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We present 2 distinct and independent approaches to deduce the 
effective interaction strengths between species and apply it to the 
20 most abundant species in the long-term 50-ha plot on Barro 
Colorado Island, Panama. The first approach employs the princi- 
ple of maximum entropy, and the second uses a stochastic birth- 
death model. Both approaches yield very similar answers and show 
that the collective effects of the pairwise interspecific interaction 
strengths are weak compared with the intraspecific interactions. 
Our approaches can be applied to other ecological communities 
in steady state to evaluate the extent to which interactions need 
to be incorporated into theoretical explanations for their structure 
and dynamics. 

ecology | maximum entropy principle | stochastic 

How strong are the interactions among species in ecologi- 
cal communities, and what impact do they have on com- 

munity structure and composition? This is perhaps the most 
fundamental problem in community ecology for understanding 
patterns of coexistence and the distribution and abundance of 
species, with important implications for conserving biodiversity. 
A long-standing debate persists in the literature over the extent 
to which communities are niche-assembled (1-4) versus dispersal- 
assembled (5, 6). Niche theory starts from the premise that niche 
differences among species are essential to species coexistence (7). 
In contrast, neutral theory (8), based on the simplifying assump- 
tion that all species within a trophic level are demographically 
equivalent, along with the hypothesis of noninteracting species, 
yields analytic predictions (9-11) that fit field data on static and 
dynamic patterns of species abundance remarkably well. How- 
ever, patterns consistent with neutrality do not necessarily imply 
underlying neutral processes (10,12,13). 

We present 2 independent and complementary methods for esti- 
mating interaction strengths and apply it to the tropical tree com- 
munity on Barro Colorado Island, Panama (BCI). The effective 
interactions between species are emergent quantities that arise 
from the multiple interactions among the species and between 
the species and the environment. 

The principle of maximum entropy, which can be used to derive 
equilibrium statistical mechanics (14-19) and has proved pow- 
erful in a variety of disciplines (20-26), is a powerful inference 
technique that can provide a measure of the effective inter- 
actions while faithfully encoding all available information and 
being unbiased with respect to missing information. Note that this 
approach follows the classic ecological prescription of analyzing 
the statics of the forest composition (27) reflected in the covari- 
ances of species abundances [the maximum-entropy approach 
that we present here goes beyond using only the covariances of 
species abundances and allows one to incorporate many-body 
interactions—see supporting information (SI) Text]. In contrast, 
the stochastic birth-death model provides a microscopic descrip- 
tion of the dynamical evolution of the community in the vicinity of 
its present state. We study the interaction strengths among the top 
20 species that make up >60% of all stems in the 50-ha plot. This 
dual analysis demonstrates that the collective effects of interspe- 
cific interactions among the common BCI tree species are weak 

compared with the intraspecific ones. It is noteworthy that the 
results of both approaches are nearly identical. 

Consider a steady-state community (8) composed of S coexist- 
ing species for each of which we have precise spatial information 
on the location of every individual. Our goal is to use these data 
to infer the effective interaction strengths between the species. 
In order to deduce various correlations from such data, we divide 
the community into equally sized quadrats large enough to contain 
many individuals yet small enough to have a sufficient number of 
quadrats to facilitate statistical averaging. 

The analysis focuses on the probability distribution P(n), where 
n = («i,«2,. •. ,iis), and M, is the abundance of the ith species 
within a quadrat. Averaging over these quadrats, one can deter- 
mine mean species abundances and higher-order correlations such 
as pair and triplet correlations of species abundances. The prin- 
ciple of maximum entropy provides a simple method to infer 
the probability distribution in an unbiased manner using these 
measured averages and correlation functions as an input. For 
a noninteracting system, this probability distribution would fac- 
torize into independent single-species probability distributions. 
Any deviation from a simple product of independent probability 
distributions is a measure of the interactions among species. 

