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within Sector Santa Rosa, Area de Conservacion, Guanacaste (ACG), of northwest Costa
Rica27. In 1976, all stems $3 cm dbh were mapped within a continuous 680 m 3 240 m
(16.32 Ha) area of forest20 by S. P. Hubbell. Using an identical mapping protocol, a second
remap of the San Emilio forest was completed between 1995 and 1996. In total, 46,833
individuals have been surveyed, 26,960 in 1976 and 19,873 in 1996. Together, the two
surveys document 20 yr of growth and population change for about 150 species. The plot
is composed of secondary growth forest and is heterogeneous with respect to age,
topography and degree of deciduousness.

Acknowledgements

Calculation of individual tree growth
In 1976, most trees greater than 10 cm dbh were tagged with aluminum tree markers and
given a unique identification number. Because few smaller individuals were given
aluminum tags in 1976, tree growth was usually followed only for those trees greater than
10 cm dbh. Growth was calculated by monitoring changes in dbh for each individual. To
ensure an accurate estimate of growth, a species was included only if a minimum
representation of seven individuals had initial stem diameters $10 cm, and the diameter
range of all individuals $20 cm. As the minimum diameter cut off for individuals was
10 cm, this imposed a minimum size range of 30 cm. Only individuals experiencing
positive growth in the 20-year period were used for the calculation of allometric equations.
In some cases, individuals experienced no change or even a decrease in diameter over time.
This was usually due to partial death, loss of the main trunk or measuring errors. The 45
species meeting the above criteria are listed in Table 1. Production equations for each
species were generated by plotting D2/3(0) versus D2/3(20) on linear axes. Because dbh was
measured identically in 1976 and 1996, measurement error is likely to be equally
distributed across the x and y axes. For these reasons, allometric slopes were determined
using Model II RMA regression1,28,29. Equations and statistics for each species are also
reported in Table 1.

Species-specific wood density
The specific wood density, r, is a simple measure of the total dry mass per unit volume of
wood (g cm−3). The specific density of wood is closely related to mechanical properties of
strength, such as elastic moduli, which describe resistance to static and impact bending,
compression and tension28. For 29 of the 45 species reported in this study, values of specific
wood density, r, in g cm−3, were taken from the literature24,26,30. If more than one study
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We address the general question of what is the best statistical
strategy to adapt in order to search efficiently for randomly
located objects (‘target sites’). It is often assumed in foraging
theory that the flight lengths of a forager have a characteristic
scale: from this assumption gaussian, Rayleigh and other classical
distributions with well-defined variances have arisen. However,
such theories cannot explain the long-tailed power-law
distributions1,2 of flight lengths or flight times3–6 that are observed
experimentally. Here we study how the search efficiency depends
on the probability distribution of flight lengths taken by a forager
that can detect target sites only in its limited vicinity. We show
that, when the target sites are sparse and can be visited any
number of times, an inverse square power-law distribution of
flight lengths, corresponding to Lévy flight motion, is an optimal
strategy. We test the theory by analysing experimental foraging
data on selected insect, mammal and bird species, and find that
they are consistent with the predicted inverse square power-law
distributions.
Lévy flights are characterized by a distribution function

Pðlj Þ,lj2 m

ð1Þ

with 1 , m # 3, where lj is the flight length. The gaussian is the
stable distribution for the special case m $ 3 owing to the centrallimit theorem, while values m # 1 do not correspond to probability
distributions that can be normalized2. This generalization, equation
(1), introduces a natural parameter m such that we essentially have a
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The second term of this ‘mean field’ calculation is approximate
because it assumes that the distances lk between successive sites k
are all equal to l. The probability distribution has a finite cutoff l
and corresponds to a truncated Lévy distribution. An infinite l
leads to divergences for m # 2 (see Fig. 2a). The cutoff causes
convergence to gaussian behaviour only after a very large number
of steps13. A more rigorous treatment that considers a Poisson
distribution of lk does not alter the results significantly (see
simulation results below).
We define the search efficiency function h(m) to be the ratio of the
number of target sites visited to the total distance traversed by the
forager, so that

