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Abstract

Common goals of ecological fire management are to sustain biodiversityiingize

extinction risk. A novel approacdb achieving these goatietermines the relative proportions of
vegetatiorgrowth stages (equivalent to successional stages, which are categorical
representations of time since fire) thaximize a biodiversity index. The method combines
data describing'species abundances ih gaowth stage with numerical optinaizon to define

an optimal‘growthstage structure which provides a conservatiased operational targer
managers. However, conservation targets derived from grstatj@optimization are likely to
depend criticall,on choices regarding input data. There is growing interest in use of growth-
stageoptimization as a basis for fire management, thnderstandingf howinput data

influence the outputs iucial. Simulated datasets provide a flexible platform for systematically
varying aspects of survey design and species inclusions. We used artificiaitbi&aown
properties,and a caséudy dataset frorsoutheasterAustralia, toexaminethe influence of (i)
survey design«(total number of sites, andrttestribution among growth stages) and (ii) species
inclusions (total number of species and their levelpaftialiation) on the precision of
conservation targetsBased on our findingsve recommend that survey designs for precise
estimates.would ideally inlee at leas80 sites, and includat leasi80 species. Greater

numbers of sites and species will yield increasingly reliable results, but fewer might be sufficient
in some circumstance#n even distribution of sites among growth stages lessmportant

than the total"anumber of sites, and omission of species is unlikely to have anthagorce on
results as loeng‘as several species speeializeach growth stage. We highlight the importance
of examining the responses of individual species to growth stage before feeding suruay data
the growthstageoptimization black box, and advocate use of a resampling procedure to
determine.the precision of results. Collectively, our findings form a reproducible guide to
designing_ecolagical surveys that yigirecise conservation targétsough growthstage

optimizatiop:and ultimately help sustain biodiversity in fjpesne systems.

K ey wor ds biodiversity coservationgcological monitoringfire management, land

managemenprescribed burninggampling design, sampling framework, simulation
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Introduction

Fire is a natural source of disturbaniat drives ecosystem structure and function (Bond and
Keeley 2005). tlis alsousedas a management taal flammable biomesf Africa, Australia,
North America. and Europe, baotib redice the risk of wildfire andchieve conservation
objectives (Penman et al. 2011; Stephens et al. 2012; Fernandes et alCf#thB)onaims of
ecologicalfire'management are to sustain biodiversitynaindnize extinction risk, buit is
rarely cleathow best to apply fire to enhanc®diversity.

Ecological firesmanagement is often guided by the notion that variable fire regioraste
biodiversity (Bradstock et al. P8). Vegetation growth stages (equivalent to successional

stages, which.are categorical representations of time since fire) can be used as measures of fire
mediated landscape variation. In theonffedent species’ resource requirements are met by
different growth stagesindthe responses of individual species to growth stage are reflected in
shifts in community compositioalong successional gradielfiox 1982; Pons and Clavero

2010). Aheterogeneous landscape composed of several growth istdggeforeexpected to
support.more.species than a homogeneous landscape (Martin and Sapsis 1992; Parr and
Andersen 2006) Some studies have identified positive associations between species diversity
and growthrstage diversifffuhlendorf et al. 2010; Maravalhas and Vasconcelos 2014; Sitters et
al. 2014a)while othershave highlighedthe dispropdionate importance of particular growth
stageqDavies et al. 2012; Kelly et al. 2012; Taylor et al. 2012; Farnsworth et al. 2014; Robinson
et al. 2014; Burgess and Maron 2016; Doherty et al. 2017).

Knowledge gaps regarding approprieteels ofgrowth-stage diversitan hamper the use of
planned fire as a conservation t@otiscoll et al. 201Q) However a newapproach to

multispecies conservatiatefines theelative proportions oflifferentgrowth stages that

maximize abiodiversity index(McCarthy 2012; Di Stefano et al. 2013; Kelly et al. 2015). The
method combinedata describing species abundances in different growth stages with numerical
optimizationto. determine aoptimal growthstage structure, providing a conservati@sed
operationatargetfor fire managersGrowth-stageoptimizationhas recetly been incorporated

into fireemanagement policy in southeastAustralia because it has a strong theoretical basis

(McCarthy et al. 2014), input data can be obtained using standard ecological sumeyues;
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and it provides a unified framework for addressing conservation gssd&iated with multiple
speciegDELWP 2015).