Operationally, the procedure is simple and straightforward (see 
Materials and Methods): One obtains the covariance matrix E 
from the data and inverts it to obtain the effective interaction 
matrix, M = — XT1, i.e., the component of this matrix M, may be 
associated with the interaction strength between species i and j. 
Indeed, the multivariate probability P(n) <x exp[l/2^ M,y(«j — 
(«,->)(«y — («;))], where the averages («,-) are obtained by averag- 
ing the abundance data in the individual quadrats. My serves as a 
coupling constant between species. Note that there is no simple 
relationship in this many-body system between the covariance of 
abundances for a pair of species and their interaction. For exam- 
ple, 2 species could have a weak interaction and yet a very strong 
correlation because they are both strongly interacting with a third 
species. Similar emergent behavior occurs on a much more com- 
plex scale when one considers multiple species and the influence 
of the environment. 

A negative interaction (My < 0) is akin to "competition" 
between species, namely, the probability of the ith species hav- 
ing a given abundance decreases with the increase of abundance 
of the ; th species. Likewise, positive interaction coefficients pro- 
mote "mutualism" or similar patterns of environmental covari- 
ation between the species. The self-interaction components Ma 
are necessarily negative—otherwise the normalization constraint, 
^nP(n) = 1, cannot be satisfied. Note that the interactions 
deduced by using the maximum-entropy method provide a mea- 
sure of the probability of occurrence of a given snapshot of species 
abundances. The maximum-entropy method, however, does not 
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Table 1. Intraspecific and interspecific covariances in abundance and interaction strengths 

Comparison Mean covariance    SE of mean covariance    Mean interaction    SE of mean interaction     No. of comparisons 

I 
! • 

Intraspecific 42.94 17.54 -0.062 0.014 20 
Interspecific 0.63 0.32 0.0010 0.00051 190 
Understory-Understory 1.97 0.93 0.00022 0.00065 45 
Understory-Tree 0.11 0.41 0.0011 0.00079 100 
Tree-Tree 0.42 0.29 0.0016 0.0011 45 

Data were derived by using the method of stochastic dynamics for the 20 most abundant BCI species and for understory-understory, understory-tree, and 
tree-tree species pairs, not including intraspecific covariances and interactions. The distinction between tree and understory designations comes from the 
height of the adult plant being greater than or less than 10 m, respectively. The last column denotes the number of total number of species pairs in each 
category. SE, standard error. 

provide information pertaining to the mechanism or strength of 
the direct interaction between individuals of a pair of species. 

Many BCI tree species are rare to very rare, so we restrict 
the analysis to interactions among a subset of the most abundant 
species. The new effective interactions among the subset of species 
not only represent their direct interactions but also those mediated 
by the species not being considered. One can show (see SI Text) 
that the interaction matrix in this case is given by inverting a trun- 
cated covariance matrix consisting of just the rows and columns 
corresponding to the chosen subset of species. 

The approach outlined above results in effective interactions 
characterizing the probability distribution P(h) of the community 
in steady state. Our simplifying assumption that the ecological 
community is in the vicinity of its steady state has been validated 
in a recent analysis of the dynamics of the BCI forest (28). Analysis 
of systems far from equilibrium is much more challenging. Also, 
our analysis does not provide any information on the dynamics of 
birth and death processes. In particular, one might ask what the 
relationship is between the effective interactions deduced from 
the principle of maximum entropy and the dynamical interactions 
between species populations. In order to address this issue, in our 
second approach, we consider the dynamics of simple birth-death 
processes and infer the microscopic interactions that correspond 
to the observed steady state of the community. 

Briefly, our approach (see Materials and Methods) is to write a 
master equation for the time-dependent probability P(n, t) gov- 
erning the dynamics of the community. We postulate that the 
per-capita birth and death rates depend on the abundances of 
all species. In the simplest scenario, without loss of generality, the 
per-capita birth rate of the rth species is a linear function of the 
abundances of all the other species: 6, + J2icijnf> the per-capita 
death rate of the rth species is assumed to be a constant d,. 6, is 
the per-capita birth rate of the rth species, and c,y is a measure of 
the effective interaction between the rth and the rth species. If the 
community is at stationarity, then one can determine these coeffi- 
cients by requiring that the appropriate moments of the probability 
distribution do not change with time. 

