey compartment i and their number, and T·· represents the
sum of total ﬂows occurring in the system (TST; Ulanowicz,
1986).
In particular, the logarithmic relation linking average
mutual information and number of roles (variable that can
be approximated to the concept of trophic position) in ecosystems (Zorach and Ulanowicz, 2003), makes AMIj sensitive to
bottom-up and top-down effects, revealing strong “bipolar”
interactions between predator and preys. Then, the simple
diversity of inﬂows to each compartment j is considered by
Hj (Eq. (4)), while the concomitant effect of number and evenness of ﬂows entering a predator j and exiting its preys i is
measured by AMIj (Eq. (6)). This means that higher AMIj results
when feeding on a well-deﬁned species i is preferred by predator j and, at the same time, the species i is mainly preyed by j;
conversely, when the predator is a generalist and its resources
are evenly distributed between many consumers, lower AMIj
are expected.

2.4.

Procedure

Ecosystems were analyzed by computing, for each species,
trophic position and structure indices (i.e. H, AMI) in their
weighted and unweighted versions. Unweighted H and AMI of
single compartments were separately plotted against “prey-
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averaged” trophic positions, while trends of weighted Hj and
AMIj from basal to top species were depicted adopting “ﬂowbased” trophic positions. Then, Pearson’s product-moment
correlation () was estimated for each distribution.
Scale dependence was examined both graphically, plotting
coefﬁcients of correlation () against the number of nodes (S),
and computing the regression coefﬁcient (R2 ).
Finally, 20,000 simulated ecological networks were
obtained from each one of the 26 ecosystem analyzed,
setting on the boundaries of ﬂow intensity for constructed
networks according with link strengths displayed by real data.
Starting from real ecosystems, 20,000 weighted graphs were
simulated following two options: (a) preserving topology and
modifying ﬂow intensities; (b) maintaining total number of
links and varying their topology and strength. After networks
were assembled in both the above scenarios, the steady state
property of simulated systems was achieved by applying a
balancing procedure that minimized changes on link intensities (Allesina and Bondavalli, 2003). For data extracted from
simulated networks, correlation coefﬁcients () of unweighted
AMI against “prey-averaged” TP and weighted AMI against
“ﬂow based” TP were measured and their boxplot depicted.

3.

Results

Table 1 shows the Pearson’s product-moment correlations ()
and the corresponding p values obtained for each ecosystem,
considering unweighted and weighted versions of Shannon’s
diversity index and average mutual information against “preyaveraged” and “ﬂow-based” TPs. In absence of interaction
strength all the correlations are signiﬁcant but three (i.e. Crystal River Creek, delta temperature U = 0.373, p = 0.106; Lower
Chesapeake Bay in summer: U = 0.263, p = 0.153; North Sea:
U = 0.318, p = 0.370) and two (Lower Chesapeake Bay in summer: U = −0.220, p = 0.223; Upper Chesapeake Bay: U = −0.440,
p = 0.203) cases using, respectively, Hs and AMIs against TPs.
When H is computed with weighted data, the correlations
of the same ecosystems are not signiﬁcant as for food webs
(i.e. Crystal River Creek, delta temperature W = 0.280, p = 0.232;
Lower Chesapeake Bay in summer W = 0.163, p = 0.381; North
Sea: W = 0.265, p = 0.460). Charca de Maspalomas (W = 0.327,
p = 0.183) was the only weighted ecological network with no
signiﬁcant correlation between AMIs and TPs.
For the sake of clarity, results are presented for the trophic
webs of the four dry season Florida networks as reference
cases. Their structure is illustrated in Fig. 1
According to the meaning of H, the positive correlation
indicates that links would be more numerous and intensity
of their ﬂows more evenly distributed toward the top of the
trophic hierarchy. This can be visualized by plotting the indices
in their binary and weighted forms. Figs. 2 and 3 show this
relationship for the Florida ecosystems.
The only difference between weighted and unweighted H is
that the former yields more dispersed distributions and lower
correlation coefﬁcients, although the fundamental trend is
maintained. That is, the knowledge of link magnitude confounds the polarization of the index, a signal of a complex
interplay between topology and function (energy delivery) of
link distribution.
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Fig. 1 – Food webs of four dry season ecosystems of the ATLSS database (Across Trophic Level System Simulation,
http://www.cbl.umces.edu/atlss/network4.html): (a) Cypress Wetlands; (b) Marshes and Sloughs; (c) Florida Bay; (d)
Mangroves. Species and trophospecies are connected by arrowhead arcs portraying trophic relations (energy ﬂow from prey
to predator).

