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within SectorSantaRosa,AreadeConservacion,Guanacaste(ACG),of northwestCosta
Rica27. In 1976, all stems$ 3cm dbh weremapped within a continuous680m 3 240m
(16.32Ha) areaof forest20 byS.P. Hubbell.Usinganidenticalmappingprotocol,asecond
remapof theSanEmilio forestwascompletedbetween1995and1996.In total, 46,833
individualshavebeensurveyed,26,960in 1976and19,873in 1996.Together, the two
surveysdocument20yr of growth andpopulationchangefor about150species.Theplot
is composedof secondary growth forestandis heterogeneouswith respectto age,
topography anddegreeof deciduousness.

Calculationof individualtreegrowth
In 1976,mosttreesgreaterthan10cm dbhweretaggedwith aluminumtreemarkersand
givena uniqueidenti®cationnumber. Becausefewsmallerindividualsweregiven
aluminum tagsin 1976,treegrowth wasusually followedonly for thosetreesgreaterthan
10cm dbh.Growthwascalculatedby monitoring changesin dbh for eachindividual. To
ensurean accurateestimateof growth, a specieswasincludedonly if a minimum
representationof sevenindividualshadinitial stemdiameters$ 10cm,andthediameter
rangeof all individuals$ 20cm.Astheminimum diametercut off for individualswas
10cm, this imposeda minimum sizerangeof 30cm. Only individualsexperiencing
positivegrowth in the20-yearperiodwereusedfor thecalculationof allometric equations.
In somecases,individualsexperiencednochangeor evenadecreasein diameterovertime.
Thiswasusuallydueto partial death,lossof themain trunk or measuringerrors.The45
speciesmeetingthe abovecriteriaarelistedin Table1. Production equationsfor each
speciesweregeneratedbyplottingD2/3(0) versusD2/3(20) on linearaxes.Becausedbhwas
measuredidentically in 1976and1996,measurementerror is likely to beequally
distributedacrossthe x andy axes.For thesereasons,allometricslopesweredetermined
usingModel II RMA regression1,28,29. Equationsandstatisticsfor eachspeciesarealso
reportedin Table1.

Species-speci®cwooddensity
Thespeci®cwooddensity, r , isasimplemeasureof thetotal dry massperunit volumeof
wood(gcm- 3). Thespeci®cdensity of woodiscloselyrelatedto mechanicalpropertiesof
strength,suchaselasticmoduli, which describeresistanceto staticandimpactbending,
compressionandtension28. For29of the45speciesreportedin thisstudy, valuesof speci®c
wooddensity, r , in gcm- 3, weretakenfrom the literature24,26,30. If morethan onestudy
reporteda differentvaluefor a species,then the averagevaluewasused(Table1).
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We addressthe generalquestion of what is the best statistical
strategy to adapt in order to search ef®ciently for randomly
located objects (`target sites'). It is often assumedin foraging
theory that the ¯ig ht lengths of a forager have a characteristic
scale:from this assumptiongaussian,Rayleigh andother classical
distributions with well-de®nedvarianceshave arisen. However,
such theories cannot explain the long-tailed power-law
distributions1,2of ¯ig ht lengthsor ¯ig ht times3±6that areobserved
experimentally. Herewestudy how the searchef®ciencydepends
on theprobability distribution of ¯ig ht lengthstakenby aforager
that can detect target sitesonly in its limited vicinity . We show
that, when the target sites are sparseand can be visited any
number of times, an inverse squarepower-law distribution of
¯ig ht lengths,correspondingto LeÂvy ¯ig ht motion, is an optimal
strategy. We test the theory by analysingexperimental foraging
data on selectedinsect,mammal and bird species,and ®nd that
they are consistentwith the predicted inverse squarepower-law
distributions.

LeÂvy ¯ig htsarecharacterizedby a distribution function

P…lj†, l 2 m
j …1†

with 1 , m# 3, wherelj is the ¯ig ht length.The gaussianis the
stabledistribution for the specialcasem$ 3 owing to the central-
limit theorem,whilevaluesm# 1 do not correspondto probability
distributionsthatcanbenormalized2. Thisgeneralization,equation
(1), introducesanaturalparametermsuchthatweessentiallyhavea
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family of distributions. Our strategyis to ®nd the value of the
parameterÐ andhencethedistributionÐ thatoptimizesthesearch
process.Levandowskyetal.3,4 havesuggestedwhy microorganisms
mayperformLeÂvy¯ig hts.A LeÂvydistribution isadvantageouswhen
targetsitesaresparselyandrandomlydistributed, irrespectiveof the
value of m chosen7, becausethe probability of returning to a
previouslyvisited site is smallerthan for a gaussiandistribution.
Anotherexplanation,proposedby Shlesinger6, arguesthat foragers
mayperformLeÂvy ¯ig htsbecausethenumberof newvisitedsitesis
much largerfor N LeÂvy walkersthan for N brownianwalkers8±11. A
LeÂvy¯ig ht strategy isalsoagoodsolutionfor therelatedproblemof
where to locate N radar stationsto optimize the searchfor M
targets12.