We carried out our analysis on tree data from the BCI 50-ha 
plot divided into 1,250 quadrats each measuring 20 x 20 m. We 
considered all trees with a diameter > 1 cm. We selected a quadrat 
size so that each quadrat had, on average, >180 trees, and yet 
the total number of quadrats allowed good statistical averaging. 
However, our results are essentially independent of quadrat size 
(see SI Text). We assigned to each quadrat a 20-component vector 
x = (x\,X2,... ,%2o) representing the abundances of the 20 most 
abundant species in the entire BCI plot in rank-descending order. 
The BCI data can be represented as a collection of 1,250 vectors 
(one for each quadrat) from which one can readily construct the 
covariance matrix for the maximum-entropy framework as well 
as the relevant averages used in the stochastic dynamics frame- 
work. We have studied how the effective interaction strengths 
depend on choosing fewer or more species in our analysis, and the 
results are robust to changes in the number of focal species (see 
SI Text). These effective interactions arise not only from the direct 
interactions between the focal species but also from the indirect 

effects of all variables (environmental as well as other species) not 
considered explicitly. 

The 20 most abundant BCI species include 10 main canopy and 
subcanopy species and 10 understory species, reflecting the mix of 
species growth forms in the BCI forest. The analysis incorporates 
interactions among these species at all stages of ontogeny from 
small saplings of 1-cm dbh (diameter at the breast height) to larger 
individuals. Note that canopy trees spend many years during their 
ontogeny in the understory interacting with understory species, 
and understory species have lifelong interactions with canopy tree 
species. 

The covariance among these 20 species demonstrates non- 
random spatial structure in the BCI forest. Table 1 reports the 
mean covariances and their standard errors for various species 
groupings: intraspecific for within-species spatial covariances and 
interspecific for between-species covariances. The intraspecific 
covariances are all large and positive, reflecting the clumping of 
single-species populations due to a variety of factors such as habi- 
tat preferences and dispersal limitation. The interspecific covari- 
ances are generally much smaller, by approximately an order of 
magnitude, and can be both positive or negative. Table 1 also shows 
the covariances for understory-understory, understory-tree, and 
tree-tree species pairs. 

Fig. 1 Upper Left is a graphical representation of the covariance 
matrix for the top 20 species in the BCI forest, with the intraspe- 
cific covariances, shown in Fig. 1 Upper Right, set to zero to make 
the smaller interspecific covariances more visually apparent. Fig. 
1 Upper Center shows deviations of the covariance matrix from 
the average values of a set of 1,000 random realizations mea- 
sured in units of their respective standard deviations. Note that 
the interactions obtained after the reshuffling are ~2 orders of 
magnitude larger than the original interactions (see Fig. SI). The 
figure shows that, despite the generally small size of the inter- 
specific covariances, they often deviate significantly from those of 
randomly shuffled configurations of the plants following a Poisson 
process. 

To what extent do these covariances arise because of species 
interactions? Even if 2 species do not interact, they could have 
nonzero covariance, because the distributions of the 2 species are 
controlled independently by intraspecific processes and/or history. 
The fact that the intraspecific covariances are an order of magni- 
tude larger than interspecific covariances suggests this might be 
the case for the main BCI species pairs. Of course, real ecologi- 
cal experiments are the best way to establish causal relationships 
between species. 

