
centration of ND442 (Fig. 4B). Thus, ternary com-
plex formation is cooperative; that is, binding of
ND442 is promoted by the presence of ED–C-Ala.

A parallel experiment showed that deletion of
C-Ala fromED–C-Ala severely reduced binding of
ED to tRNAAla and thus also eliminated formation
of the ternary complex (Fig. 4B). Collectively, these
data show that tRNAAla serves as a bridge to coop-
eratively bring together editing and aminoacylation
centers and that the ability of tRNAAla to play this
role is C-Ala–dependent. To further validate these
conclusions, we checked whether C-Ala–dependent
ternary complex formation could facilitate the activity
of the aminoacylation domain. A series of concen-
trations of ED–C-Ala (3 to 80 mM) were incubated
together with ND442 in the aminoacylation assay
(Fig. 4C). Dramatic enhancement of ND442 ami-
noacylation activity was induced upon addition of
ED–C-Ala, with an apparent Kd of 6.1 T 1.2 mM
(this “functional” apparent Kd is comparable to the
estimatedKd of 2.2 T 0.5 mMfromEMSA analysis,
Fig. 2C). Adding bovine serum albumin (10 mM) to
the system slightly decreased the apparent activity in
all assays, with no change to the effect of ED–C-Ala
on the activity of ND442 (fig. S4A). Although ED
is able to bind weakly to tRNAAla (Kd = 50 mM),
when high concentrations (80 mM) of ED were
added no enhancement of ND442 aminoacylation
activitywas seen (Fig. 4C and fig. S4C). Thus,C-Ala
brings together aminoacylation and editing domains
to bind simultaneously to the acceptor stem (Fig. 4D).
Without C-Ala, the binding of tRNA to ND442 and
ED is not able to make editing collaborative with
aminoacylation.

A docking model positions the aminoacylation
and editing domains on opposite sides of the tRNA
acceptor stem, where they each make contact with
the G3•U70 base pair with use of both major and
minor grooves of tRNAAla (Fig. 2B and fig. S2).
Earlier experiments showed that both aminoacyla-
tion and editing were sensitive to the same G•U pair
(8, 25, 26), and it is now shown that C-Ala provides
the architecture for bringing together the two do-
mains on the same RNA helix. In this way, the edit-
ing domain checks for mischarging by picking out
tRNAs that have Gly or Ser and a G3•U70 pair.
Because G3•U70 is specific to tRNAAla molecules
and thus marks a tRNA as specific for alanine, the
editing domain (before being coupled to the amino-
acylation domain) could easily pick out in trans those
tRNAAlas that are mischarged with Gly or Ser and
avoid clearing Gly or Ser from their cognate tRNAs
(tRNAGly and tRNASer, respectively). C-Ala is dis-
tinct fromanyother tRNAbindingdomain, including
the EMAPII/Trbp111 domain (27), C domain of
LeuRS (28, 29), and N domain of human LysRS
(30), which also bind to the elbow region of tRNAs.
Additionally, these domains are not linked to both a
synthetase and a free-standing editing domain and
are not known to promote collaboration between
editing and aminoacylation functions.

Three types (Ia, Ib, and II) of free-standing
genome-encoded AlaXps are widely distributed
in all three kingdoms of life and act in trans to clear
tRNAAla mischarged with Ser or Gly (7, 8, 31, 32).

Type Ia AlaXp lacks the Gly-rich motif near the N
terminus of the editing motif of type Ib and type II
AlaXps (33). However, unlike types Ia and Ib
AlaXps that are composed of just the editing domain,
type II AlaXp has the C-Ala domain (Fig. 1A). A
highly resolved phylogenetic tree shows the expected
canonical patterns of ThrRS and AlaRS, where the
bacterial versions are specifically related to, but
deeply separated from, eukaryotic lineages (fig. S5)
(34). This phylogenetic analysis implies that all three
forms of AlaXp evolved in the ancestral community.
This phylogeny also suggests thatAlaXp-II is derived
fromAlaXp-I.TheeditingdomainofThrRS is closest
to AlaXp-I, thus suggesting an early separation that
split the original editing enzyme into two different
specificities, one for tRNAThr and the other for
tRNAAla. Most importantly, the phylogenetic anal-
ysis indicates that the editing domain of AlaRS ap-
peared concurrentlywith the ancient,most-developed,
and largest free-standing editing enzyme, theC-Ala–
containing AlaXp-II. Thus, C-Ala may have been
instrumental in bringing together editing and amino-
acylation domains on one tRNA to ultimately
(through fusion) create AlaRS (fig. S6).
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Generalized Models Reveal Stabilizing
Factors in Food Webs
Thilo Gross,1* Lars Rudolf,1 Simon A. Levin,2,3 Ulf Dieckmann4

