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Abstract

In a classic study, Huffaker demonstrated #iaotic forms ofspatial heterogeneity could induce

stability in predatofprey interactions. &ent theories suggest that space can also act to
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destabilize predatgurey systems and that stability can arise freampting of unstable units.
Here,usingHuffaker’s classic experimental design refitteth modern empirical and statistical
techniqueswereassesthe effect of space goredatorprey interactions when the prey are pests
of agriculture, and when predators must compete with pathogens for shared prey resources
Using an empirical system including aphids, ladybird beetles and entomopathogeniwéingi
show that whiléwo different controhgents were ineffective at contiog pests in insolation,
coupling themtogether not only improved control of the pest, but also reduced the occurrence of
large spatiallyclustered pest outbreal3ur results suggest that as agriculture becomes
increasingly isolated and consolidated across landscapésgenous forms of spatial
heterogeneitywhich arisérom interactions betweetiverse assemblagesaintrol agentsnay
break down:"We suggest that improving connectivity across landscapes is important for

maintaining effective biological control in agroecosystems.

Key words; Huffaker, spatidemporal heterogeneity, mtator prey, biological control,

connectivitygragriculture

I ntroductien

In.2958, C. B. Huffaker conducted what would become a classic study on the role of
dispersal in the coexistence of predators and (Hafjfaker 1958). At the time, the Lotka-
Volterra equations were wethown to predict regular, repeatable cycles between predators and
prey, yet empirical studies failed to reproduce these theoretical r@alise 1934, Gause et al.
1936) Thesesearly empirical studies were done inawveked environments to mimic the
assumptions of the Lotka-Voltera model. Predators had easy access to prey, btitamther
decreasing in numbers before prey were completely exhausted, in most cases predators
overexploited. prey, leading to extinction of the whole system. Citing Nicholson’s (Nazhol
1933, 1954)criticism of the early empira studies being contained in microcosms that were
“too small tereven approximate a qualitative, to say nothing of a quantitative, confarmity t
theory,” Huffaker designed experiments using a series of spatial arrays or “universes” composed
of carefully aranged oranges (prey resources), while manipulating the dispersal abilities of
predatory and prey mite species. He discovered that reducing the dispersal of predators by

slowing them with petroleum jelly and encouraging dispersal in prey by providing wooden
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dowels for long distance migration introduced sufficient spatial heterogeoédigep prey from
going extinct immediately, allowing predatprey cycles to be observé@duffaker 1958). This
early study established the importance of spatial heterogeneity in maintaiedagqufprey
cycles, providing one mechanism to explain the discordance between experimentaketidenc
predator/prey.pairs go extinct and the overwhelming evidenoe iature that predators and
their prey do indeed persist over many years.

In his'eonclusions, Huffaker cautioned that the use of spatially homogenous
monoculturesin agriculture could have unintended consequences for biological control, which
are simplypredatorprey systems where control agents are released to consume pest prey
(Huffaker 1958; Huffaker et al. 1963)hisis still a concern for agroecosystems today,
particularlyin small biodiverse farms that currently persist within a matrix of large
monocultures and urban land (Perfecto et al. 2@®hltscalefarms, which produce upwards
to 80% of food for human consumption in only 53% ofd¢beent agricultural landare often
unable to affordor prefer not to applgesticidesand herbicides, rging instead on a diverse set
of natural enemies to control pest problgwitieri 1999, Badgley et al. 2007, Montenegro 2009,
Graeub et'al.'2016). As homogenization and consolidation of agriculture contirgas speed
guestionssarise as to how biolcgl control in small, biodiverse farms will be affect@dtieri
1999, Agarwal et al. 2002, Perfecto et al. 2009, Lambin and Meyfroidt 2011).