Fig. 2 – Positive correlation between Hs (unwH) and TPs (unwTP) when calculated using binary data extracted from dry
season ecosystems of ATLSS database (Cypress Wetlands: U = 0.754, p  0.001; Marshes and Sloughs: U = 0.725, p  0.001;
Florida Bay: U = 0.898, p  0.001; Mangroves: U = 0.868, p  0.001).
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Fig. 3 – Positive correlation between Hs and TPs is maintained when they are estimated with weighted data (i.e. H, TP) of
dry season ecosystems extracted from ATLSS database (Cypress Wetlands: W = 0.651, p  0.001; Marshes and Sloughs:
W = 0.555, p  0.001; Florida Bay: W = 0.880, p  0.001; Mangroves: W = 0.597, p  0.001).

The qualitative versions of AMIs and TPs yield a negative
correlation (Table 1, Fig. 4). This has exactly the same meaning as the positive correlation observed between H and TPs.
In fact, the two indices measure, respectively, the amount of
uncertainty and that of constraints that food web structure
exerts on the ﬂowing of currency (i.e. energy) in the system.
However, when AMI is computed including link magnitude, a
positive correlation emerges between AMIs and TPs (Table 1,
Fig. 5).
Link strength inverts the correlation between the two
indices and this clariﬁes what the relation between weighted H
and TPs leads to suspect: there is a complex interplay between
topology and function in ecological networks. Because AMI
is inversely proportional to the randomness of ﬂows, that is,
it scores higher when connections entering a node are few
and/or total inﬂow is unevenly distributed among them, it
follows that linkage density is attenuated for species that
feed higher in the food chain. Thus, our analysis indicates
that species with higher trophic position tend to feeding specialization whereas a more generalist alimentary behavior
characterizes species that are at the bottom of the trophic
spectrum. In particular, the opposite correlations shown by
the qualitative and the quantitative version of AMI tells that
more connections are established at the top of the trophic
hierarchy but linkage density, which accounts for the effective
importance of connections through their magnitude, is lower
for top predators than producers or intermediate consumers.

In addition, given the mathematical formulation of AMI, this
result highlights that interactions involving top predators are
strongly “bipolar”, that is, there is a reciprocal specialization
between predators and preys.
No scale dependence was detected when the coefﬁcients
of correlation, estimated for structure indices as regards to
trophic hierarchy, were plotted against the total number of
compartments (S) of each ecosystem (Fig. 6): (a) unweighted
Hs and TPs, R2 = 0.164; (b) weighted Hs and TPs, R2 = 0.017; (c)
unweighted AMIs and TPs, R2 = 0.130; (d) weighted AMIs and
TPs, R2 = 0.005.
Finally, empirical results describing correlation between
AMI and TP in ecological networks were compared with
patterns displayed by simulated food webs. Preserving the
topology of the ecosystems under investigation, varying
link strength at random, the correlations vanished (Fig. 7a).
Modifying the position of links and their intensities (keeping constant the connectance = links/nodes2 ) the correlations
became slightly negative (Fig. 7b). In Table 2 average correlation coefﬁcients, median and standard deviation values of
simulated networks, corresponding to real ecosystems, are
summarized.

4.

Discussion and conclusions

In recent years network science has gained ground as a
promising ﬁeld of research with its important insight into
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Fig. 4 – Higher redundancy of ﬂows entering consumer compartments and low level of topological predator–prey
association at the top of the trophic chain, as displayed by negative correlation between AMIs (unwAMI) and TPs (unwTP)
when measured in food webs (Cypress Wetlands: U = −0.794, p  0.001; Marshes and Sloughs: U = −0.675, p  0.001;
Florida Bay: U = −0.882, p  0.001; Mangroves: U = −0.821, p  0.001).

communication science (internet, telephonic connections),
transportation networks, social community issues (i.e. sexual
contacts), and power grids (Watts and Strogatz, 1998; Liljeros
et al., 2001; Girvan and Newman, 2002). Food webs, as paradigmatic examples of ecological networks, were ideal target for
new efforts to investigate the relationship between structure
and function in ecosystem by applying network properties.
In this framework, most of the studies were conducted using
binary food webs (Dunne et al., 2002a,b; Garlaschelli et al.,
2003; Allesina and Bodini, 2004, 2005) and this approach
allowed to draw conclusions about functional features such
as robustness and fragility of ecological networks (Dunne et
al., 2004; May, 2006; Pascual and Dunne, 2006).
Although food web topology may account for certain functional aspects of ecosystem, including interaction strength
may enlarge this perspective (Paine, 1980, 1992). Since the
topology of an interaction network is also, to a very limited
extent, about functioning (i.e. the graph represents interactions), weighting the network is like moving along a gradient of
reality than answering to a “structure or function” dichotomy.
While ecologists proposed various deﬁnitions of what is
meant by “interaction strength” (Berlow et al., 2004), energy
ﬂow intensity has been adopted here to investigate patterns
of energy delivery, a well-deﬁned ecosystem property. In particular, link magnitude completes the description that binary
data supply to network topology as available pathways for