Here wedevelopan idealizedmodelwhichcapturessomeof the
essentialdynamics of foraging in the limiting casein which
predator±prey relationshipsareignoredandlearningisminimized.
We assumethat targetsitesare distributedrandomly, and that the
foragerbehavesasfollows(seeFig. 1):
(1) If a targetsite lieswithin a d̀irect vision' distancerv, then the
foragermoveson a straight line to the nearesttargetsite.A ®nite
valueof rv, no matter how large,modelsthe constraint that no
foragercandetect(or r̀emember')atargetsitelocatedanarbitrarily
largedistanceaway.
(2) If thereis no targetsitewithin a distancerv, then the forager
choosesadirectionat randomandadistancelj from theprobability
distribution (equation(1)). It thenincrementallymovesto thenew
point, constantlylookingfor atargetwithin aradiusrv alongitsway.
If it doesnot detecta target,it stopsafter traversingthe distancelj
and choosesa newdirection and a newdistance lj+1; otherwise,it
proceedsto the targetasin rule (1).

In the caseof non-destructiveforaging, the foragercanvisit the
sametargetsitemany times.Non-destructiveforagingcanoccur in
eitherof twocases:if thetargetsitesbecometemporarilydepletedor
fall belowsome®xed concentrationthreshold,and if the forager
becomessatiatedand leaves the area.In the caseof destructive
foraging, thetargetsitefound by theforagerbecomesundetectable
in subsequent̄ig hts.

First,wesolvethismodelanalytically. Letl bethemeanfreepath
of the foragerbetweensuccessivetargetsites(for two dimensions,
l [ …2rvr †2 1 wherer is the target-sitearea density). The mean
¯ig ht distance is

hli <
#

l

rv

l 12 mdl ‡ l #
`

l
l 2 mdl

#
`

rv

l 2 mdl

ˆ
m2 1
22 m

� �
l 22 m2 r22 m

v

r12 m
v

� �
‡

l 22 m

r12 m
v

…2†

The second term of this `mean®eld' calculationis approximate
becauseit assumesthat the distancesl k betweensuccessive sitesk
are all equalto l . Theprobability distribution hasa ®nitecutoff l
and correspondsto a truncatedLeÂvy distribution. An in®nite l
leadsto divergences for m# 2 (seeFig. 2a). The cutoff causes
convergenceto gaussianbehaviouronly aftera very largenumber
of steps13. A more rigorous treatment that considersa Poisson
distribution of l k does not alter the results signi®cantly(see
simulationresults below).

Wede®nethesearchef®ciencyfunctionh(m) to betheratio of the
numberof targetsitesvisitedto the total distance traversedby the
forager, so that

h ˆ
1

hliN
…3†

whereN isthemeannumberof ¯ig htstakenbyaLeÂvyforagerwhile

2 rv

l ja b

Figure1 Foragingstrategy.a, If a targetsite(solidsquare)is locatedwithina `direct-
vision'distancerv, thentheforagermovesonastraightlinetoit.b, If thereisnotargetsite
withinadistancerv, thentheforagerchoosesarandomdirectionandarandomdistancelj
fromtheLeÂvyprobabilitydistributionP…l j†, l 2 m

j , andthenproceedsasdescribedinthe
text.
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Figure2 a, b, Theproductofthemeanfreepathl andtheforagingef®ciencyh against
theLeÂvyparameterminonedimensionfordifferentvaluesofl , foundfromequations(2)
and(3)(rv ˆ 1)forthecaseofnon-destructiveforaging(a) andfromsimulations(b).
c, lh foundfromsimulationsintwodimensions,withl ˆ 5;000(rv ˆ 1).Ineachcase,
mopt < 2 emergesasanoptimalvalueof theLeÂvy¯ightexponent.Insetshowshl i asa
functionofmforrv ˆ 1 andl ˆ 10(solidline),l ˆ 102 (dashed),l ˆ 103 (long-
dashed).Theresultsindicatethat̄ ightsbecometoolongwhenm, 2,causinginef®cient
foraging(seeequation(3)).d, Two-dimensionalrandomwalksformˆ 2:5,2.0and1.5
withidenticaltotallengthsof103 units.
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travellingbetweentwo successivetargetsites.A low valueof h can
resultfrom eitheralargerN or alargehli, correspondingto largeand
small m, respectively. For intermediate values of m it is thus
conceivablethat a maximum in h canarise.We ®rstconsiderthe
caseof destructiveforaging. Themeannumberof ¯ig htsNd takento
travel an averagedistance l betweentwo successivetarget sites
scales14 as