In the past, many biological control programs that sought to eliminate pestspibia
single, highly efficent control agent found it difficult to stabilize predapoey dynamics
(Nicholsonsand,Bailey 1935, Murdoch 1975). Strong agents caused cycles of three repeating
phases(1) control agent overexploits pes{®) control agent declines due to lack of prey, and
(3) pests resurge to outbreak levels under enemy-free conditions (Luck 1990, mtditi a
Berryman_1991). Theory based on the Lotka-Volterra equations predicted that the magfnitude
booms and_ busts would increase with every successive controlpegecycle until a stochastic
event pushed.the control agent to extinction (Luck 1990, Arditi and Berryman 1991). Using a
diversity of.eontrol agents was one suggested solution (Murdoch 1975). Yet, in lightloéithe
popular competitive exclusion principle, incorporating more than one predator on a single prey
(the pest) would be unlikely to work since only a single predator would survive, leadingpback t
the same problem of prey overexploitation and extinction of the desired prpoatarentrol
system(Denoth et al. 2002, Louda et al. 2003, Straub et al. 2008). Huffaker’s study moved in a
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different direction and sought to challenge the growing consensus that prpoat@ystems are
inherently unstable. Taking Nicholson’s critique of previous empirical work, he saugtgdte
background conditions that more closely reflected some key elements of the envirdaseshts
by real predateprey systems in nare, effectively removing theean-field assumption of the
well-mixed.system and explicitly creating a spatially extended framework.

The prevalence of strong negative interactions in biological control, includinguiittra
predation 'where predators consume one another in addition to shared resources, dissuaded many
from advocating multiple control agents to resolve pest problems (Rosentadirh @35,

McCann et al. 1998, Denoth et al. 2002, Straub et al. 26@8yever, recent theoreticabrk

found that.streng negative interactions between a predator control agent and anpadhtgé

agent can result in a system that is stable even when the agents are cooé&blgvhen

isolated from one another (Ong and Vandermeer 2015). These strong negative intesaatibns

be responsible for autonomous biological control—the observation that a diversityrad na

enemies are able to keep levels of pests below economic thresholds, but above levels for natural
enemies tepersist without boom-bust dynarfliesvis et al. 1997, Vandermeer et 2010, Ong

and Vandermeer 2014).

Though Huffaker’'s study and many theoretical studies that followed establisliedl spa
prey refuges as a stabilizing force for consunesource dynamics, contemporary theoretical
work has shown that space can also induce unstable dynamics, including chaos (Huffaker 1958,
Folt and Schulze 1993, Pascual 1993, Petrovskii and Malchow 2001). Though the specific size of
a pest population may become unpredictable, chaotic systems can still be considered “stable” in
pest controlfithe possiblerange of pest population sizes is constrained to an envelope below
economic(thresholds (Ong and Vandermeer 2013 se are important considerations for
diverse biological systems where large, unpredictable fluctuations in popudaeesare
common phenomena (Berryman 1982, Dwyer et al. 2004). Thus, in this paper we distinguish
between stable and effective biological control. Stable implies dynamic stability, where
trajectoriestend towards (but not necessarily reach) someanorequilbrium. Effective
biological centrol implies that pest populations are both stable and that equilibrium values are
lower than in control treatments where no natural enemies are ptaséfective control implies

that pest populations in natural enemy timeants are equal to or greater than control treatments.
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Ineffective control could be either unstable or stable, but this is less important for management
applications

Here, we borrow Huffaker’s classic framework to test how the coupling of cargpeti
pathogen and predator natural enemies improves or worsens control of pests when placed in a
spatial context. where dispersal is constrained or Betrather than impose spatial
heterogeneity on the lattice as Huffaker did, we examine hoerelif€es in dispersal capacities
and intrajnterspecific interactions naturaltyeatespatial hetezgeneity. Though we knomuch
about how'intra'and interspecific interactions affect dispersal behaviotdxia pheromones
etc), we know very little about how thiken scalesip to spatial patterns and questions of
species persisten¢kring 1972, Schellhorn and Andow 1999, Perfecto and Vandermeer 2008).

Huffaker’s results imply thatrpy must be able to move freetyorder to escape
overexploitation by their pdators Thus, when only one species of natural enenpyesentye
expecthigh rates of dispers& encourage thisrmation of spatial refuges f@ests. In these
refugespestscan build populations thatrelarge enough to support longrm persistence die
natural enemyspopulation, improving biological contkHxdwever, if natural enemies cannot find
pests efficientlyputbreals can occurWhen two natural enemies are combirtbd,efects of
space onhiglogical contrare unckar. On the one hand, competitioetween enemianay
increasespatial heterogeneityrough the delineation of territories or other behavioral divisions
of space.If more spatial refuges for pesesultfrom having multiple natural enemiesarch
efficiency ‘of those natural enemies should also improve since there are more pest popalations
encounterAlternatively,the presence of multiple natural enemies could cspatal clustering
in pests, reducing the number of spatial refugrehis case wenight expect more outbreaks to
occursinceenemies are less likely to find prey

