
ceased. The IPC-ablated larvae had an average 
combined glucose and trehalose level of 38% 
above normal, and these levels returned to nor- 
mal when DILP2 was provided systemically by 
the transgene (Fig. IC). Elevated hemolymph 
carbohydrate levels in larvae lacking IPCs indi- 
cate that insulin is an essential regulator of 
energy metabolism in Drosophila. This accu- 
mulation of carbohydrate in the blood is remi- 
niscent of that seen in human diabetes mellitus, 
although it should be noted that we measured 
carbohydrate levels during development rather 
than in adults. 

To investigate how central nervous system 
(CNS)-derived insulin regulates systemic func- 
tions, we examined the Drosophila IPC contacts 
outside the CNS. The morphology of the brain 
IPCs was examined with the use of the dilp2 
promoter to drive expression of mGFP, a mem- 
brane bound green fluorescent protein (GFP) 
(Fig. 2, A to C). The IPC clusters within the pars 
intercerebralis extend processes that terminate at 
the lateral protocerebmm and subesophageal 
ganglion. IPC processes also terminate on the 
heart and in the corpora cardiaca (CC) compart- 
ment of the ring gland, after crossing the midline 
and exiting the CNS (Fig. 2F). Labeling of the 
IPC processes with mGFP and DILP2 antibody 
(fig. S1) revealed localization of DILP2 peptide 
within the processes that contact the heart and 
rng gland (Fig. 2A). DILP2 peptide was con- 
centrated in a graded distribution outside the 
cells of synthesis on the heart (Fig. 2C), and 
colabeling with myosin heavy chain antibody, 
which labels the columnar heart epithelium, 
showed that the IPC processes and DILP2 
were localized outside the lumen of the heart 
(Fig. 2D). These results suggest the heart 
surface may be the site of insulin release to 
the openly circulating hemolymph. We pro- 
pose that brain IPCs are essential for organ- 
ismwide growth control and carbohydrate ho- 
meostasis through release of insulin peptides 
into circulating hemolymph. These cellular 
functions are notably similar to those of mam- 
malian pancreatic 3 cells (6, 7). 

In Drosophila (8) and other insects (9), a 
fraction of CC cells synthesize adipokinetic hor- 
mone (AKH). AKH resembles glucagon in its 
activation of glycogen phosphorylase through 
heteromeric GTP-binding protein (G protein) 
and adenosine 3',5'-monophosphate (cAMP) 
signaling to elevate blood sugar (10), and the 
two proteins have some limited sequence simi- 
larity (fig. S5). Double labeling of AKH mRNA 
and DILP2 peptide showed that IPCs extend 
processes to the CC and that AKH-expressing 
cells contain DILP2 (Fig. 2E). We also found 
that CC cells accumulate DILP2 within mem- 
brane-bound particles of the perinuclear space, 
suggesting the possibility that DILP2 is taken up 
by AKH cells (fig. S6). We cannot formally rule 
out the possibility that dilp2 is transiently or 
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promoter or dilpl, -2, -3, and -5 mRNAs in 
the AKH cells. Thus, in addition to contacts 
between IPCs themselves, the primary sites of 
IPC contact outside the CNS are the heart and 
the CC. Though they lack strict morphologi- 
cal homology, these intercellular contacts are 
analogous to the association of pancreatic P 
cells with other 3 cells, with glucagon- 
expressing a cells, and with blood vessels in 
the islets of Langerhans (7) and may reflect 
underlying evolutionary conservation. 

Thus, there is remarkable similarity of the 
organ systems underlying conserved insulin 
function in diptera and mammals. Moreover, 
the presence of IPCs in the nervous systems of 
other invertebrate and protochordate species (1, 
11-14) and in primary cell cultures from mam- 
malian fetal brain (15) provides further evi- 
dence for a common ancestral insulin-produc- 
ing organ of neural origin. Our results also raise 
the possibility that common mechanisms of cell 
specification regulate development of pancreat- 
ic (3 cells and Drosophila brain IPCs. 
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ized, for example, by strong links embedded 
in a majority of weak links (1, 2, 6) or by 
strong links concentrated on the lower trophic 
levels (5). However, there remains a need to 
determine which food-web properties cause 
the patterns, and to understand the exact form 
of the patterns and how they influence stabil- 
ity. Here we analyze the stabilizing properties 
of observed patterns in food webs (5, 9) by 
looking at the distribution of interaction 
strengths (10, 11) over trophic loops (12-14) 
of different lengths. 