λη

family of distributions. Our strategy is to find the value of the
parameter—and hence the distribution—that optimizes the search
process. Levandowsky et al.3,4 have suggested why microorganisms
may perform Lévy flights. A Lévy distribution is advantageous when
target sites are sparsely and randomly distributed, irrespective of the
value of m chosen7, because the probability of returning to a
previously visited site is smaller than for a gaussian distribution.
Another explanation, proposed by Shlesinger6, argues that foragers
may perform Lévy flights because the number of new visited sites is
much larger for N Lévy walkers than for N brownian walkers8–11. A
Lévy flight strategy is also a good solution for the related problem of
where to locate N radar stations to optimize the search for M
targets12.
Here we develop an idealized model which captures some of the
essential dynamics of foraging in the limiting case in which
predator–prey relationships are ignored and learning is minimized.
We assume that target sites are distributed randomly, and that the
forager behaves as follows (see Fig. 1):
(1) If a target site lies within a ‘direct vision’ distance rv , then the
forager moves on a straight line to the nearest target site. A finite
value of rv, no matter how large, models the constraint that no
forager can detect (or ‘remember’) a target site located an arbitrarily
large distance away.
(2) If there is no target site within a distance rv , then the forager
chooses a direction at random and a distance lj from the probability
distribution (equation (1)). It then incrementally moves to the new
point, constantly looking for a target within a radius rv along its way.
If it does not detect a target, it stops after traversing the distance lj
and chooses a new direction and a new distance lj+1; otherwise, it
proceeds to the target as in rule (1).
In the case of non-destructive foraging, the forager can visit the
same target site many times. Non-destructive foraging can occur in
either of two cases: if the target sites become temporarily depleted or
fall below some fixed concentration threshold, and if the forager
becomes satiated and leaves the area. In the case of destructive
foraging, the target site found by the forager becomes undetectable
in subsequent flights.
First, we solve this model analytically. Let l be the mean free path
of the forager between successive target sites (for two dimensions,
l [ ð2r v rÞ 2 1 where r is the target-site area density). The mean
flight distance is

b

d
µ=2.5

lj
µ=2.0

µ=1.5

2 rv

Figure 1 Foraging strategy. a, If a target site (solid square) is located within a ‘directvision’ distance rv, then the forager moves on a straight line to it. b, If there is no target site
within a distance rv, then the forager chooses a random direction and a random distance lj
from the Lévy probability distribution P ðl j Þ,l j2 m , and then proceeds as described in the
text.
912

Figure 2 a, b, The product of the mean free path l and the foraging efficiency h against
the Lévy parameter m in one dimension for different values of l, found from equations (2)
and (3) (r v ¼ 1) for the case of non-destructive foraging (a) and from simulations (b).
c, lh found from simulations in two dimensions, with l ¼ 5;000 (r v ¼ 1). In each case,
mopt < 2 emerges as an optimal value of the Lévy flight exponent. Inset shows hl i as a
function of m for r v ¼ 1 and l ¼ 10 (solid line), l ¼ 102 (dashed), l ¼ 103 (longdashed). The results indicate that flights become too long when m , 2, causing inefficient
foraging (see equation (3)). d, Two-dimensional random walks for m ¼ 2:5, 2.0 and 1.5
with identical total lengths of 103 units.
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travelling between two successive target sites. A low value of h can
result from either a larger N or a large hli, corresponding to large and
small m, respectively. For intermediate values of m it is thus
conceivable that a maximum in h can arise. We first consider the
case of destructive foraging. The mean number of flights Nd taken to
travel an average distance l between two successive target sites
scales14 as
N d < ðl=r v Þm 2 1