Insights into what stabilizes natural food webs have always been limited by a fundamental
dilemma: Studies either need to make unwarranted simplifying assumptions, which undermines
their relevance, or only examine few replicates of small food webs, which hampers the robustness
of findings. We used generalized modeling to study several billion replicates of food webs with
nonlinear interactions and up to 50 species. In this way, first we show that higher variability in
link strengths stabilizes food webs only when webs are relatively small, whereas larger webs are
instead destabilized. Second, we reveal a new power law describing how food-web stability scales
with the number of species and their connectance. Third, we report two universal rules: Food-web
stability is enhanced when (i) species at a high trophic level feed on multiple prey species and
(ii) species at an intermediate trophic level are fed upon by multiple predator species.

Understanding the dynamic properties of
food webs is a problem of both theoret-
ical and practical importance (1–16), espe-

cially as concerns about the robustness of natural
systems escalate. Further, the discovery of stabiliz-
ing factors in food webs can yield much-needed

design principles for institutional networks (17).
RobertMay (1) showed that randomly assembled
webs became less robust (measured in terms of their
dynamical stability) as their complexity (measured in
terms of the number of interacting species and their
connectivity) increased. Although it has often been
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pointed out that food webs can persist in nonsta-
tionary states, there is growing evidence that May’s
stability-complexity relationship also holds for non-
stationary dynamics (18). Moreover, population cy-
cles or external forcing averages out if foodwebs are
considered on longer time scales, so that time-
averaged dynamics can be considered as stationary.
However, detailed investigations aiming at a deeper
understanding ofwhatmakes foodwebs robust have
generally been hampered by computational con-
straints (12). We avoided these constraints through
the use of generalized modeling (GM) (19, 20).

For a given class of mathematical models, GM
identifies parameters that together capture the local
stability properties of all stationary states. Some of
these parameters (scale parameters) quantify the
scaling of biomass fluxes, whereas others (exponent
parameters) quantify the nonlinearity ofmodel func-
tions. For any given model, the GM parameters can
be expressed as functions of conventional model pa-
rameters. More importantly, however, the GM pa-
rameters are directly interpretable in their own right.
To capture the complexity of real-world problems,
the number ofGMparameters is often large. Yet, the
numerical performance of GM is so favorable that
billions of randomly chosen replicates, defined by
sample sets of GM parameters, can be analyzed.

Our study focuses on realistic food-web topol-
ogies generated by the niche model (20, 21). The
dynamics of the population densityXi of each species
i = 1,…,N follows a differential equation of the form

Ẋi ¼ SiðXiÞ þ FiðX1, :::, XN Þ −

MiðXiÞ − ∑
N

j¼1
GijðX1, :::, XN Þ

where Si, Fi, Mi, and Gij are nonlinear functions
describing the gain due to primary production, the
gain due to predation, the loss due to natural mor-
tality, and the loss due to predation, respectively.We
do not restrict these functions to any specific func-
tional form but rather consider the whole class of
such models. The production term is assumed to
vanish for all species except producers, whereas the
predation gain vanishes for producers. Similarly, the
predation loss is 0 for top predators, whereas natural
mortality is assumed to be negligible for all species
except top predators. Finally, a relationship between
the gain of a predator and the loss of its prey species
is assumed that is consistent with passive prey
switching. GM parameters for this class of models
have been derived before (19) and are listed together
with their interpretations in table S1.

To assess the dependence of food-web stability
on the exponent parameters, we generated a sample

of108 foodwebswith a fixed number of species. In
this sample, we drew the exponent parameters in-
dependently and randomly from suitable uniform
distributions, whereas we computed the topological
parameters from randomly generated niche-model
topologies (20, 21). We estimated the average im-
pact of an exponent parameter on stability by com-
puting the correlation between that parameter and
local stability (20). Results for food webs with 10,
20, and 30 species, shown in Fig. 1, reveal the fol-
lowing: The sensitivity of predation to prey density
(g) and the sensitivity of top-predator mortality to
top-predator density (m) correlate positively with
stability. This corresponds to the well-known fact
that low saturation of predators and nonlinear (for
example, quadratic) mortality promote stability (12).
In contrast, the sensitivity of primary production to
the number of primary producers (f) and the sensi-
tivity of predation to predator density (y) are nega-
tively correlated with stability. This confirms that
stability increaseswhen primary production is strong-
ly limited by external factors such as nutrient avail-
ability or when predation pressures are not very

sensitive to predator density (22). The range of turn-
over rates (ascale) as well as the total range of niche
values (nrange) do not correlate with stability. How-
ever, increasing the average difference between the
niche values of a predator and its prey (ndiff) has a
stabilizing effect (12). Our analysis also confirms that
the number of links, and therefore a food web’s con-
nectivity, is negatively correlated with stability.