We carried out our first analysis with 
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Fig. 1. Feeding relations (A) and 
loops (B) in the CPER food web. 
Interaction strengths (values in pa- 
rentheses), shown for the feeding 
relations in bold arrows, are the 
values as published for the CPER 
food web (9). (B) A single predator- 
prey relation forms a loop of length 
2, containing a bottom-up effect 
(prey on predator) and a top-down 
effect (predator on prey) (I, 11). The 
weight of this particular loop in the 
CPER food web was 0.55 per year 
(geometric mean of the absolute 
values of the interaction strengths). 
(C) Apart from three loops of length 
2, a three-species omnivorous rela- 
tion forms two loops of length 3: a 
loop containing two top-down ef- 
fects and one bottom-up effect (I, II, 
111), and one containing two bot- 
tom-up effects and one top-down 
effect (1', 11', III'). The weights of 
these loops were 0.14 and 0.10 per 
year, respectively. 
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seven documented soil food webs (15, 16). 
The data collected for these communities en- 
abled us to estimate population sizes, feeding 
rates, and interaction strengths among species 
(5, 9, 17). Throughout the analysis, species 
refers to trophic species or functional groups 
in which species are aggregated that share the 
same prey and predators and have similar 
physiological characteristics (18). With re- 
spect to interaction strengths, we follow May 
(10); interaction strengths are the values of 
the elements of the (Jacobian) community 
matrix and represent the size of the effects of 
species on each other's dynamics near equi- 
librium (10, 11). We present results obtained 
from the food web of the central plains ex- 
perimental range (CPER) as a representative 
example of the seven food webs. 

As indicated in the diagram of the CPER 
food web (Fig. 1A), a loop describes a pathway 
of interactions from a certain species through 
the web back to the same species without vis- 
iting other species more than once; hence, a 
loop is a closed chain of trophic links (14). 
Each step on the path going from one species to 
another refers to the interaction between the 
two species (Fig. 1, B and C), which can be 
either a positive bottom-up effect or a negative 
top-down effect. The length of a loop is the 
number of different species visited. Loops of 
length 2 thus go from a predator to a prey and 
back (Fig. 1B). Longer loops are formed wher- 
ever food chains separate and are connected 
again (through either polyphagy or omnivory) 
(Fig. 1C). A three-species omnivorous relation 
forms two loops of length 3, one with two 
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Fig. 2. Loop length, loop weight, and stability in the CPER food web and randomizations (20) of this 
matrix. (A) Loop weight versus loop length in the real matrix. (B) Loop weight versus loop length 
in a randomized matrix (a typical example). Long loops with a relatively small weight-those with 
many bottom-up effects-are not shown because they are not relevant for maximum loop weight. 
(C) Maximum loop weight and stability of the real matrix (solid diamond) and of 10 randomized 
matrices (open diamonds). We measured stability as the value s that leads to a minimum level of 
intraspecific interaction strength needed for matrix stability (1 7). In a sensitivity analysis, we found 
that variation in the parameter values within intervals between half and twice the observed value 
led to only a small variation in stability (22). 

top-down effects and one bottom-up effect, and 
the other with two bottom-up effects and one 
top-down effect (Fig. 1C). 

Originally, a loop is quantified as a prod- 
uct of interaction strengths (14). Here, we 
introduce the term "loop weight," which is 
defined as the geometric mean of the absolute 
values of the interaction strengths in the loop. 
Quantifying trophic loops in this way allows 
us to compare loops of different lengths and 
to use the maximum of all loop weights as an 
indicator for matrix stability. This indicative 
value can be understood as follows. Consider 

community matrix A = (aj), where all ele- 
ments have been specified except the diago- 
nal elements aii, aoi < 0. These diagonal 
elements refer to the intraspecific interac- 
tions. By making the absolute value of aii 
large enough, community matrix A can be 
stabilized (all its eigenvalues will have neg- 
ative real parts). We found that the maximum 
of all the loop weights in community matrix 
A is an approximation of the absolute value 
of aii sufficient for matrix stability (19). 