ð4Þ

for 1 , m # 3. Here m 2 1 is the fractal dimension of the set of sites
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visited by a Lévy random walker. (If the number of sites m in a closed
region of a radius r scales as m < r df , then df is the fractal dimension
of the set of sites.) Note that N d < ðl=rv Þ2 for m $ 3 (brownian
motion)2. We also consider the case of non-destructive foraging.
Because previously visited sites can be revisited, equation (4) overestimates the mean number Nn of flights between successive target
sites for the non-destructive case. We show below that N n < N d1=2 .
Let ro be the small distance between the last visited target site and the
position after the first subsequent flight. For a brownian walker, in
the case of destructive foraging, N d < l2 because the average time
required for a random walker in one dimension who is initially in
the middle of a container of radius l to reach the boundary is
N d ¼ l2 =ð2DÞ, where D is the diffusion constant. However, for the
non-destructive case, N n ¼ ðl 2 r o Þr o =ð2DÞ, because the previous
site (only a small distance ro away) can be revisited—that is, the
scaling is quadratic in the former case and linear in the latter. We
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for 1 , m # 3. We have also systematically tested equation (5) using
simulations, and find that the approximation becomes increasingly
better as (l/rv) increases (compare also Fig. 2a, b).
Having found expressions for Nd and Nn, we first consider the
case in which the target sites are plentiful, that is, l # r v . Then
hli < l and N d < N n < 1. Hence, h becomes independent of m. This
behaviour does not correspond to Lévy flight motion because long
flights with lj q r v are practically non-existent. We next study the
more usual case in which the target sites are sparsely distributed,
defined by l q r v. Substituting equations (2) and (4) into equation
(3), we find for destructive foraging that the mean efficiency h has
no maximum, with lower values of m leading to more efficient
foraging. Note that when m ¼ 1 þ e with e → 0þ , the fraction of
flights with lj , l becomes negligible, and effectively the forager
moves along straight lines until it detects a target site. For nondestructive foraging, we note that if l q r v , then N d q N n . Substituting equations (2) and (5) into equation (3), and differentiating with
respect to m, we find that the efficiency h ¼ 1=ðN n hli) is optimum at
mopt ¼ 2 2 d