As a next step, we set all exponent parameters to
realistic values (table S1) and focused on the effects
of food-web topology on stability. We began by in-
vestigating how stability is affected by the relation-
ship between the number of species (N) and the
number of links (L). For better comparison, we
express the number of links in terms of the con-

nectance C =
L

NðN − 1Þ. We generated samples

by means of random niche-model topologies, with
N and C changing on a logarithmic grid. At every
vertex of this grid, we computed the proportion of
stable webs (PSW), which describes the probability
of randomly drawing a stable food web from our
sample. Figure 2 shows PSWresults computed from

1Max Planck Institute for Physics of Complex Systems,
Nöthnitzer Straße 38, 01187 Dresden, Germany. 2Depart-
ment of Ecology and Evolutionary Biology and Center for
BioComplexity, Princeton University, Princeton, NJ 08540,
USA. 3University Fellow, Resources for the Future, 1616 P
Street NW, Washington, DC 20036, USA. 4Evolution and
Ecology Program, International Institute for Applied Systems
Analysis, Schlossplatz 1, 2361 Laxenburg, Austria.

*To whom correspondence should be addressed. E-mail:
thilo.gross@physics.org

Fig. 1. Dependence of food-web
stability on GM parameters. Corre-
lation coefficients R describing the
correlation between food-web sta-
bility and GM parameters (20) are
shown for 108 randomly generated
food webs with 10 (light gray), 20
(medium gray), and 30 species (dark
gray). Error bars are too small to be
visible. High sensitivities of preda-
tion to prey density (g), large aver-
age differences between the niche
values of a predator and its prey
(ndiff), and high exponents of clo-
sure (m) promote stability. High sen-
sitivity of primary production to the
number of primary producers (f),
large number of links (L), and high
sensitivity of predation to the num-
ber of predators (y) destabilize. The
total range of niche values (nrange)
and the total range of time scales
(ascale) have little effect on stability. γ ndiff µ nrange   αscale φ L ψ−
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Fig. 2. Dependence of food-web stability on N and C. (A) The PSW decreases with increasing N and C, as
shown by the color coding and the logarithmically spaced level lines. (B) The power law log10(PSW) + a = bxc

(red curve) with x= log10(CN), a=0.2090, b=–7.025, and c=3.138 explains 99.64%of the shown variation.
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35 billion food webs. As expected, the PSW de-
creases as N and C increase. Moreover, we find that
the level lines in Fig. 2A are almost perfectly straight
with a slope of 1, so that the PSW is determined
almost exclusively by the product ofN andC. Figure
2B shows that the dependence of log(PSW) on
log(CN ) closely follows a power law.

We next turned to the effect of link-strength var-
iability within a food web, which has previously
been proposed as a potentially important determinant
of food-web stability (4, 7, 9–11, 23). In order to
compare link strength, we had to take into account
that, because of allometric scaling, biomass fluxes at
higher trophic levels are on average much weaker
than at lower trophic levels. We therefore measured
link-strength variability in a predator-centric way by
determining the coefficient of variation (CV) of all
biomass fluxes, which were individually normalized
by the total biomass inflowof the flux’s recipient.An
alternative prey-centric definition, providing indepen-
dent information, can be devised based on the CVof

all biomass fluxes, which were individually normal-
ized by the total biomass outflow of the flux’s source.

To explore the impact of link-strength variability,
we generated a large ensemble of food webs (~107)
in which link strengths were drawn from a uniform
distribution. Figure 3A shows the PSWas a function
of the observedCVof predator-centric link strengths.
In very small foodwebs (such asN=5), large jumps
occur in the PSWas a function of theCV.This is due
to the relatively low number of feasible topologies,
each giving rise to a characteristic range of CVs and
PSWs. In larger foodwebs, the number of topologies
grows combinatorially, so that the PSW becomes a
smooth function of the CVabove approximately
N = 10. We find that in small and intermediate food
webs (N < 30), the PSW increases with increasing
CV (Fig. 3A), which confirms the stabilizing effect
of link-strength variability previously reported in
the literature (4). However, in larger food webs, this
relationship is reversed, so that increasing the CV
decreases the PSW.