Materials and.M ethods
Experimental setup

Spatial‘arrays of'3pea plant cuttingP{sum sativum var. Dwarf Grey) were set up under
a 12hrdark™12hrlight cycle. Eachndependent array (or universes Huffaker referred to them)
consisted of a 4 5 networkof clear plastic chambers (3'¥ep diameter, 2 '4" bottom diameter,
4 Y1 height) that were sealed to prevent escape by arthropods, but not airtight. Each chamber
included a test tube filled with i@ (distilled watel) and a pea plant cutting inserted through a
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hole in the test tube top. The chambers were connected laterally using plagtarsaf two
diameters: 0.219(small) and 0.47(large) cut to 2 in length A single universe consisted of all
small or all large corridors to represent a low or high dispersal treatment, respeCiinaetybers
were connected using a von Neumann neighborhood design with edge effects. Both low (L) and
high dispersal.(H) universegere subjected to four treatments) aphids Acyrthosi phon pisum)
only, (2) aphids and ladybirlgeetles iippodamia convergens) (B), (3) aphids andhe
entomopathogenic funguBdauveria bassiana) (F), (4) aphids, beetles, and fungus (FB). All
units started'with an initial population of 50 aphids, 25 in the (1,1) position and 25 in the (4,5)
position of the spatial array (diagonal corners). Eight beetles were added to the (tdk) pbs
the array ferreatments including beetles. For fungal treatments, the initial aphid populations
were sprayed with 2 pumps oBabassiana emulsion made by vortexing 4 mL ¢@ and 1.28
mL B. bassiana @btained as theommercially available produd¥jycotrol-O, with a
concentration of 2 x f@riable spores per quart. Universes were surveyed twice a week using
direct counting methods. The number of healthy aphids was recorded for 28 time points or until
extinction @eceurred. During census, pea cuttings were replaced asargcso that fresh
resources were always available in the arrywever, once a pea plant was colonized by one or
more aphids, no new pea cuttings would be provided in that chamber until all aphids went locally
extinct oramoved to neighboring chambers. In this way aphid populations were able fo locall
overexploit resource&fter every local extinction event, chambers were thorougkired
with 70% ethanol and fresh pea cuttings provided. In total we ran 66 universes with 10 geplicate
of the L treatmet, 5H, 10BL, 7 BH, 10FL, 6 FH, 10FBL, and 8FBH. Given the available
laboratory ‘space, we were able to run 16 universes at a timoereplicates from each treatment
were run simultaneously. Differences in times to extinction led to the diffeverider of
replicates per treatment.
Parameter estimation

We. modeled population dynamics using a couplag hattice. The lattice was»5, the
same as inghe experimental set@pzen our biveekly sampling, aphids are capabldoth
short distance.movements to adjacent cafigllong-distance movements across the awéiin
a single time steprhus, n order to align our data and model appropriately, we include both local
and longédistance migration parameters in our mod¢leadt time step the entire lattice first
experienced local population dynamics, then local dispersal, and thedisbaugee dispersal.
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184 The local population dynamics were determined by the Ricker function (Ricker 1954) with

185 parameters andK. After local population dynamics a fraction;, of individuals from each site

186 dispersed locally to neighboring sites. These dispersing individuals were evernibytdidtto the

187 2-4 sites in the focal site’s von Neumann neighborhood. After local dispersai@nfrag, of

188 individuals_ migrated to all the sites in the lattice. We define this as long distance dispersal. These
189 individuals\were evenly distributed among the 19 other sites. These population anagdispers

190 dynamics‘are‘described by the following equations:

1 (1N

100w (e Emy(m, (4D -m (+)) @

Nij(t +1) = m, <N(t—+§)— Nij (t +§)>

192 Heret is the time step and is equal to integer values 228.to match the conditions of

193 the experimenfThe subscripts and;j indicate the location of the site and range from 1, ..., 4 and
194 1, ..., 5, respectively. The parameterandK, are the population growth rate and carrying

195 capacity,.respectively. The parametens andm,, are the fraction of individuals who disperse