Growthstageoptimization presents a powerful means of linkirggalworld operational

objectives with-desirable conservation outcontest a particular set of input data the process
generates'two Qutputs; an optimal growth-stage structure and the value of a bigdiveegi

that is theoretically at its maximurhereafter we refer to these outputs as “conservation
targets”and “optimization results”. Both outputs are useful for fire-management ptarthe
optimal grewthstage structure can be used as an operational vengetthe maximised value of
the biodiversity index can be used as a benchmark to assess the ecological effects of different
fire-management scenarioblowever, theptimization resultdor a given ecosysteire likely

to depend.eritically on choices regarding input data, including ecological survey desitpe and t
species included in the analy$idi Stefano et al. 2013; Giljohann et al. 2015; Kelly et al. 2015).
For example, species that specialan particular growth stages should have a greater influence
on the optimal growtlstage structure than generalist spedies thesensitivity of results to the
inclusion or exclusion of specialidgtas not been systematically test@tere is growing use of
growth-stageoptimizationas a basis for ecological fire managen(@ntStefano etl. 2013;

DELWP 2015;:Giljohann et al. 2015; Kelly et al. 2015), thus better understanding of the
influence of'survey choices aptimization results is crucial to ensure that managers are able to

make sund investment decisions.

Simulaton providesa flexible means of systematically varying aspecescotogical data sets
(Schwegeret.al. 2016) In this paper we usartificial data with known properties to test the
influence 0f(i) survey designt¢tal numbeof sites and the distribution dfitesamong growth
stage) and(ii) species inclusions (total number of speciestardnfluenceof removing gowth-
stagespecialsty on optimization results To enhance our ability to generalimferences to
different ecosystemsve created two artificiadommunitieseach containing 100 species and
differing in.the"proportion of species that responded to time since fire. Community A
represented:systems in which the majority of species respond to time since fire, fauclalas
communities of southwestn USA forest (e.gKalieset al. 2010). In Community B fewer
species responded to time, and older vegetation was of disproportionate impaaadthe
case in some southeastédmstralian faunal communitig®i Stefano et al. 2013; Kelly et al.
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2015). To ensure our simulation study produced reatissiglts we alsoappied our species
inclusion testd¢o empiricaldata collected in southeast Australian eucalypt for@sit. results
provide a reproducible guide to designing ecological surveys that gepeyeitee conservation

targetsthrough growth stageptimization and improve its utility as a conservation tool.
Methods

The growthstageoptimizationprocedure involves the following steps (McCarthy 2012; Di
Stefano etqal. 2013; Kelly et al. 201(8) biodiversity surveys at sites affdrent time since fire,
(2) development of statistical models relating individual species to time since ficon(@rting
time since fire to growtstage categories, asglitting model predictionby growth stage, (4)
using numericabptimization todetermine the proportional coverage of each growth stage that
maximizesa.bioediversity index.We sought to follow this processs closely as possibiesing
simulated/dataensuringhat the characteristics of our artificial data represgtypical faunal

community datasets.
Artificial'community datasets

We used three response shapes (no response as a null model, linear response, and unimodal
response) to captueediversity of species’ responses to time since (fg. 1). We scaled time
since fire &) from 0-100 and species abundancgsfiom 0-1. We generated a response

function for.each species (Table 1, Data S1) by randomly selecting reghapseparameters
within a range defined using empirical data (Swan et al. n.d.; Sitter6t.db), ensuring that

the slopesofrelationships between abundance and time since fire were realistie/o
communities differed in the proportion of species that responded to time sa&ce fir
approximately two thirds of species in Community A responded to time since fire, hadiobf w
responded positively and half negatively. In Community B only one third of species responded
to time since fireandmostspeciepreferedlatesuccessional vegetatiolResponséunctions
corresponding to all species in Communities A and B are providedtanS1 and summarized

in Table 1. We used each species’ response function to gerisdatbundance values per

growth stage. For each community, this yielded a data matrix comprising 50 observations per

speciesti = 100) per growth stage € 4), which formed input data for all subsequent analyses,