Fig. 1 Lower Left is a graphical representation of the interaction 
matrix deduced by using the stochastic dynamics framework, and 
Fig. 1 Lower Center shows the deviations of these values from the 
randomly shuffled case measured in units of the respective stan- 
dard deviation. These figures show that the deduced per-capita 
interactions are generally weak and especially weak among the 
most abundant species than among the less abundant species. 
Four of the 10 most abundant species and 10 of the 20 most 
abundant species are tree species. The tree-tree interactions are 
stronger than the understory-understory and the tree-understory 
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Fig. 1. Plots of covariance and interaction matrices for the top 20 species in the BCI forest. (Left) Plots of the covariance matrix E (Upper) and the interaction 
matrix M (tower) deduced by using the stochastic dynamics framework. For ease of viewing, the diagonal elements have been set equal to zero because 
they are typically larger than the off-diagonal entries (see SI Text). (Center) Deviation of the covariance (Upper) and interaction (Lower) matrices from the 
randomized BCI dataset in units of standard deviations of the randomized plots, again with the diagonal entries set equal to zero. We generated 1,000 plots 
with randomly shuffled species labels—this was accomplished by repeatedly picking a pair of individuals randomly and interchanging their species labels. This 
procedure ensured that the total abundance of each of the species was held fixed. (Right) The diagonal values are shown with the values of the diagonal of the 
lower center matrix reduced by a factor of 100. There is a strong (88%) correlation between the intraspecific interactions and the sum of the absolute values 
of the interspecific interactions. The species with the overall strongest interactions are species 20 and 12 (Virola sebifera and Sorocea affinis, respectively). 
Even though the interactions are relatively weak, there are several interactions that deviate from those obtained with a random placement of trees and are 
thus sensitive to the spatial distribution of species in the BCI forest. 

interactions (Table 1). Table 1 also shows that intraspecific inter- 
action strengths are an order of magnitude larger than the inter- 
specific interaction strengths. Our results for the strongest interac- 
tions estimated from the stochastic dynamics approach, along with 
the associated species covariances, are summarized in Tables 2 
and 3. Species with large diagonal values have strong couplings 
with several other species, whereas species with smaller diagonal 
elements generally have couplings of lesser magnitude. 

Plants are rooted organisms, and many plant species may not 
be able to interact because they do not grow in proximity to one 
another. The more species there are in the community, the less 
likely it is that 2 species are able to interact even if they are ran- 
domly intermingled, which they are not. Indeed, the mean number 
of the 20 most abundant species in each of the 1,250 quadrats is 
15.7, and the fraction of quadrats with all 20 species is of the order 
of 1%. We repeated our analysis with 200 larger-sized quadrats. In 

Table 2. Large positive or negative covariances and associated interaction strengths 

Species A egory Species B Category Covariance Interaction 

U Psychotria horizontalis U 27.6 0.00073 
U Alseis blackiana T 25.5 0.0014 
U Faramea occidentalis U 18.9 0.000090 
U Faramea occidentalis U 16.8 0.0057 
U Faramea occidentalis u 11.6 0.00089 
T Mouriri myrtilloides u -5.4 -0.0026 
T Faramea occidentalis u -6.9 -0.0038 
T Faramea occidentalis u -7.1 -0.0020 
U Tetragastris panamensis T -8.4 -0.0027 
T Faramea occidentalis u -15.5 -0.0052 

Hybanthus prunifolius 
Hybanthus prunifolius 
Hybanthus prunifolius 
Mouriri myrtilloides 
Desmopsis panamensis 
Trichilia tuberculata 
Hirtella triandra 
Protium tenuifolium 
Hybanthus prunifolius 
Poulsenia armata 

The 5 most positive and 5 most negative covariances are shown. T, tree; U, understory. 
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Table 3. Large positive or negative interaction strengths deduced by the method of stochastic dynamics and associated covariances 

Species A Category Species B Category Interaction Covariance 

I 

s 

Virola sebifera T Sorocea affinis U 0.0285 0.70 
Virola sebifera T Piper cordulatum U 0.0282 2.75 
Tetragastris panamensis T Sorocea affinis U 0.020 1.61 
Garcinia intermedia T Swartzia simplex U 0.019 0.86 
Tetragastris panamensis T Tachigali versicolor T 0.017 1.61 
Mouriri myrtilloides U Poulsenia armata T -0.0075 -2.20 
Piper cordulatum U Sorocea affinis U -0.0082 0.26 
Tetragastris panamensis T Capparis frondosa U -0.021 -1.80 
Virola sebifera T Garcinia intermedia T -0.025 -0.84 
Virola sebifera T Capparis frondosa U -0.030 -0.93 

T, tree; U, understory. 

this case, >30% of the quadrats have all 20 species, and >85% have 
either 19 or 20 coexisting species. The scale of the interactions is 
approximately a factor of 10 smaller for the 200-quadrat case com- 
pared with 1,250-quadrat case. However, there is an excellent cor- 
relation of ~96% between the interactions inferred in the 2 cases. 