196 locally and gIobalIyN_U is the average number of individuals in the sitd;jis von Neumann

197 neighborhoodN is the average number of individuals in all sites exceg\for

198 We ran these rules for the satimee frame andtarting conditions as in the @ximent

199 (describedsearlierPopulation values were assumed to be Poisson distributed or negative

200 binomial distributedvith mean given by the above model. For each treatment we pool all

201 replicates’and estimate the maximum likelihood parameter values, across all replicates, using
202 simulated annealin@Bolker 2008). The Poisson model had a lower AIC than the negative

203 binomial one, so was usddodel estimates converged for all parameters except for carrying
204 capacities of aphids under low dispersal condgi The large incidence of extinctions made

205 carrying capacities irrelevant for these treatments because aphids had negative growth rates.
206 Thus, populations never increased to the point where carrying capacities coulchbtedg-or

207 each parameter,(K, m;, my), a likelihood profile was created. To do this, a given parameter is
208 held constant at a series of values, and then for each value, the modwgdtisnreed with all

209 other parameters in the model allowed to vary. The resulting likelihoods foparheter
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value are the likelihood profile of the given parameter. Using the likelihood ratjdikkelihood
cutoffs are calculated to create a 95% confidence interval in the parameter estimate (Bolker
2008).
Spatio-temporal projections

Once.parameterized we used oaupledmap latticeto project populations under each
treatment for 200 time steps assuming both the origindd xperimental design with edge
effects and"a38 30 spatial grid placed on a torus. We constructed confidence bands by
simulatingthe'model 1000 times for each treatment and taking the 95% quantiletdlthe t
aphid population size at each time step. We added parameter uncertainty intautatrasimby
randomly drawing new parameters for each simulation based on the confidencesinterval
estimated for each parametéor each simulation, spatial patterning was measured using
Moran’s I, wherd > 0 implies clustered, aridk 0 implies dispersed patterns. We constructed
95% confidence bands for Moran’s | using the same process as population size. Semdated
experimental results for aphid population size and spatial pattemeirgpverlaidto visualize
model fits topdataDifferences in treatments were considered significant for some time frame if

confidence*bands did not overlal analyses were conducted in R CoreTeam, 2016).

Results

Longtermpersistence of aphids wpsojected only for higltispersal treatmen{&ig. 1).
This occurredwhen the simulated spatial arnaatched the experimental dimensions @) and
also whendtherarray was extendedhe larger, 3& 30 torus (Fig. & and d. In dl other
treatmentsaphidswvere projected to go extinct.

Overall,aphid growth ratesiere higher whethe dimension oflispersatorridors was
larger.Underthesehigh-dispersal conditions, the presence of natural ésronsistently
reduced aphid.gmeth rates from controld.he fungus-only treatment had the lowest growth rate,
followed hy funguseetle andfinally thebeetleonly treatment (Appendix STable S). Under
low dispersal‘conditions, fungastuallyincreased aphid growth rates relative to contibie
beetle only“treatmentad the lowst growthratefollowed by the fungudeetle treatment
(Appendix S1Table S).

Aphid populations in low dispersal treatments were all projected to declk@graphid
carrying capacity estimates impossitdgoredict However, under high dispersal conditions,

This article is protected by copyright. All rights reserved



241 aphid carrying capacities significantly ieased when beetles were presdahe. Fungus alone
242 had no effecbn carrying capacityout the combined fungulseetle treatment caused a tHiode
243 reduction in carryig capacityAppendix S1: Table S1).

244 Under low dispersal conditiongpth natural enemidsad the same effects on aphid

245 migration rates. When each of these natural enemvasstroduced alone, local aphid migration
246 rates decreased and ledigtance migration rates increag@ghpendix S1: Table S1The effect
247 of the fungus'on aphid migration rates remained consistent under high dispersabieenditi
248 However, 'beetlereversed fects, increasing local and reducing lodgstanceaphidmigration
249 rateswhen dispersatorridors were largefAppendix S1: Table S1). Combining fungi and

250 beetles had neweffect on local or lodigtance migration rates when dispersal was ldawever,
251 when dispersal‘was higleombining the natural enemies caukmmhl migration rates to decrease
252 and longdistance migration ratée increas€Appendix S1: Table S1).