energy delivery, which is, ultimately, the fundamental function that gives the species the possibility to survive and
thus affects, in a non-simple way, all the other whole system properties such as robustness, fragility and stability
(de Ruiter et al., 1995; McCann et al., 1998; Neutel et al.,
2007).
The integration of topology and interaction strength allows
to enlarge the concept of linkage density, a term that is commonly used as a pure topological attribute. Seen from the
perspective of the function that links accomplish, that is
energy distribution, linkage density should be intended more
as density of energetic currency to or from each node than
crude number of links. Here we analyzed food webs extracted
from ecological networks, their weighted counterpart. Our
results highlight that linkage density lowers as we move from
bottom to top species along the trophic hierarchy. This supports the idea that weak links prevail in ecosystems, a point
of view rather diffuse in ecological literature and built up from
results of energy ﬂow studies, researches on food web stability and investigations involving ﬁeld and lab experiments (de
Ruiter et al., 1995; McCann et al., 1998; Neutel et al., 2007).
Moreover, the linear correlation linking single species contribution to whole AMI and their “ﬂow-based” TP describes
ecological networks as structured with top predators acting
as couplers of distinct main energy channels (Rooney et al.,
2006).
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Fig. 5 – Interaction strengths allow identifying an otherwise hidden pattern of raw binary data, unveiling positive
correlation between AMIs and TPs when calculated using weighted data (i.e. AMI, TP): Cypress Wetlands: W = 0.719,
p  0.001; Marshes and Sloughs: W = 0.758, p  0.001; Florida Bay: W = 0.914, p  0.001; Mangroves: W = 0.657, p  0.001.

Our results do not discard the validity of food web models, simple structures that, despite the challenge posed by the
intricacy of trophic networks, have been shown to capture
successfully a number of their structural properties (Cohen
and Newman, 1985; Williams and Martinez, 2000; Cattin et
al., 2004). The patterns of link distribution highlighted by
the Shannon’s index of diversity, in fact, correspond to those
predicted by the null models. Because this picture does not
change substantially when interaction strength is included
in the analysis, we can conclude that link topology contributes more to the Shannon’s index than the interaction
strength.
Using AMI as a measure of linkage density reverses the patterns. The difference that emerged between the use of H and
AMI is likely due to the fact that the information contained
in the interaction strength remains somehow hidden when
attention is focused on strictly donor-controlled approach
(Paine, 1980; Raffaelli and Hall, 1996; Allesina et al., 2006).
In particular, while food web models essentially account for
energy transfers from primary producers to the different levels
of consumers, the mathematical structure of AMI shows that it
measures the effects connected to the evenness of ﬂows exiting prey items and entering the predator. Accordingly, the use
of AMI vanishes the constraints imposed by the mere donorcontrolled view, and interaction strength adds much more
information, a conclusion that should be carefully assessed
in further studies.

Within this framework, the logarithmic relationship
between number of roles (a concept similar to TP, but constructed analyzing, for each compartment, its predators and
preys) and AMI, described by Zorach and Ulanowicz (2003) at
the whole ecosystem level, reinforces the intuition for which
the latter index has the ability of capturing bottom-up and
top-down effects. Here, by stressing single species properties
(i.e. TPs and contribution of each node to AMI), we discussed
the effects of network topology and link strength on energy
channeling in ecosystems, while Zorach and Ulanowicz (2003),
following a system perspective, examined how the complexity
of ﬂow networks can be translated into few roles, extending
the bottom-up approach of the trophic chain (Lindeman, 1942).
Outcomes presented here reveal that if one passes from the
simple connective structure to a more functional characterization of ecosystems, including link strengths, the “bipolar”
trophic specialization between predator and preys increases
toward top consumers, unveiling how top species establish
more interactions than basal ones, but most of these connections are weak (Berlow et al., 2004).
Absence of scale dependence characterizes the relationship between TP and AMI, both for binary and weighted
food webs, but previous studies showed how these indices
are strongly affected by criteria of taxonomic aggregation
used to deﬁne network compartments (Ulanowicz and Kemp,
1979; Abarca-Arenas and Ulanowicz, 2002; Allesina et al.,
2005). Despite potential consequences of network topology
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Fig. 6 – Absence of scale dependence of correlation coefﬁcients deﬁning structure index (i.e. H, AMI) trends as a function of
trophic positions (TP), both in presence of binary data (food webs) and interaction strength (ecological networks). S stands
for total number of nodes.

and weighting links (e.g. lumping of lower trophic level compartments often results in artiﬁcially generating generalists;
more detailed diet of species feeding at higher trophic positions may be responsible for detecting unevenness in their

input ﬂows), the reliability of our results is strengthened by
the same level of resolution exhibited by compartments, from
basal to top species, in the empirical networks we analyzed.
In general, trends of AMI as a function of TPs seem sensi-