Repeating this investigation with the alternative,
prey-centric measure of link variability yields slight-
ly different results. For small food webs (N < 20), a
local PSWmaximumoccurs at lowCVs. Therefore,
increasing theCVhas a stabilizing effect if theCVis
low. For larger food webs, this maximum becomes
less pronounced and eventually disappears so that,
also with this alternative measure, we find that in-
creasing the CV destabilizes large food webs (Fig.
3B). Additional investigations (20), of lognormally
distributed link strengths and of food webs with
trophic loops, underscore the robustness of the pat-
terns reported in Fig. 3.

The GM approach can be used to exhaustively
search for properties that stabilize food webs. Here,
we focus on the stabilizing or destabilizing effects of
links dependingon the trophic levels they connect. In
an ensemble of food webs with fixed connectivity
K = L

N
, a trophic-rank index z is assigned to each

species (20). This index enumerates species, from
lowest to highest trophic position, according to their
niche value, which in turn is often interpreted as an
indicator of body size. We normalized the index to
the interval [0,1], so that the most basal species in a
web is always characterized by z = 0 and the most
apical species by z = 1, with all other species oc-
cupying an equidistant grid of index values in be-
tween. For all focal species with a given z, we then
determined the correlations between the PSWand (i)
the number of predator species exploiting the focal
species and (ii) the number of prey species exploited
by the focal species.

Figure 4A shows the correlation of food-web
stability with the number of predator species as a
function of z. Increasing the number of predator spe-
cies preying on basal species (z < 0.25) has a desta-
bilizing effect on the food web. Likewise, increasing
the number of predator species preying on apical
species (z > 0.75) has a destabilizing effect. In
between, there is a large intermediate range (0.25 <
z < 0.75) in which the correlation is positive, show-
ing that for a given number of links the stability of
foodwebs is enhanced if predatorsmainly prey upon
species of intermediate trophic position.

Figure 4B shows the correlation of food-web
stabilitywith the number of prey species as a function
of z. Formost species (z<0.719), the PSWcorrelates
negatively with the number of prey species, whereas
a positive correlation is found for species at high
trophic levels (z > 0.719). For a given number of
links, stability is therefore enhanced by generalist
predators at the top of a food web and specialist
predators below. The threshold z = 0.719 is inde-
pendent of most GM parameters, includingN andK.
Additional investigations reveal that the nonlinearity
of top-predator mortality is the only parameter in the
model that has a detectable impact on this threshold.

Our study adds independent support for some
previously proposed stabilizing factors. The mutual
reinforcement of similar results obtained with dif-
ferent methods establishes a broader basis for un-
derstanding food-web stability. Our analyses show
that variability in trophic link strength exerts a sta-
bilizing influence only in relatively small food webs.
In contrast, larger food webs are destabilized by in-

Fig. 3. Dependence of food-web stability on link-strength variability. The former is characterized by PSW and
the latter by CV. Link strength is normalized by (A) the predator’s total influx or (B) the prey’s total outflux.
Link-strength variability enhances stability in small food webs but has a destabilizing effect in larger webs.

Fig. 4. Dependence of food-web stability on the distribution of links. (A) Correlation of stability with the
number of predator species preying on a focal species, in dependence on the trophic position of the focal
species as measured by its trophic-rank index z. Stability is enhanced if most species prey upon intermediate
species, which are characterized by indices around z = 0.5. (B) Correlation of stability with the number of
prey species predated upon by a focal species, in dependence on the trophic position of the focal species.
Stability is enhanced if apical predators are generalists, whereas intermediate predators are specialists.
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creasing the coefficient of variation of normalized
link strength. This indicates that large food webs
follow qualitatively different rules than smaller webs
(16) and suggests that extreme link strengths should
be rarer in larger food webs. Further, we found a
power law for the scaling of food-web stability with
species number and connectance and identified two
topological rules governing food-web stability: For a
given number of species and links, food-web stabil-
ity is enhancedwhen (i) species at high trophic levels
feed on multiple prey species and (ii) species at in-
termediate trophic levels are fed upon by multiple
predator species. This pattern, with generalist apical
predators preying upon intermediate specialist pred-
ators, is often encountered in empirical food webs
(7, 11, 14, 15) and is consistentwith reported effects
of allometric degree distributions (15) and of top
predators connecting otherwise separate energy chan-
nels (14). In comparison with previous results, our
study offers more predictive specificity based on a
wider ensemble of models, which enhances confi-
dence in the universality of the reported rules. Per-