We also studied the sensitivity of the results to the range of inter- 
actions between trees. We considered the BCI data for trees with 
dbh >10 cm and chose the 20 most abundant species (11,766 trees 
in total). We performed a Voronoi tesselation (29) and identified 
the nearest neighbors for each tree within a cutoff distance of 7 m. 
One can regard each tree and its nearest neighbors as a "quadrat" 
in the same manner as above and construct covariance and interac- 
tion matrices. The correlation coefficients between covariance and 
interaction matrices for the "Voronoi partition" and for the reg- 
ular partition into 1,250 quadrats are 0.97 and 0.99, respectively, 
which again highlight the robustness of our results. 

A key conclusion from our study is that there is remarkable 
consistency in the effective interactions deduced by using 2 quite 
dissimilar frameworks—one based on the principle of maximum 

10 12 
species label, i 

Fig. 2. Per-capita birth rates for the 20 most abundant species in the BCI 
forest and for the randomly reshuffled case using the stochastic dynamics 
framework. The per-capita birth rate b;, measured in units of the death rate, 
is plotted versus species label. Species are labeled according to their ranking 
in terms of their abundance, with species 1 being the most abundant. For the 
random case, fa, increases monotonically as the species abundance decreases. 

entropy and another based on stochastic dynamics (Fig. SI). The 
latter method provides key information pertaining to effective per- 
capita birth rates (Fig. 2). The agreement between the results of 
the 2 methods is not entirely surprising because the solution of 
the master equation in the stochastic dynamics framework can 
be approximated by a multivariate Gaussian distribution (30). 
However, both models have different underlying assumptions and 
complement each other, and the degree of accord is noteworthy. 
In general, from a quantitative perspective, both approaches lead 
to the conclusion that the effects of interspecific interactions are 
relatively weak and impose a relatively minor constraint on species 
dynamics in the BCI forest (Fig. 3). It is as though evolution has 
chosen weakly interacting species for proximal coexistence. 

Why are these interaction strengths generally weak? It is useful 
to consider first the much simpler case of a standard physical sys- 
tem at temperature T and fixed density p whose TV particles interact 
with a potential V(C) which depends on the particle configuration 
C. Quite generically, the configurational entropy, arising from this 
potential energy is given by H{T,N, p) = -kB £c.P(C)lnP(C) 

with P(C) oc e kBT . ft is an increasing function of T, exp{7i} is 
a measure of the configurational space that the system can visit 
for a particular choice of T, N and p and kB is the Boltzmann 
constant. Imagine now that we allow particles to change their 
interactions. We can do this by constructing a reservoir of par- 
ticles characterized according to the nature of their interactions 
and allow for particle exchanges between the system and the 
reservoir. The question then is what is the most probable state 
we observe at stationarity? The particles present at stationarity 
will be mostly noninteracting. This follows from the observations 
that: (i) TL is an increasing function of T, at fixed density, and is 
largest when T = oc; (ii) 1/T appears in the Boltzmann factor as a 
multiplicative factor of the potential V; and (Hi) TC is proportional 
to the system size and exp{7Y} is a measure of the configuration 
space "occupied" by the system. This implies that the ratio of the 
measure of the configuration space occupied by the system in the 
absence of interaction, exp{H}T=oo and in the presence of an inter- 
action, exp{7i}T«xi, diverges as the system size increases. As a 
consequence, if the dynamics of the system allows one to span the 
"space" of V completely, the state with V = 0 acts as an absorbing 
state due to its overwhelming entropy, leading to a phenomenon 
of entropy trapping. 