In the CPER food web, we characterized 
the observed interaction strengths (9) in terms 
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of the weights of the various loops of differ- 
ent lengths, maximum loop weight, and ma- 
trix stability. We compared the community 
matrix, including the patterned interaction 
strengths ("real matrices"), with a number of 
randomizations of this matrix ("randomized 
matrices"). We acquired the randomized ma- 
trices by randomly exchanging predator-prey 
pairs of interaction strengths, keeping these 
pairs as such intact and preserving the sign 
structure of the matrix (5, 7, 20). We mea- 
sured stability as the minimum degree of 
relative intraspecific interaction needed for 
matrix stability (s); we called matrices with a 
smaller s "more stable" (11). 

We found that loop weights of the longer 
loops were low in the real matrix, whereas in 

A 

randomized matrices the longer loops tended 
to be heavier than the shorter loops (Fig. 2, A 
and B). This can be explained as follows. It is 
a well-known regularity that the absolute val- 
ues of the effects of predators on their prey 
are, on average, two orders of magnitude 
larger than the values of the effects of prey on 
their predators (7, 21). This was also found in 
the CPER web (9) and hence in the random- 
izations of the CPER web. Therefore, loops 
are expected to be heavy when they contain 
many top-down effects relative to bottom-up 
effects. This explains the heavy long loops in 
the randomized matrices. But in the real ma- 
trices, the long loops with many top-down 
effects had a relatively low weight. This 
showed that not all top-down or bottom-up 

B 
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Fig. 3. Interaction strengths and loop weights in an omnivorous food web. (A) Equilibrium feeding 
rates and population sizes. Feeding rates were assumed to be proportional to the population sizes 
of the prey. (B) Interaction strengths (11). In the example, we assumed efficiencies of 0.1 for all 
species. The loop weights of the two loops of length 3 are (1-0.51 X 1-51 x 0.05)1/3 = 0.5 
(anticlockwise loop, starting with the omnivores) and (I-51 x 0.05 X 0.05)1/3 = 0.23 (clockwise 
loop). The relatively small top-down effect (-0.5) keeps the weight of the loop with two top-down 
effects relatively low (see text). 

effects were equal, and it indicated that in the 
real matrices these long loops contained 
many relatively small top-down effects. The 
consequence was that maximum loop weight 
in the real matrix was much lower than in the 
randomized matrices; along with this, as ex- 
pected (19), the real matrix was much more 
stable (Fig. 2C). Moreover, we found a close 
correspondence between maximum loop 
weight and stability within the set of random- 
ized matrices (Fig. 2C). We obtained similar 
results for the other soil food webs. A sensi- 
tivity analysis, evaluating the effects of vari- 
ation in the input parameter values, showed 
the general robustness of the stability analysis 
(22). 

A strong biomass decrease over trophic 
levels, together with the fact that predators 
may feed on several prey types, caused 
weak links to aggregate in long loops. The 
principle is illustrated in Fig. 3 for a three- 
species omnivorous relation. The omnivore 
feeds on two prey types, which are at dif- 
ferent trophic levels. We assume that it 
feeds according to prey abundance, and that 
the biomass of the prey on the lower trophic 
level is much larger than that of the prey on 
the higher trophic level (the biomass pyra- 
mid). Then the omnivore feeds largely on 
the lowest trophic level (23). As a result, it 
exerts a relatively large top-down effect on 
its lowest prey and a relatively small top- 
down effect on its highest prey, because the 
top-down effect is the feeding rate per unit 
of predator biomass (11). The long loop 
with two top-down effects contains this 
relatively small effect of the omnivore, to- 
gether with the large top-down effect of the 
intermediate predator on the bottom prey; 
that is, the two relatively large top-down 
effects are in different loops (Fig. 3B). 