haps most importantly, the GM approach used here
has much potential for addressing a large class of
related questions.
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C3PO, an Endoribonuclease That
Promotes RNAi by Facilitating
RISC Activation
Ying Liu,1 Xuecheng Ye,1 Feng Jiang,1 Chunyang Liang,1 Dongmei Chen,2 Junmin Peng,2
Lisa N. Kinch,1,3 Nick V. Grishin,1,3 Qinghua Liu1*

The catalytic engine of RNA interference (RNAi) is the RNA-induced silencing complex (RISC), wherein the
endoribonuclease Argonaute and single-stranded small interfering RNA (siRNA) direct target mRNA
cleavage. We reconstituted long double-stranded RNA– and duplex siRNA–initiated RISC activities with
the use of recombinant Drosophila Dicer-2, R2D2, and Ago2 proteins. We used this core reconstitution
system to purify an RNAi regulator that we term C3PO (component 3 promoter of RISC), a complex of
Translin and Trax. C3PO is a Mg2+-dependent endoribonuclease that promotes RISC activation by
removing siRNA passenger strand cleavage products. These studies establish an in vitro RNAi reconstitution
system and identify C3PO as a key activator of the core RNAi machinery.

RNA interference (RNAi) is posttranscrip-
tional gene silencing initiated by Dicer, a
ribonuclease (RNase) III that processes

double-stranded RNA (dsRNA) into 21- to 22-
nucleotide (nt) small interferingRNA (siRNA) (1–3).
Nascent siRNA duplex is assembled into the effector
RNA-induced silencing complex (RISC), wherein
single-stranded siRNA guides the endoribonuclease
Argonaute (Ago) to catalyze sequence-specific cleav-
age of complementary mRNA (1–3). A minimal
RISC can be reconstituted with recombinant Ago2
and single-stranded siRNA, but not duplex siRNA
(4), which suggests that additional factors are re-
quired for loading nascent siRNA onto Ago2. In

Drosophila, Dicer-2 (Dcr-2) andR2D2 coordinately
recruit duplex siRNA to Ago2 to promote RISC as-
sembly (5–7). Moreover, the Dcr-2–R2D2 complex
senses thermodynamic asymmetry of siRNA and
facilitates the guide strand selection (8). It remains
unclear as towhat constitutes holo-RISC, howRISC
is assembled, and how RISC is regulated. These
outstanding questions can be effectively addressed
using a classic biochemical fractionation and re-
constitution approach.

We took a candidate approach to reconstituting
the core RISC activity with the use of recombinant
Dcr-2, R2D2, and Ago2 proteins, all of which are
essential for Drosophila RISC assembly (6, 7, 9).
Besides PAZ and PIWI domains,DrosophilaAgo2
carries a long stretch of N-terminal polyglutamine
(Q) repeats that are absent inmost Ago proteins.We
generated an active truncatedHis-Flag–taggedAgo2
that removes most polyQ repeats and fully restores
duplex siRNA–initiated RISC activity in ago2mu-
tant lysate (fig. S1) (9). Furthermore, purified recom-
binant Dcr-2–R2D2 and Ago2 proteins could

successfully reconstitute long dsRNA– and duplex
siRNA–initiatedRISCactivities (Fig. 1A).TheRISC
activity was abolished when using catalytic mutant
Ago2 (Fig. 1A), indicating that Ago2 was responsi-
ble for mRNA cleavage in this reconstituted system.

However, recombinant Dicer-2–R2D2 andAgo2
generated lower RISC activities than did S2 extract
(Fig. 1A), which suggests that additional factors are
required to achieve maximal RISC activity. There-
fore,we used this core reconstitution system to search
for newRISC-enhancing factors.We found that mild
heat treatment (HI, 37°C for 30 min) abolished the
RISC activity in S2 extract (fig. S2) and that addition
of S2HI extract greatly enhanced the RISC activity of
recombinant Dicer-2–R2D2 and Ago2 (Fig. 1B),
which suggested the existence of an RNAi activator.
We named this factor C3PO (component 3 promoter
of RISC) because this is the third component besides
Dcr-2 and R2D2 that promotes RISC activity.