One might likewise expect that a maximal-entropy state in an 
ecological community at steady state is one characterized by rela- 
tively weak interactions among proximally coexisting species. This 
can be understood in an intuitive manner: There are many more 
ways of arranging the individuals within an ecological community 
when they are weakly interacting than when they are strongly inter- 
acting. Furthermore, weak interactions are more likely in species- 
rich plant communities simply because the probability of 2 species 
encountering one another decreases with increasing number of 
species. 
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Fig. 3. Plots of the average abundances of the 20 most abundant species in 
a quadrat. Dashed line, actual abundances in the forest; solid line, abun- 
dances calculated by using the interactions deduced from the stochastic 
dynamics approach with the interspecific interactions being turned off. Here, 
we used the birth rates and intraspecific interaction coefficients obtained 
by the stochastic method described in the article and solved the mas- 
ter equation for the probability distribution of the abundances of each 
species (see SI Text for details). The noninteracting system yields abundances 
in good accord with data except for the 19th species, Rinorea sylvatica, 
which has much lower abundance than predicted by the noninteracting 
model. Indeed, unlike other species, the self-interaction coefficient for R. 
sylvatica is small and comparable with its interspecific interaction coeffi- 
cients. Note also the unusual highly clustered spatial distribution of trees 
of this species (see Fig. 52) reflected in Fig. 1 Upper Right. The figure 
shows that even though the composition of the majority of species in the 
BCI forest can effectively be described through a noninteracting model, 
there do exist species for which it is necessary to consider interspecific 
interactions. 

be strong, e.g., a large canopy tree suppressing the growth and 
survival of smaller individuals in its vicinity. 

The methodology developed here provides a way to system- 
atically incorporate the most important species interactions into 
the development of theory beyond the purely noninteracting case. 
One may speculate that as a general rule, a noninteracting theory 
will be a better approximation the more species-rich communities 
become. 

Materials and Methods 
Maximum-Entropy Method. Entropy is conceptually linked to the amount 
of disorder or uncertainty in a system: The higher a system's entropy, the less 
certain one can be about its exact state. This connection is formalized in 
Shannon's theory of information (15). Our analysis focuses on the probability 
distribution P(n), where h = (ni,n2,.. . ,ns), and n, is the abundance of the 
rth species within a quadrat. The basic idea is to maximize the entropy (15) 

«(/>) = -£p(n)lnP(») [1] 

while ensuring that all available information pertaining to the system is faith- 
fully encoded. Note that because we are working at the most detailed level of 
description, the reference entropy can be taken to be constant. For example, 
one may have information about the mean abundance of a given species 
averaged over all quadrats or the covariance of abundances of a pair of 
species may be known a priori. Such information can be readily written in 
terms of P(n) and imposed as constraints on the maximization of the entropy 
written as: 

(Qr) = J2P(n)Qr(n) = Qr = 0,1,2, [2] 

where the rth constraint requires that the mean value of a quantity Qr is equal 
to 0r. r = 0 is a normalization condition which ensures that Yn P(n) = 1 and 
results from selecting Q0 = Q0 = 1. For r > 1, Qr is obtained from the partial 
knowledge one has about the system. The logic underlying the variational 
method follows from the link between information and entropy—the more 
information one has, the lower the entropy. The entropy is reduced as a 
result of the partial knowledge encoded in Qr. The entropy—maximization 
principle arises from the observation that the entropy must be the highest 
possible that includes the available information, because a lower entropy 
would imply that more information has been incorporated than is avail- 
able. Using Lagrange multipliers, Xn to impose the constraints, one seeks 
to maximize 

-£p(fi)lnP(n)-£Ar/>(n)<Jr(fi). [3] 

Summary 
In summary, we have presented 2 independent approaches for 
estimating the effective interactions among species as mediated 
by all other influences and have illustrated their power with calcu- 
lations on an extensive dataset in the BCI forest. Our results are 
valid in the vicinity of the present state of the BCI forest. We have 
considered species that are sufficiently similar in their require- 
ments for limiting resources that growth and survival rates are 
not greatly affected by the species identity of nearby interacting 
individuals. Furthermore, the individuals of distinct species are 
not often in the vicinity of each other to have a direct effect on 
each other. In addition, it is logically and mathematically diffi- 
cult to construct a community of many species, all or most of 
which have strong direct competitive interactions with the other 
species (31). Indeed, our studies show that, for the BCI forest, the 
effects of interspecific pairwise interactions between species are 
relatively weak compared with intraspecific pairwise interactions. 
These findings help explain why there is good accord of neutral 
models of noninteracting species with the BCI static and dynamic 
data. 