log10 x

ð6Þ

where d < 1=½lnðl=rv Þÿ . So, in the absence of a priori knowledge
about the distribution of target sites, an optimal strategy for nondestructive foraging is to choose mopt ¼ 2 when l/rv is large but not
exactly known.
We test the above theoretical results with numerical simulations,
which have the advantage that no approximations are made.
Specifically, we perform one- and two-dimensional simulations of
the model and study how h varies with m for the case of nondestructive foraging for a random distribution of target sites. Figure
2a shows that the simulation agrees with the analytical results
(Fig. 2b), and approaches mopt ¼ 2 as l → `. The discrepancy in h
near m ¼ 3 is due to the slow convergence of Nn, which approaches
the expected scaling behaviour as l → `. The simulation results for
two dimensional non-destructive foraging also show maxima near
mopt ¼ 2. Figure 2c shows simulated foraging in a system of size
104 3 104 with r v ¼ 1, periodic boundary conditions and
l=r v ¼ 5 3 103 . For destructive foraging with l q r v , simulations
show that m → 1 optimizes the efficiency as predicted. In contrast, if
the target sites are densely distributed such that l < rv , then, as
expected, we find no significant effect of varying m. Our findings
agree with the theoretical predictions and raise the possibility that
Lévy-flight foraging with m , 3 may be confined to instances of low
global target-site concentration, as the advantage of long flights
becomes negligible when there are ample target sites (see also Figs 2b
and 3b). Note that our simulation results do not suffer from the
approximations inherent in equation (2).
We compare our analytical and simulation results with foraging
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Figure 3 Foraging by bumble-bees and deer. a, Flight-length percentage distributions for
foraging bumble-bees. We digitized the data from ref. 15. b, Double-log plot of the same
data; the value m < 2 for low nectar concentration is the same as predicted by the model.
We are interested solely in the long flights, because the power-law exponent m is not
affected by short flights. The value m < 3:5 for higher nectar concentrations (approximately 10 times) in which long flights become very rare (see text) is consistent with the
prediction that h becomes independent of m when l # r v . We smoothed the data using
running averaging. The inset displays a double-log plot of the histograms of flight times (in
1-h intervals) for the wandering albatross6. c, d, Double-log plot of the foraging time (in s)
percentage distributions for deer in wild areas (c) and fenced areas (d). We digitized the
original data from ref. 16. In fenced areas, spatial limitation introduces an artificially larger
number of ‘turnings’.
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data on a variety of animals. The original foraging data on bees
(Fig. 3a) were collected by recording the landing sites of individual
bees15. We find that, when the nectar concentration is low, the flightlength distribution decays as in equation (1), with m < 2 (Fig. 3b).
(The exponent m is not affected by short flights.) We also find the
value m < 2 for the foraging-time distribution of the wandering
albatross6 (Fig. 3b, inset) and deer (Fig. 3c, d) in both wild and
fenced areas16 (foraging times and lengths are assumed to be
proportional). The value 2 # m # 2:5 found for amoebas4 is also
consistent with the predicted Lévy-flight motion.
The above theoretical arguments and numerical simulations
suggest that m < 2 is the optimal value for a search in any dimension. This is analogous to the behaviour of random walks whose
mean-square displacement is proportional to the number of steps in
any dimension17. Furthermore, equations (4) and (5) describe the
correct scaling properties even in the presence of short-range
correlations in the directions and lengths of the flights. Shortrange correlations can alter the width of the distribution P(l), but
cannot change m, so our findings remain unchanged. Hence,
learning, predator–prey relationships and other short-term
memory effects become unimportant in the long-time, long-distance limit. A finite l ensures that the longest flights are not
energetically impossible. Our findings may also be relevant to the
study of population dynamics. Specifically, each value of m is related
to a different type of redistribution kernel18; for example, m $ 3
corresponds to the normal (or similar) distribution, while m ¼ 2
corresponds to a Cauchy distribution (see also ref. 19). Finally, note
that non-destructive foraging is more realistic than destructive
foraging because, in nature, ‘targets’ such as flowers, fish and berries
are often found in patches that regenerate. Organisms are often in
clusters for reproductive purposes, and sometimes such clusters
may have fractal shapes20. Thus, the forager can revisit the same food
patch many times. We simulated destructive foraging in various
patchy and fractal target-site distributions and found results consistent with non-destructive foraging with uniformly distributed
target sites.
M
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Water stress substantially alters plant metabolism, decreasing
plant growth and photosynthesis1–4 and profoundly affecting
ecosystems and agriculture, and thus human societies5. There is
controversy over the mechanisms by which stress decreases
photosynthetic assimilation of CO2. Two principal effects are
invoked2,4: restricted diffusion of CO2 into the leaf, caused by
stomatal closure6–8, and inhibition of CO2 metabolism9–11. Here
we show, in leaves of sunflower (Helianthus annuus L.), that stress
decreases CO2 assimilation more than it slows O2 evolution, and
that the effects are not reversed by high concentrations of CO212,13.
Stress decreases the amounts of ATP9,11 and ribulose bisphosphate
found in the leaves, correlating with reduced CO2 assimilation11,
but the amount and activity of ribulose bisphosphate carboxylaseoxygenase (Rubisco) do not correlate. We show that ATP-synthase
(coupling factor) decreases with stress and conclude that photosynthetic assimilation of CO2 by stressed leaves is not limited
by CO2 diffusion but by inhibition of ribulose biphosphate
synthesis, related to lower ATP content resulting from loss of
ATP synthase.
When land plants absorb less water from the environment
through their roots than is transpired (evaporated) from their
leaves, water stress develops. The relative water content (RWC),
water potential (w) and turgor of cells are decreased and the
concentrations of ions and other solutes in the cells are increased,
thereby decreasing the osmotic potential1–4. Stomatal pores in the
leaf surface progressively close2,6,13,14, decreasing the conductance to
water vapour (gH2O) and thus slowing transpiration and the rate at
which water deficits develop1–4,6,11,14. Also, photosynthetic assimilation of CO2 (A) decreases, often concomitant with, and frequently
ascribed to, decreasing conductance to CO2 (gCO2) (refs 2–4, 6, 8).
However, decreased A is also considered to be caused by inhibition
of the photosynthetic carbon reduction (Calvin) cycle1,2,9,11,
although there is uncertainty over which biochemical processes
are most sensitive to stress2,3,6,15,16. We assessed whether A is controlled by gCO2 or by metabolic factors by measuring CO2 and O2
exchange, using large CO2 concentrations (up to 0.1 mol mol−1,
equivalent to 10% volume/volume) to overcome small gCO2 (refs 8,
12–14), and by determining important indicators of photosynthetic
biochemistry (for example, ribulose biphosphate (RuBP) and
Rubisco of the Calvin cycle)9,10,16,17. We considered the role of ATP
in particular2,9,10 because, although inhibition of photophosphorylation has been demonstrated9,10 but is not widely accepted3,4,6,18,19, it
may explain the decrease in RuBP and A (refs 2, 11).
In the chloroplasts of leaf cells, capture of photons causes electron
transport in the thylakoid membranes, evolution of O2 (refs 2–4)
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