Weused a seven-step chromatographic procedure
to purifyC3PO fromS2 extract.At the final step, two
proteins, ~27 kD and ~37 kD, showed close cor-
relation with the RISC-enhancing activity (Fig. 1C).
They were identified by mass spectrometry as the
evolutionarily conservedTranslin, alsoknownas testis-
brain RNA binding protein (TB-RBP), and Translin-
associated factorX (Trax). Translin is a single-stranded
DNA and RNA binding protein that copurifies with
siRNA after cross-linking by ultraviolet light (10, 11),
whereas Trax has sequence similarity to and inter-
acts with Translin (12). Consistently, recombinant
C3PO complex, but not Translin, greatly enhanced
theRISCactivity of recombinantDicer-2–R2D2and
Ago2 (Fig. 1D and fig. S3A). Maximal RISC ac-
tivity was obtained only when Dcr-2–R2D2, C3PO,
and Ago2 were present (fig. S3B).

Conversely, genetic depletion of C3PO dimin-
ished RISC activity in Drosophila ovary extract.
Western blotting revealed that Translin and Trax
were bothmissing in translin (trsn) mutant fly lysate
(Fig. 2A) (11), which suggests that Trax is unstable
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Methods
Generalized modeling. GM is based on 
the insight that, in general, the computation 
of steady states is much more difficult 
and computationally expensive than the 
investigation of the local dynamics around 
them. Once a steady state is given, its 
stability is determined by the corresponding 
Jacobian matrix, which can be analyzed at 
low computational cost.

In the GM of food webs, computation of 
steady states can be avoided as follows: for 
every arbitrary steady state, we formally map 
the species densities Xi and the functions 
describing production, predation, and mor-
tality to 1 by a suitable normalization. The 
Jacobian of the normalized system contains 
a number of unknown terms, which can be 
identified as free parameters with clear bio-
logical interpretations. These GM parameters 
can be treated just like parameters in conven-
tional modeling.

GM parameters fall into two classes: 
(a) scale parameters, which determine the 
topology and magnitude of biomass fluxes, 
and (b) exponent parameters, which measure 
the local nonlinearity of the considered 
functions. For mononomial functions, the 
corresponding exponent parameter simply 
is the monomial’s exponent. For instance, 
a linear function corresponds to a parameter 
value of 1, a quadratic function to a value of 2, 
and a square-root function to a value of 0.5. 
However, we do not restrict the functional 
forms in our model to monomials. For general 
functions, the exponent parameter measures 
the sensitivity of a process, say predation, 
to a variable, e.g., prey density (for details, 
see Ref. S1). Exponent parameters are called 
elasticities in the context of metabolic control 
theory.

It is always possible to step back and 
forth between a conventional model and the 
corresponding generalized model. For a given 
steady state in the conventional model, the 
corresponding GM parameters are unique 
and can be computed straightforwardly. 
Conversely, for a given generalized model, one 
can always construct a class of conventional 
models that generate the given GM parameters. 
For instance, an exponent parameter γ = 1, 
indicating a locally linear functional response, 
corresponds to a Lotka-Volterra functional 
response for all prey densities, to a Holling 
type-II functional response for low prey 
densities, and to a Holling type-III functional 
response for intermediate prey densities. 
Analyzing a single set of GM parameters 
therefore reveals information on a large class 
of different conventional models.

Example: Single species. To illustrate the GM 
approach, we consider a single population 
with density X. We assume that this 
population grows due to reproduction at rate 
S( X ), while also suffering from predation 
at rate G( X ), and from natural mortality at 
rate M( X ). In this simple example, we do not 
model the population of predators explicitly. 
The population dynamics is therefore given 
by a single differential equation,

( ) ( ) ( )X S X G X M X − −  . (S1)

In conventional modeling, one would now 
parameterize the functions S, G, and M, and 
thereby restrict them to specific functional 
forms.

Using GM, we instead parameterize the 
Jacobian matrix that governs the stability 
of all steady states in the whole class of 
models conforming to Eq. S1. For this 
purpose, we denote a steady state by X *. 
Using the notation S * := S(  X * ), G * := G(  X * ), 
and M * := M( X * ), we define a normalized 
density x := X / X * and normalized functions 
s( x ) := S( X ) / S *, g( x ) := G( X ) / G*, and 
m( x ) := M( X ) / M *. It is always possible to 
normalize in this way as long as X *, S *, G*, 
and M * are positive. Substituting the scaled 
quantities into Eq. S1, we obtain

* * *

* * *( ) ( ) ( )S G Mx s x g x m x
X X X

 − −  .