This article is protected by copyright. All rights reserved



137 and represented a “besdse” survey design scenario which is probably rarely feasible in real
138 world contexts.Our four growth stages reflect other optimization stu(i@sStefano et al. 2013;
139 Giljohann et al. 2015; Kelly et al. 2015; Hale et al. 2016), which have defined three or four
140 categories representing major stages in-psvegetation growth and developmé@heal

141 2010)(Fig.. 1), We did not systematically vary survey effectiveness or species’ detection
142 probabilities, and instead assumed that individuals were detected when pfetéaial data

143 were geneérated in the R statistical environnfBn€ore Team 2016) using custom functions
144  modified from"Schweiger et al. (2016) and the data manipulation packages plyr (Wickham
145 2011), dplyr(Wickham and-rancois 2015and reshape@Vickham 2007).

146  Growth:stageoptimization

147 We used numericaptimization to determine the proportions of each growth stage that

148 maximizedrabiodiversity index, which wélse geometric mean of speciabundance$Di

149 Stefano et-al2013; Giljohann et al. 2015; Kelly et al. 2015). The geometric mean underpins
150 several largescale biodiversiymonitoring initiatives because of its beneficial mathematical

151 properties (e.g. the Living Planet Index, Laital. 2005) For example, small differences in the

152 abundance ofsuncommon species among growth stages represent large relative differences, and
153 have a greater.influence on the geometric mean than more common species that may show larger
154 absolute differences in abundance (Buckland et al. 2005, 2011). Further, the geometric mean
155 reflects parallelshifts in the absolute abundance of multiple species; in contrast, popular

156 diversity indices such as Shannon’s and Simpson’sirecaastant when relative abundances

157 are unchanged (Buckland et al. 2005). The optimal gretetye structure artdodiversity

158 indexwere calculated using local gradidr@sedptimization (theNLOPT_LD_ MMA

159 algorithm;Svanberg 2002) in the R package nloptr (Johnson, Xil§¢ct to the constraint that

160 the growth=stage proportions sum to 1 (code is provided in Data S2).

161 We tested thednfluence of sampling dgesand species inclusions on: (1) the precision of the
162 biodiversity,index, 2) theprecision of the optimal growtstage structure, an8)(the shapeof
163 the optimal growthstage structureWe did this by subsampling otrestcase’artificial

164 datasetsinder various scenarios, and conducgngwth-stageoptimizationon each subsampled

165 dataset(Fig. 2,Data S2) We used a resampling procedurgémerate measws®f precision
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species abundance values in each growth stage were resampled with replacement, the mean
abundance per species per growth stage was calculated, and the process was repeated 1000 times.
Growthstageoptimizationwas conducted on each resampled dataset, and thebmdarersity

index andoptimal growthstage structurerere quantified We measured the precision of the
biodiversity.index by calculating the staard deviatiorof values associated with the 1000

iterations. To yield a single measure of precisioorresponding to the optimal growskage

structure we-calculated the mean of the four standard deviations corresponding to each growth
stage. The'workflow is illustrated in Fig. 2 and codedsailablein Data S2yesampling was

undertaken in R using the base package and plyr (Wickham 2011; R Core Team 2016).
Surveydesign scenarios

We began by examining the influence of two aspects of survey dasitpebiodiversity index
andoptimaligrowthstage structurehe total number of sites, and the distribution of sites among
growth stages:=We did this by subsampling thetbaseartificial community datsetsunder

various scenarios.

The least exhaustiv&irvey-desigrscenario we considered was 5 sites pewtrstage, andie
systematically‘increased the number of sites per growth stage fr&MihGncrements of 10,
such that the maximum number of sites considered was thedsestenario oR00 (50 sites x

4 growth stages). We were also interested iregtent to which the distribution of sites among
growth stages.influenced the biodiversity index and optimal gretetlpe structureWe

therefore limited the number of siteseachgrowth stagen turnto 10% of the total number of
sites, anddivided the remaining sites evenly among the other growth stages. In total, we
examined 30 surveglesignscenariosAppendix S1: Table Skix scenarios where the total
number of sites varied (20, 40, 80, 120, 160, 200) x five scenarios where the distributies of sit
among growth stages varied (evenly distributed among growth stages; sites in ea¢bwf the
growth stagefimited to 10% of the tota))