253 Spatial patterns of aphids in the experiment and in the model assuming the saahe spati
254  configuration as the experiment were not significantly different from randaindia not differ
255 between treatmentappendix S1: Fig. S1). However, when the model was projected to the
256 larger 30x'30torus, spatial patterns emergedr low-dispersaB0 x 30 torus simulations, pest
257 populationsnere projected to go extinct but remained significantly clustered until extif&ign
258 2a and b)«Under high-dispersal*830 torus conditionspktal clustering of aphids was

259 significantly reduced when fungi wepeesentlone or in combination with beetlds.contrast,
260 beetleonlytreatmentsaused spatial gstering of aphids to increase (Fig. 2c and d).

261

262 Discussion

263 As predicted,dng-term persistence of the system only occurred ungbidispersal

264 conditionswhere aphids and natural enenteslld move more easily through the array (Fig. 1)
265 (Huffaker 1958). Without sufficient dispersal, pests and by extension any iterationpefsthe
266 natural enemy.system cannot persist (Fig.These results largely confirm Huffaker’'s

267 conclusionthaspace can stabilize predafaey interactions by providing refuge to prey from
268 predatorsWe note however, that allstances of pest persistence roe equally beneficial from
269 the perspetve of biological control.

270 Though our experimental setup did not individually control the movements of each
271 component of the systeas Huffaker didintra and interspecific interactions amongst the pest
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and two natural enemies were sufficient to create an endogéorm of spatial heterogeneity
(Vandermeer et al. 2008, Perfecto and Vandermeer 2008, Liere et al. 2012). Based orebody siz
alone, rates of diffusion are greatest for the pathogen, followed by the pest agdtmall
predatorin addition, @ch naturbenemy had a characterisétfect on the vital rates and

dispersal behavior of the pest, which was further mediated by the overall conpattifvé

matrix (Appendix S1Table S1) Thus, each combination of enemies and connectivity gises

to different'spatiapatterns anadonsequences for biological control.

Fungus'had consistent effects on migration rates for aphids regardless of therdi@met
corridors between cellén both casedungus caused aphids to reduce local migration rates and
increase longlistance migration rated\fpendix S1Table S}, reflecting an adaptive response
to avoid pathogen outbreaks that occur more easily with host clustering (Shah and Pell 2003).
We see this play out in the spatial dynamics, where local clugtefiaphids is significantly
reduced when fungus is present (Fig. 2c and d). We note that aphid growth rates actually
increased relative to controls in low dispersal treatments with fudgyee(dix S1Table S).
Infection bysthe entomopathogenic fungas cause a stresssponse in aphids that encourages
molting (quicksprogression to adulthood), and greater fecundity rates prior to deathn@im a
Roberts 2012, Ortiz-Urquiza and Keyhani 2013). However, in high dispersal treatmergs whe
aphids survive long-term, the presence of fungus reduced growth rates in aphids, &slexpect
The effect of beetles on migration rates of aphids was dependent on whether the arrays allowed
low or high dispersal. In low dispersal treatments, beetles mirrored fungas éffecausing
local aphidsmigration rates to reduce and laligjance migration rates to incread@gendix S1.:
Table S). Sinee aphids are already clustered in low dispersal treat(hdmtan’s | > 0) beetles
very easily discover and decimate local clustd#raphids, which are hindered from migrating
due to the,small diameter of the corridors between cells ZRignd b). This is evidenced by
short aphid survival times and low aphid growth rates in the beetle onlgi$persal treatments
(Fig. 1 and Appendix STable S). Beetle movement is highly constrained in the low dispersal
treatments«Thus, aphids that are able to migrate longer distances survivey tausicrease in
long-distanee.migration rates (Figb). These results are similar to the damConnell
hypothesis where survival of seedlinggreatestor those that are transportteathest from
parenttrees where naturahemies are less comm@lanzen 1970, Connell 1971). However, in
high dispersal treatments, beetles caused the restbest with local aphid migration rates
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303 increasing and longdistance migration rates decreasiAggendix S1Table S). Aphids are

304 known to exhibit dropping behavior as a quick evasive tool when exposed to predators (Losey
305 and Denno 1998). When aphids can easily move through the spatial array, beetle predation
306 events disrupt clusters of aphid populations causing short-distance migration taneghb