Our findings, however, do not imply that all interactions are 
weak. Indeed, one would expect that the interactions between 
individuals, regardless of the species that they belong to, could 

Carrying out this procedure, the general solution is found to be (26) 

F(ii)ae^'wl"l, [4] 

where the Xs have to be chosen in order to satisfy the constraints (see Eq. 2). 
Upon choosing the constraints to be the first 2 moments of P(n), one finds in 
the continuum limit the multivariate normal distribution (see SI Text): 

P(n) = 
1 

(2JI)S/2|£|1/2 
exp --(n-(n))7E- (n - (n>) [5] 

where Z is the covariance matrix, E,y = ((n, — (n,))(n,- — (n,))) andS is the num- 
ber of species. Note that M = — £~1 is a symmetric matrix by construction. 
Biologically, these constraints correspond to knowledge of the mean abun- 
dances of the species and the covariances of all pairs of species. P(h), which 
faithfully encodes this knowledge, is deduced by using the maxent principle 
without incorporating any unwarranted additional information. 

The species abundances n, are treated as continuous variables and not just 
integers. This allows us to use integrals instead of sums. In order to facilitate 
the integration, we allow negative n,. Negative values contribute negligi- 
bly to the integrals, and so this is an excellent approximation because large 
deviations from the average values lead to very small P(n). 

The power of the method lies in the fact that the effective interactions 
that one obtains are emergent quantities mediated by all the variables left 
out of the calculation such as the abundances of other species, unmeasured 
nutrients, and the amount of available sunlight. 
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Stochastic Approach. The transition probabilities for the birth and the 

death of an individual of the /th species, within a system with n = 

(r>i,n2,..., n,,.. .,ns) individuals in species (1,2,.... i,.. .,S) respectively, can 

be written as: 

On multiplying the master equation by n, (and n,ny) and summing over all 

values of h, one obtains the following equations for the moments of P(h, t): 

T(h + e,-|n) = T^= bin, + V^c,yn/ny, 

T(h — l,|n) = T-   = cf,n,. 

[6] 

[7] 

Here e, is a unit vector whose /th component is 1 with all the other compo- 

nents being zero; b,, d/, and c,j aretheper-capita birth, death, and interaction 

rates, respectively. In order to avert a trivial stationary state of full extinction, 

we employ a reflecting boundary condition at the origin. Our results are 

insensitive to this for species with moderate-to-large abundances. In order to 

make a quantitative comparison with the results obtained from the maximum 

entropy framework, we set c,y = c,,. Note that in the maxent method, the term 

M,yn,-n; in the exponent is dimensionless; in the stochastic approach, the c,ys 

are also dimensionless because they are measured in units of d,s, which we 

have chosen to be 1 by fixing a suitable time unit. Due to fitness equivalence, 

the b/d ratios of the dominant BCI species are quite similar. We have carried 

out calculations in which we allowed the death rates to vary between those 

species by %10% and found that our results are robust to this variation. 

The master equation (32) is given by 

10. 

11. 

3P(n, t) 
at 

:^[r(n|n + e,)P(n- e,-,t) 

- T(n|n - e,)P(n - e,-, t) 

-T(n + e,\n)P(n,t)-T(n- e,|r>)P(r>,t)]. [8] 
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where the average of any function f is given by (f) = J2n f(n)P(n). Leaving 
aside the demographic parameters that we seek to determine, the averages 

on the right-hand side of the above equations can be estimated directly 

from the data. For example, Eq. 9 can be rewritten as -£*- = (b, — d,-)(n,-) + 

5Z,- c,y(n,ny), and the averages (n,) and (n,ny) are obtained by averaging the 

abundance data in the individual quadrats. 

In total we have S + (S2 — S)/2 + S linear equations and the same number 

of demographic parameters. Assuming steady state, we solve the equations 

and find the birth, death, and interaction coefficients. One might extend 

our approach to determine asymmetric interaction coefficients by adding 

equations for higher-order moments. 

For additional information, see SI Figs. S2-S5. 
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