Specieanclusion scenarios

To examine the influence of species inclusiongpimizationresults we systematically varied

the total number of species included in dpéimization routine, while keeping the number of
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sites constant at 50 per growth stage (i.eb#stcasesurveydesign scenario)We began by
including 10 species, and inceeal the number of species in increments of 10 to a maximum of
90. This required a modification to the resampling procedure described above; H® sfrbs
species were randomly selected from the full species pool, and resampling was carried out as
before, to generate 100 resampled datasets per subsath-stageoptimizationwas carried

out on theresulting 10,000 resampled datasets. The precision and shape of optiregalt®on r

were derivedfrom the 10,000 iterations.

Species thatpecializ onparticular growth stageshould have greaterinfluence on
optimizationsresultshan generalist specie$o establisithe influence of growtlstage
specialiationonoptimization resultswe usedthe standardised measuBaJ of Levins’ index
of niche breadthR) to rank specief_evins 1968):

B = 1/2p’]

_(B-1
AT -
Wherep; = proportion of the species’ total abundance in growth $tageln = the total number
of growth stages. This producasirgle value per species rangingr O f a species occurs in
only one grewih stage) to If & species is equally abundantall growth stages). We selected
species that had a Legiindex <0.5rf = 27 in Community An = 13 in Community B), and
used theirrmean abundance per growth stage to determine the category on which they

specializd.

Next, we excluded a species that specialized on each growth stage, iarttirconducted
growth-stageoptimization using the remaining species. \&mnsidered total of 45 scenarios
(Appendix S1: Table Saiine scenarios where the total number of species varied x five scenarios
where specialist speciggre excludedincluding a scenario where no speaciese excluded)).
Preliminary_analysis showed that exclusion of additional specialist species had negligible
influence on, optimization results provided there were more than two specialists per growth stage.
The importance of the number of specialistsgrewth stage is captured in our 45 scenarios
because we limited the number of eaghpwth-stage specialists to two in Community A and one

in Community B. Again, we tested all scenarios on Communities A and B separately
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examined the precision of the biodiversity index, the precision of the optimal gstagh-

structure, and the shape of the optimal grosttige structure.
Testing speciesiclusion scenarios orasestudydata

Finally, wessought to confirm that patterns evident in optetizn resultglerived from artificial
data were-reflected in those derived from empirical data, sepeated our speci@sclusion

tests using a cassudy dataset collected in a 15,0@@+egionof the Otway Ranges,
southeasterAustralia. We did not test surveglesign scenariassing this datsetbecausehe
number of sites per growth stage was limitéesting the speciasclusion scenariomvolved

(1) surveys of groundwelling mammals, birsland vascular plants at sites of differante

since fire, (2)developmenof statistical models relating individual species to time since fire, (3)
splitting model predictions by growth stage, and (4) applying gretefeoptimizationunder

different specieénclusion scenarios.

Our study areawas dominated e forby forestEcological Vegetation Divisio(EVD; Cheal

2010) anccharacteded bysteep terrairf70-350 m above sea level) and a mild climate (mean
annual minimum and maximum temperatures, 10.5 and@8m2ean annual rainfall, 1229 mm)
(Bureau of Meteorology 2016). Vegetatiwas tallopen eucalypt forest supportiigcal yptus
cypellocarpa, E. globulus, E. obliqua andE. radiata, and featuring a diverse ground layer of

forbs andigrass€€heal 2010). The midstory shrub layer ranges from sparse to dense, and
canopy treesskeact0560 m in height. Forby forest is flammable during the warmer months, and
growth stages.are defined as: recently bur+g y@ars since fire), early {40 years), middle (11-

40 years){late (>40 yearIheal 2010; Cohn et al. 2015).