Fig. 7 – Boxplots of the correlation coefﬁcients estimated for networks constructed from dry season ecosystems of ATLSS
database (i.e. Cypress Wetlands:  = 0.719; Marshes and Sloughs:  = 0.758; Florida Bay:  = 0.914; Mangroves:  = 0.657). (a)
Simulations (10,000 cases) stressed maintaining topology of real ecosystems; (b) null models (10,000 cases) obtained
varying both link strength and structure. Average value, median and standard deviation are summarized in Table 2 for all
the ecosystems.
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Table 2 – Simple statistics of simulated networks
T

MeT

sdT

C

MeC

sdC

NETWRK
Aggregated Baltic Sea
Cedar Bog Lake
Charca de Maspalomas
Chesapeake Mesohaline Ecosystem
Chesapeake Mesohaline Network
Crystal River Creek (control)
Crystal River Creek (delta temperature)
Lower Chesapeake Bay in summer
St. Marks River (Florida) Flow Network
Lake Michigan Control Network
Middle Chesapeake Bay in summer
Mondego Estuary
Final Narraganasett Bay Model
North Sea
Somme Estuary
Upper Chesapeake Bay in summer
Upper Chesapeake Bay
Ythan Estuary

0.086
−0.059
0.184
−0.337
0.166
−0.006
0.076
0.268
0.126
0.236
−0.045
−0.330
0.168
0.432
−0.408
0.253
0.016
−0.031

0.078
−0.059
0.176
−0.349
0.169
−0.005
0.086
0.267
0.125
0.245
−0.047
−0.336
0.173
0.434
−0.420
0.252
0.020
−0.032

0.175
0.300
0.160
0.092
0.087
0.151
0.143
0.059
0.098
0.104
0.100
0.118
0.113
0.159
0.308
0.066
0.239
0.264

−0.143
−0.157
−0.130
−0.186
−0.133
−0.208
−0.131
−0.136
−0.068
−0.168
−0.219
−0.380
−0.208
0.097
−0.195
−0.240
−0.073
−0.175

−0.164
−0.182
−0.143
−0.213
−0.143
−0.228
−0.145
−0.144
−0.067
−0.183
−0.234
−0.399
−0.226
0.127
−0.235
−0.256
−0.084
−0.204

0.329
0.398
0.271
0.328
0.212
0.263
0.272
0.215
0.188
0.219
0.208
0.179
0.233
0.326
0.395
0.207
0.329
0.354

ATLSS
Cypress Wetlands (dry season)
Cypress Wetlands (wet season)
Marshes and Sloughs (dry season)
Marshes and Sloughs (wet season)
Florida Bay (dry season)
Florida Bay (wet season)
Mangroves (dry season)
Mangroves (wet season)

0.043
0.023
−0.109
−0.108
−0.070
−0.060
−0.114
−0.111

0.042
0.023
−0.110
−0.109
−0.070
−0.061
−0.115
−0.111

0.069
0.065
0.079
0.077
0.037
0.038
0.047
0.046

−0.311
−0.280
−0.519
−0.521
−0.322
−0.320
−0.440
−0.437

−0.319
−0.290
−0.535
−0.537
−0.336
−0.336
−0.452
−0.449

0.151
0.159
0.127
0.127
0.145
0.147
0.131
0.130

Ecosystems

Mean, median and standard deviation are listed for each network constructed from real data. They refer to null models, preserving topology of
real networks (T , MeT , sdT ) and maintaining connectance (C , MeC , sdC ).

tive to a common aggregation scheme within any single food
web.
The peculiar association between link topology (balanced
action of pathway efﬁciency and redundancy) and strength
of interactions (energy and thermodynamic constraints),
displayed by real ecosystems, vanishes in the simulative
approach. Constructed networks of varying link intensity but
same connectance failed to show the trend of “bipolar” specialization observed with real data, conﬁrming that food web
topology is not randomly assembled (May, 1973) and interaction strength distribution follows a characteristic patterning
(de Ruiter et al., 1995; Polis and Strong, 1996; Montoya et al.,
2003).
The outcomes of our investigation show that link density seems to form a pattern around the energy ﬂow from
resources to consumers. Although the concept of trophic
level may not be sufﬁcient to explain ecosystem organization
and food web complexity spreads the effects of productivity and consumption throughout the web (Polis and Strong,
1996), the latter would be constrained by the trophic hierarchy, which thus becomes a key feature for food web
topology.
In conclusion, the analysis of weighted food webs represents a step ahead in the ﬁeld of trophic networks, and
further efforts should be put in this direction, aiming to detect
functional issues associated to ﬂow topology. Other than a
contribution in the ﬁeld of theoretical ecology, we also consider our work as an example to apply theory and underline

the need of collecting and gathering new datasets on natural
systems.
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