Nd < …l =rv†
m2 1 …4†

for 1 , m# 3. Herem2 1 isthefractaldimensionof thesetof sites

visitedbyaLeÂvyrandomwalker. (If thenumberof sitesmin aclosed
regionof aradiusr scalesasm < rdf , thendf is thefractaldimension
of the set of sites.)Note that Nd < …l =rv†

2 for m$ 3 (brownian
motion)2. We alsoconsider the caseof non-destructive foraging.
Becausepreviouslyvisitedsitescanberevisited,equation(4) over-
estimatesthe meannumberNn of ¯ig htsbetweensuccessive target
sitesfor the non-destructive case.We showbelowthat Nn < N1=2

d .
Letro bethesmalldistancebetweenthelastvisitedtargetsiteandthe
position afterthe®rstsubsequent̄ig ht. For a brownianwalker, in
the caseof destructiveforaging, Nd < l 2 becausethe averagetime
required for a randomwalker in onedimensionwho is initially in
the middle of a containerof radius l to reachthe boundary is
Nd ˆ l 2=…2D†, where D is the diffusion constant.However, for the
non-destructivecase,Nn ˆ …l 2 ro†ro=…2D†, becausethe previous
site (only a small distance ro away) canbe revisitedÐ that is, the
scalingis quadraticin the former caseand linear in the latter. We
have found this result alsoto hold for anomalousdiffusion and
spatialdimensionshigher than 1. It followsthat

Nn < …l =rv†
…m2 1†=2 …5†

for 1 , m# 3. Wehavealsosystematicallytestedequation(5) using
simulations,and®ndthat theapproximation becomesincreasingly
betteras(l /rv) increases(comparealsoFig. 2a,b).

Having found expressionsfor Nd and Nn, we ®rstconsiderthe
casein which the target sitesare plentiful, that is, l # rv. Then
hli < l andNd < Nn < 1.Hence,h becomesindependentof m. This
behaviourdoesnot correspondto LeÂvy ¯ig ht motion becauselong
¯ig hts with lj q rv are practicallynon-existent.We next studythe
more usualcasein which the targetsitesaresparselydistributed,
de®nedby l q rv. Substitutingequations(2) and(4) into equation
(3), we®ndfor destructiveforagingthat the meanef®ciencyh has
no maximum, with lower valuesof m leadingto more ef®cient
foraging. Note that when mˆ 1 ‡ e with e! 0‡ , the fraction of
¯ig hts with lj , l becomesnegligible,and effectivelythe forager
moves along straight lines until it detects a target site. For non-
destructiveforaging, wenotethat if l q rv, then Nd q Nn. Substitut-
ingequations(2) and(5) into equation(3), anddifferentiatingwith
respectto m, we®ndthat theef®ciencyh ˆ 1=…Nnhli) isoptimum at

mopt ˆ 22 d …6†

where d< 1=‰ln…l =rv†Š2. So, in the absenceof a priori knowledge
about the distribution of targetsites,an optimal strategy for non-
destructiveforagingis to choosemopt ˆ 2 whenl /rv is largebut not
exactlyknown.

Wetesttheabovetheoreticalresults with numericalsimulations,
which have the advantagethat no approximations are made.
Speci®cally, we perform one-and two-dimensionalsimulationsof
the model and study how h varieswith m for the caseof non-
destructiveforagingfor arandomdistribution of targetsites.Figure
2a showsthat the simulation agrees with the analytical results
(Fig. 2b), andapproachesmopt ˆ 2 as l ! ` . Thediscrepancyin h
nearmˆ 3 isdueto theslowconvergenceof Nn, whichapproaches
theexpectedscalingbehaviourasl ! ` . Thesimulationresults for
two dimensionalnon-destructive foragingalsoshowmaxima near
mopt ˆ 2. Figure2c showssimulatedforaging in a systemof size
104 3 104 with rv ˆ 1, periodic boundary conditions and
l =rv ˆ 5 3 103. For destructiveforagingwith l q rv, simulations
showthatm! 1optimizestheef®ciencyaspredicted.In contrast,if
the targetsitesare denselydistributed suchthat l < rv, then, as
expected,we ®ndno signi®canteffectof varying m. Our ®ndings
agree with the theoreticalpredictionsandraisethe possibility that
LeÂvy-¯ight foragingwith m, 3maybecon®nedto instancesof low
global target-siteconcentration, as the advantageof long ¯ig hts
becomesnegligiblewhenthereareampletargetsites(seealsoFigs2b
and 3b). Note that our simulation results do not suffer from the
approximationsinherent in equation(2).