For this equation, the considered steady state 
is x* = 1, with s( x* ) = g( x* ) = m( x* ) = 1. The 
price we pay for normalizing the unknown 
steady state to x* = 1 is the introduction of 
the unknown factors in front of the functions. 
These factors, however, are constants and 
can be treated just as unknown parameters 
in conventional modeling. We define 
α := S * / X * and σ := G * / (G * + M *), which, 
using S * = M * + G*, allow us to rewrite the 
differential equation above as

α[ ( ) σ ( ) (1 σ) ( )]x s x g x m x − − −  .

The parameter α > 0 denotes the per-capita 
birth rate in the steady state (i.e., the turnover 
rate), while 0 ≤ σ ≤ 1 denotes the stationary 
fraction of losses resulting from predation. 
Together, α and σ are the system’s GM scale 
parameters. Although the scale parameters 
could have been defined differently, the 
present definition is particularly advantageous, 
as separating the turnover rate from the 
parameters weighting contributions to this rate 
facilitates interpretation.

We can now compute the Jacobian in the 
considered steady state as

Table S1. List of GM parameters for food-web dynamics.

Parameter Interpretation Range Value

Scale parameters
αi Rate of biomass turnover in species i n.a. αni

scale

βij Contribution of predation by species i 
to the biomass loss rate of species j

n.a. lij  / Σk lkj    

χ ij Contribution of species i to the prey of 
species j

n.a. lij  / Σk lik

ρi Fraction of growth in species i resulting 
from predation

n.a. 0 if i is a producer,
1 if i is a consumer

ρi Fraction of growth in species i resulting 
from production

n.a. 1 - ρi

σi Fraction of mortality in species i resulting 
from predation

n.a. 0 if i is a top-predator,
1 otherwise

σi Fraction of mortality in species i not 
resulting from predation

n.a. 1 - σi

Exponent parameters
γi Sensitivity of predation in species i to 

the density of prey
[0.5,1.5] 0.95

λ ij Exponent of prey switching in species i n.a. 1 (passive switching)
μi Exponent of closure in species i [1,2] 1
φi Sensitivity of primary production in 

species i to the density of primary producers
(0,1) 0.5

ψi Sensitivity of predation in species i to the 
density of predators

[0.5,1.5] 1
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1
α[ σγ (1 σ)μ]

x
J x

x 

∂
  φ − − −
∂
  ,

where φ := s′ ( 1 ), γ := g′ ( 1 ), and μ := m′ ( 1 ) are 
the GM exponent parameters, denoting the 
sensitivities of the corresponding functions 
around x* = 1.

The considered steady state is stable if all 
eigenvalues of the Jacobian have negative real 
parts. In our one-dimensional example, there 
is only one eigenvalue, which is directly given 
by J. The steady state is therefore stable if

φ - σγ - (1 - σ) μ < 0 .

We can summarize this result by stating 
that in all models conforming to Eq. S1 
every possible steady state is stable in 
which the sensitivity of the source term S is 
smaller than the sensitivity of the loss terms 
F and M, weighted according to their relative 
contributions to the total loss rate. This 
allows us to infer, for example, that a system 
with linear reproduction, φ = 1, constant 
predation (e.g., through harvesting), γ = 0, 
and quadratic natural mortality, μ = 2, can 
only be stable if less than half of the losses 
result from predation, σ ≤ 0.5.

When extending this simple example 
to multiple species with arbitrary trophic 
interactions, only two additional difficulties 
arise. First, as the number of species grows, 
the eigenvalues of the Jacobian have to 
be computed numerically. Computing 
the eigenvalue spectrum of a real matrix 
is a standard numerical task that can be 
accomplished very efficiently by existing 
tools. Second, trophic interactions link the 
gain of a predator species to the loss of its 
prey. We therefore include algebraic equations 
that capture the resultant dependencies. 
These equations can be normalized just as 
the differential equations and therefore pose 
no additional difficulties. For further details 
see Ref. S1.