307 cells.Yet, migration requires a pause in feedingpartinga high metabolic and reproductive

308 cost for apids (Rankin and Burchsted 1992). Thus, laligfance migration events are

309 unfavorable“unlestherisk of predation or infectiors high. Beetles can also move more easily
310 in high dispersal arrays, but the search behavior of ladybird beetles is congidandbim

311 (Dixon 1959). Long predator search times appear to allow new, local clusters of aphidi$ to bui
312 Dbefore re-disegovery by the predator. This is evidenced by the increased aphrthgltisés

313 occurs withrhigh dispersal-beetle only treatments (Fighhen predator search times are

314 sufficiently long; aphids are not cortgistly exposed to predation, reducing the need for long-
315 distance dispersal events.

316 Under low dispersal conditions, we could not estimate carrying capacities d$ aphi

317 because oftthiarge incidence of extinctions (Appendix Shble S]1 Materials and Methods).

318 We did find'that single natural enemy treatments increased local migration and redueed long
319 distance migration, but the combination of natural enemies eliminated effectgrationi so

320 that there.were no differences from controls. Since aphids were a limitowgcesn low

321 dispersal treatments, competition between natural enemies in the combined natural enemy
322 treatment'may have reduced the effects of natural enemies ongweshemtindeed, song

323 competition"between natural enemies is we@ltumented in biological control systems

324 (Rosenheimset'al. 1995, Denoth et al. 2002, Louda et al. 2003, Straub et al. 2008).

325 Under high dispersal conditions, the combination of both nagnemies best controlled
326 aphids by reducing aphid clustering and equilibrium pest densities through a markedmnaducti
327 their carrying.capacity (Fig. 1). This is a particularly surprising resulesie¢her natural enemy
328 alone reduced.the carrying eagity of the pestAppendix S1Table S). In fact, the beetle

329 significantlysincreased the carrying capacity of aphids (Fig. 1). Since no new kmaaes

330 were madetavailable to aphids after they occupied a cell, aphid carrying capacity should increase
331 only if aphids move to new cells and discover new food resouvtaeifjals and rathods).

332 Increases in local migration rates of aphids under the presence of beetleglasmntiee positive
333 effect on aphid carrying capacityhis counterintuitie result aljnswell with the paradox of
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biological control, where highly efficient control agents overexjesgt resourcesnd cause
outbreaks (Luck 1990, Arditi and Berryman 199m)this theory, pest populations surge after
control agents declinieom starvationOur experimeninay accelerate this procesace
predatordoecomephysically separated from their prey when they overexploit local clusters.
Though the fungus alone reduced spatial clustering of aphids, carrying capacity veakioetr
(Figs. 1-2;,Appendix SIfable S). Increases in long-distance migration were canceled out by a
reduction in“aphid growth rates under fungus exposure to have no effect on carrying capacity
(Fig. 1 and"Appendix STrable S). Thus, equilibrium densities of aphids under the presence of
fungus alane are no different than high dispersal controls (Fig. 1). However, when both natura
enemies are eombined, aphid populations are doubly threatened, reducing carryingsapacit
increasing longlistance migration ta much larger extent than either enemy alone. This
synergistic effegt may result from combining intense predation by the beetléopreid the
reduction in spatial clustering that occurs with the pathogen (Fiylith like in the original
theoreticalwork that inspired our experim@dng and Vandermeer 2015), we find that a
combinatiengefitwo ineffective control agents can effectively rescue control, yoteshicing
equilibriumepest densities, but also redudimgal spatial clusters and limiting the carrying
capacity of.pests.

It isstempting to generalize these results. Allowing that all species on earth are faced with
the combination of predators and pathogens acting simultaneously (Ong and Vandermeer 2014,
2015) we ‘can envision the effects sfatial extent in a very simple dynamic. If the pathogen
induces longdistance migration (as it here does), and if the predator is more effective at finding
spatial clusters of prey (as it here is), then the pathogen, if its virulence is appropriately
constrainedeffectively causes the prey to move to refugBise refuges are the areas of recently
migrated individuals that have not yet locally reproduced enough to form a cluster that i
sufficiently attractive to the predator. The stability condition (or persig® condition) is thus a
critical combination of dispersal rates of all three elements, plus the nonlineanedigted
effects of the'pathogen and predator on the dispersal of the prey. Generalizingtéoneody
two predators,and a prey, tkey nonlinearities (traitnediated effects) of one predator
increasing the migration rate of the prey, the other increasing the local cluster formation, creates
the conditions for stabilizing the whole system (with appropriate parametesyalVe