We compareour analytical andsimulationresults with foraging
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data on a variety of animals.The original foragingdata on bees
(Fig. 3a)werecollectedby recording the landingsitesof individual
bees15. We®ndthat,whenthenectarconcentrationislow, the¯ig ht-
lengthdistribution decaysasin equation(1), with m< 2 (Fig. 3b).
(Theexponentmis not affectedby short ¯ig hts.) We also®ndthe
valuem< 2 for the foraging-timedistribution of the wandering
albatross6 (Fig. 3b, inset) and deer(Fig. 3c, d) in both wild and
fenced areas16 (foraging times and lengths are assumedto be
proportional). The value2 # m# 2:5 found for amoebas4 is also
consistentwith the predictedLeÂvy-¯ight motion.

The above theoretical argumentsand numerical simulations
suggestthat m< 2 is the optimal valuefor a searchin any dimen-
sion. This is analogousto the behaviourof random walkswhose
mean-squaredisplacementisproportionalto thenumberof stepsin
any dimension17. Furthermore,equations(4) and (5) describethe
correct scaling properties even in the presenceof short-range
correlations in the directions and lengthsof the ¯ig hts. Short-
rangecorrelationscanalter the width of the distribution P(l), but
cannot changem, so our ®ndings remain unchanged.Hence,
learning, predator±prey relationships and other short-term
memory effectsbecome unimportant in the long-time, long-dis-
tance limit. A ®nite l ensuresthat the longest ¯ig hts are not
energeticallyimpossible.Our ®ndingsmayalsobe relevantto the
studyof populationdynamics.Speci®cally, eachvalueof misrelated
to a different type of redistribution kernel18; for example,m$ 3
correspondsto the normal (or similar) distribution, while mˆ 2
correspondsto aCauchy distribution (seealsoref.19).Finally, note
that non-destructiveforaging is more realistic than destructive
foragingbecause,in nature,`targets' suchas¯owers,®shandberries
areoften found in patchesthat regenerate. Organismsareoften in
clustersfor reproductive purposes,and sometimessuch clusters
mayhavefractalshapes20. Thus,theforagercanrevisitthesamefood
patch many times. We simulateddestructiveforaging in various
patchy and fractal target-sitedistributions and found results con-
sistentwith non-destructiveforaging with uniformly distributed
targetsites. M
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Water stresssubstantially alters plant metabolism, decreasing
plant growth and photosynthesis1±4 and profoundly affecting
ecosystemsand 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, causedby
stomatal closure6±8, and inhibition of CO2 metabolism9±11. Here
weshow, in leavesof sun¯ower (Helianthus annuusL.), that stress
decreasesCO2 assimilation more than it slowsO2 evolution, and
that theeffectsarenot reversedby high concentrationsof CO2

12,13.
Stressdecreasestheamountsof ATP9,11andribulosebisphosphate
found in the leaves,correlating with reduced CO2 assimilation11,
but theamountandactivity of ribulosebisphosphatecarboxylase-
oxygenase(Rubisco) do not correlate.Weshowthat ATP-synthase
(coupling factor) decreaseswith stressand concludethat photo-
synthetic assimilation of CO2 by stressedleaves 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 stressdevelops.The relative water content (RWC),
water potential (w) and turgor of cells are decreasedand the
concentrationsof ions andother solutesin the cellsare increased,
thereby decreasingthe osmoticpotential1±4. Stomatalporesin the
leafsurfaceprogressivelyclose2,6,13,14, decreasingtheconductanceto
watervapour(gH2O) andthusslowingtranspirationandthe rateat
whichwaterde®citsdevelop1±4,6,11,14. Also, photosynthetic assimila-
tion of CO2 (A) decreases,oftenconcomitantwith, andfrequently
ascribedto, decreasingconductance to CO2 (gCO2

) (refs2±4, 6, 8).
However, decreasedA is alsoconsideredto becausedby inhibition
of the photosynthetic carbon reduction (Calvin) cycle1,2,9,11,
although there is uncertainty over which biochemicalprocesses
are most sensitiveto stress2,3,6,15,16. We assessedwhetherA is con-
trolled by gCO2

or by metabolicfactorsby measuringCO2 and O2

exchange,using large CO2 concentrations(up to 0.1mol mol- 1,
equivalentto 10%volume/volume)to overcomesmallgCO2

(refs8,
12±14),andbydeterminingimportant indicatorsof photosynthetic
biochemistry (for example, ribulose biphosphate (RuBP) and
Rubisco of the Calvin cycle)9,10,16,17. We consideredthe role of ATP
in particular2,9,10because,although inhibition of photophosphory-
lation hasbeendemonstrated9,10but isnot widelyaccepted3,4,6,18,19, it
mayexplainthe decrease in RuBPandA (refs2, 11).

In thechloroplastsof leafcells,captureof photonscauseselectron
transport in the thylakoidmembranes,evolution of O2 (refs2±4)