Food-web generation. Following Ref. S2, 
each species i is assigned a niche value ni , 
randomly drawn from a uniform distribution 
over the interval [0,1]. This niche value 
is often interpreted as an indicator of 
body size. Consequently, a species’ 
rate of biomass turnover, αi , chosen 
according to the allometric scaling relation 
αi = αni

scale , with 0 < αscale < 1 and a default 
value of αscale = 0.008. Species i exploits 
other species j that posses a niche value

1 1
2 2[ )j i i i in c r c r∈ −   , where the width of the 

feeding range, ri , is drawn randomly from 
a beta distribution over the interval [0,ni ], 
while the center of the feeding range, ci , is 
drawn randomly from a uniform distribution 
over the interval 1 1

2 2[ ]i i ir n r − . Species that do 

not feed on any other species are assumed 
to be primary producers. The total range of 
niche values is nrange = maxi ni - mini ni , and 
the average difference in niche value between 
predators and their prey is obtained as

diff
 with 0

1 | |
ij

i j
ij l

n n n
L 

 −∑  .

To avoid degenerate food webs, we draw 
link strengths lij from a narrow Gaussian 
distribution with a 10% coefficient of 
variation. In the investigation of link-strength 
variability (Fig. 3), the link strength is instead 
drawn from a uniform distribution over the 
interval [1 - τ ,1 + τ ], where τ is, in turn, 
drawn for every food web from a uniform 
distribution over the interval [0,1]. Further 

results, shown in Figs. S1 and S2, are based on 
link strengths being drawn from a lognormal 
distribution.

For Figs. 1 to 4, we only consider food-web 
topologies that consist of a single connected 
component and for which double links, self 
links (through cannibalism), and trophic 
loops (e.g., through parasitism) are avoided. 
We have checked that the omission of trophic 
loops does not qualitatively change our 
results. For this purpose, we have repeated 
the analysis shown in Fig. S1 while including 
a realistic number of trophic loops as 
generated by the niche model. Fig. S2 shows 
that, while trophic loops slightly diminish 
the overall stability of food webs, results are 
qualitatively equivalent to those found for 
loop-free webs.

Fig. S2. Dependence of food-web stability on link-strength variability when link strengths are 
drawn from a lognormal distribution and trophic loops are generated by the original variant of the 
niche model (Ref. S2). As in Figs. 3 and S1, link strength is normalized by (A) the predator’s total 
influx or (B) the prey’s total outflux.

Fig. S1. Dependence of food-web stability on link-strength variability when link strengths are 
drawn from a lognormal distribution. As in Fig. 3, link strength is normalized by (A) the predator’s 
total influx or (B) the prey’s total outflux.
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Stability analysis. We consider a food web as 
being stable if the real part of all eigenvalues 
of the corresponding Jacobian matrix are 
smaller than -10-6. As shown in Ref. S1, the 
diagonal elements of a food web’s Jacobian 
matrix can be expressed in terms of GM 
parameters as


1

α ρ ρ (γ χ λ ψ )

σ μ σ β λ [(γ 1)χ 1]

ii i i i i i ii i i

N

i i i ki ki k ki
k

J



 φ   −

− −∑



  

and the non-diagonal elements (i ≠ j) as

 
1

α ρ γ χ λ

σ β ψ β λ (γ 1)χ

ij i i i ij ij

N

i ji j ki kj k kj
k

J



 −

 −∑  .

All parameters contained in these equations 
are explained in Tab. S1.

A notable difference between most 
random-matrix models and GM lies in the 
diagonal entries of the Jacobian, which 
are particularly important for stability. In 
many random-matrix models, these terms 
are assumed to equal -1 (e.g., Ref. S3). 
By contrast, in the class of models studied 
here, the diagonal entries corresponding to 
intermediate predators are always positive, 
if predation is assumed to be linear in 
predator density and less than linear in prey 
density.

Correlations with stability. The correlation 
of a parameter x with stability is given by

ν νν
, ν1 1

νσ σ

s s
s i ii i

x s

x x
R  

−

∑ ∑  ,

where xs,i and xi , respectively, are the sets 
of parameter values giving rise to the stable 

webs and in the entire ensemble, ν is the 
total size of the ensemble, νs is the number 
of stable webs, σx is the standard deviation 
of x, and σs is the standard deviation of the 
stability si , with si = 1 characterizing stable 
and si = 0 unstable webs.

Measures of trophic position. The trophic 
index z, defined in the main text, provides 
a basic measure of the trophic position of 
a species. We have confirmed that using 
the niche value directly yields very similar 
results. Other, more advanced, measures of 
trophic position, proposed in the literature, 
have a slightly different emphasis and 
therefore reveal different information.
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