summaize this speculative generalizationHigure 3.
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In our experiment we find that the combinatiorived natural enemies does indeed
increase spatial heterogeneity and this heterogeneity does improve biologtcal tom single
enemy treatment§ heclustered versus isolat@adeyform two types of spatial refugia, allowing
enemies to avoid competition by concentrating on their niche, or preferred form of pigig.ref
Complementarity arising from partitions in space or time are common in the lieeoatur
biological eontrol (Denoth et al. 2002, Ramirez and Snyder 2009, Gable et al. E0t2)
example, natural enemies are known to partition time by concentrategylygror late season
populations;and space by concentrating on populations existrag@ts heights ithe
vegetation strata. Yet the clustered versus isoladgdlations in our experiments impglhyat
spatietemporalseparations allowing for complementarity can exist in constant flux. Once a
cluster has'been discovered and decimatedhbypoedator, surviving prey become isolated
populations that are a niche to a different type of predator. However, congastessential to
maintain this kind of dynamic spatio-temporal heterogeneity. Autonomous biologrtablcand
coexistence betvem competing natural enemies can naturally arise as competitors partition prey
by space andstime. Yet, somewhat paradoxically, improving the connectivity of landscapes is
necessary forthesmmplementaritynducing partitions to arise. Thus, if we are to improve
natural pest.control in agriculture, we may need to increase the rate at which pests (and their

associated-natural enemies) can move through the farm.
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Figure L egends

Fig. 1. Projectechphid population time seriegotal aphid population sizes are projected in
coupled mapped lattice models for 200 time units using parameters fit by maximlinodiée
inference to the experimental data where aphids had (a, b) low dispet<al d) highdispersal.
Models assume either (a, c) the sameXbounded dimensions of the experiment or (b, d) a 30
x 30 spatiakgrid placed on a torus. Rows in plots correspond to experimental treattmere
aphids were alone (black, second row) or in the poesehthe following natural enemies:
entomopathogenic fungus only (blue, third row), ladybird beetle only (red, fourth row), and
fungus and. beetle combined (purple, fifth row). In top row, all plots are overlaid to show
differences between treatments. 8dines in (a, ¢) are the mean population of aphids averaged
across repetitionsi(varies, see Methods) in the experiment. Each time unit corresponds to a
biweekly census in the experiment. 95% confidence bands are plotted around mean model

predictions (dtied lines) fom=1000 simulations.
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Fig. 2. Projected spatial clustering of aphids on a«<3D torus. Plotted are the means (dotted
line), and 95% quantile confidence bands of Moran’s h##000 simulations of the coupled
lattice model assuming a 3030 spatial grid on a torus using parameters estimated from
treatments where aphids had low (a) or high dispersal (c) and no natural efisaciessecond
row), or while.in the presence of the following natural enemies: entomopathogenic fungus onl
(blue, thirdyrow), ladybird beetle only (red, fourth row), and fungus and beetle combined (purple,
fifth row). “In"top row, all plots are overlaid to show differences betweenmezds. Example
spatial plotsforiow (b) or high dispersal (d) show different levels of clustering for treatments
(corresponding /with rows in a and c) at time 10 and 20 for low dispersal treatmentsigued at t
40 when clustering peaks for beetle only treatment and equilibrium, time 200 for highalispers
treatments»White colors cespond to larger, and red to lower population sizes of aphids. A
completely orange lattice indicates population extinctdoran’s | > 0 indicates clustered, < 0

indicates dispersed and 0 = random spatial patterns.

Fig. 3. Hypothesized generalization cbexistence of two competitors (the two predators) in a
spatially extended system, where one of the predators hasraadiéted effect in inducing the
prey to disperse faster and the other has artradtiated effect in inducing the prey to form
spatid clusters. In the absence of predator Il, the prey will tend to occur as ssatahgcing
extinction of predator I. In the absence of predator I, the prey will tend to occurdiuskers,
inducing extinction of predator Il. Arrowheads indicate pesieffect, balls represent negative

effect.
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