0.05 
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trices were derived in the same way 8 4 - * ** 
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for all species. Equilibrium population 
sizes in each food web were obtained by imposing a simple pyramidal 
biomass structure with a factor of 20 biomass decrease over trophic 
levels (22). Each web was represented by 100 pyramidal matrices con- 
structed by drawing matrix elements randomly from uniform intervals (0, 
2ao) around the derived values of interaction strengths aoy. For each 
pyramidal matrix, a randomized counterpart was derived (20). Maximum 
loop weight and stability refer to theaverage value of 100 matrices. (A) 
Maximum loop length versus complexity [the product of the number of 
species (n) and connectance (C)]. (B) Maximum loop weight versus 
maximum loop length of the pyramidal matrices. (C) Maximum loop 
weight versus maximum loop length of the randomized matrices. (D) 
Stability versus maximum loop length of the pyramidal matrices. (E) 
Stability versus maximum loop length of the randomized matrices. 
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Hence, the result of biomass pyramids is 
that long loops with relatively many top- 
down effects always contain at least one 
relatively small top-down effect: the effect 
of the omnivorous predator on its high 
trophic-level prey. Randomization (20) 
means that large top-down effects from 
different trophic loops may end up in the 
same loop, causing very high loop weights, 
leading to instability. 

We tested the effect of biomass pyramids 
on loop weight and stability with the use of 
104 food webs in the collection assembled by 
Cohen et al. (24). We imposed a pyramidal 
biomass structure on these webs (22) and 
calculated interaction strengths for all these 
communities (11), carrying out the same 
analysis as was done for the soil food webs 
(Fig. 4). Notwithstanding the acknowledged 
shortcomings of this particular data set and 
the criticisms it has attracted (3, 25), the 
analysis reveals that the 104 pyramidal (de- 
rived from pyramidal structure) webs had the 
same characteristic distribution of loop 
weights over loop lengths as did the CPER 
web-that is, long loops had low loop 
weights (as shown in Fig. 2A)-giving these 
webs a lower maximum loop weight and a 
much lower level of intraspecific interaction 
needed for stability than their randomized 
(20) counterparts. Looking at the complexity 
of the 104 webs, we found that the more 
complex webs contained relatively long loops 
(Fig. 4A) but had roughly the same maximum 
loop weight and stability as less complex 
webs with shorter loops (Fig. 4, B and D). In 
the set of randomized matrices, webs with 
longer loops had a larger maximum loop 
weight and were less stable than webs with 
shorter loops (Fig. 4, C and E). Varying the 
shape of the trophic pyramid in the range 
from no decrease to a factor of 50 decrease of 
biomass per trophic level showed that rough- 
ly a factor of 10 biomass decrease over tro- 
phic level was sufficient to generate strong 
stabilizing patterns of interaction strengths. 
As more extreme decreases in biomass over 
trophic levels are very common in natural 
ecosystems (26), the results identify a regu- 
larity in a broad class of ecosystems: In com- 
plex food webs with pyramids of biomass, 
long loops contain weak links, resulting in a 
low maximum loop weight and a low level of 
intraspecific interaction needed for stability 
(27). 

Stabilizing effects of patterns of interac- 
tion strengths have been put forward by em- 
piricists and theoreticians. Establishing inter- 
action strengths in species manipulation and 
perturbation experiments, Paine (1) and 
Wootton (2) showed that communities are 
characterized by a few strong links embedded 
in a majority of weak links. Yodzis (7) dem- 
onstrated the importance of the patterning of 
strong and weak links for model stability. De 

REPORTS 

Ruiter et al. (5) showed the importance of 
energetic organization for food-web stability. 
McCann et al. (6) revealed that particular 
combinations of weak and strong links are 
crucial to stability. This analysis contributes 
to these findings by showing that stabilizing 
combinations of strong and weak links are 
organized in trophic loops, linking this orga- 
nization to trophic pyramids and explaining 
the effect in terms of general mathematical 
stability criteria. The potentially destabilizing 
effect of long loops is well known (12-14, 
28); our results indicate how weak links pre- 
vent complex food webs with long loops 
from being unstable (22). Although it re- 
mains difficult to decide on the level of detail 
with which feeding relations are distin- 
guished, loop-weight analysis could be a use- 
ful tool for assessing the structure and orga- 
nization of complex networks of ecological 
relations. Characterizing complex structures 
is relevant, because it is often on this level of 
multitrophic communities that questions 
about the fragility of system structure and 
functioning are most pressing. 
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