We used.Standard field methods to survey ground-dwelling mammals, diurnal birds@rdrvas
plants at 47°site€s as part of a larger study examining relationships betwasmmdfbiodiversity
(see Sittergt'al. 2014a for a detailed description of the study desidimespread of sites along
the timesincefire gradient, and the corresponding number of sites per growth stflgeted

the spatial coverage of each category at the time of field surveggdsQvere in the recently
burnt growth stage, 5 early, 11 middle, 21 late). Sites consisted ofra ff@@secpositioned
along arandom bearing, arall were surveyed in both 2010 and 2011. Small mamrRatsué

spp. andAntechinus spp.) were surveyed at each siigh aluminium box traps, and larger

This article is protected by copyright. All rights reserved



251
252
253
254
255
256
257
258
259
260

261
262
263
264
265
266
267
268
269
270
271
272

273
274
275
276
277
278
279
280

grounddwelling mammals were surveyed with camera traps (see &whr(2015) for details)
Diurnal birds were surveyed using 20-minute point counts undertaken at dawn a8itdesk
et al. 2014a), and veslar plants were surveyed im# quadrats placed atr intervals along
transects (33 quadragber site). Fauna are oftethe focus of growthstageoptimization (Kelly et
al. 2015; Hale.et al. 201,6and our artificial communitiesere constructed tepresent typical
faunal datasetsHowever, data from vertebrates and vascular plants have been used in
combination’(Di Stefano et al. 2013), amefewe use both flora and faurtiatato generate a
large enouglspecies pool toallow us totest the speciemclusion scenarios. Owasestudy
dataset contained 1@peciesf groundedwelling mammal species, 25 bird species and 76

vascular plantsspeciébata S3)

We used generaed additive mixed models (GAMMSs; Wood 2006 e&iablish relationships
between species’ occurrence and time since fire. GAMMs are a flexiblpanametric form of
regression thatae smootimg functions to model nolirear relationships. Study sites were
spatially clustered in 16Ba landscape sampling units, so landscape and site were specified as
random effects to accommodate variance associated with the nestedness of thesgindy d
(Zuur et.al2009) Time since fire was specified as a Aimear smoothed term, and the degree
of smoothing was calculated within the mofl#lng procedurgWood 2006). We usespecies’
occurrence'(presenabsencejlataas the response varialilecause most species occurred at
low prevalence Models were used to produce predicted probabilities of occurrence for each
species at equidistant predictor levels aldimg timesincefire gradient, and probabilities of
occurrence were then split by growdtage category. GAMMSs were run in R using the package
gamm4(Wood.and Scheipl 2014).

Subsequent stepsarallelecthose applied to the artificial datas@®gy. 2). Hrst, we

sysematically varied the total number of species included imptienization routinglwe
considered five scenarios: 20 species, 40, 60, 80 andthéf)we used the standardised
measure ofdzevirisndex of niche breadth to measure species’ grastaigiespecialiation

(Levins 1968)Data S3) Werandomlyselecteda specialist specigsergrowth stageshrubby
fireweed(Senecio minimus; recently burnt specialist (standardised Levins’ ind&) & 0.28);
swad tussockgrass(Poa ensiformis; middle specialistBa = 0.54 (a relatively high standardised
Levin, but the most specialist species in the dajadetpst starwor{Sellaria flaccida; late
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281 specialistBa = 0.17)). We did not identify any early specialists, and therefore tested a total of
282 20 speciesnclusion scenarios on the castedy dataset (five scenarios where the total number
283 of species varied x four scenarios where specialist species were excludedngnaladenario

284  where no species were excluded)).

285 Results

286 Surveydesign scenarios

287 Reducing the total number of sites relative to the most exhaustive samphiaga¢200 sites)
288 resulted in a/decrease in the precision of the biodiversity indexahyingthe distribution of

289 sites among growth stagkad little influence (Fig. )3 Patterns were consistent in communities
290 A and B; thegreatest drop in thgrecision of théiodiversity indexoccurred wherthe total

291 number ofssites'was 40 or fewer, and wHanrumber of sites in the late growth stage was
292 limited to 10%vof the total. Although patterassociated with thevo communitiesvere

293 consistentthe precision of biodiversity indices associated with Communitiaé

294  approximately doubléhe precisiorassociated with Community B under all survey-design

295 scenariogFign3).

296 The survey-design scenarios had little influence on the precisioshapedof the optimal growth

297 stage structure fagither communityvhen the total number of sites we® or morg(Fig. 3,

298 Appendix S2;Fig. S1 and Fig. S2). Precision associated with the mean proportional coverage of
299 the early growth stage presented an exception; it was low relative to all other growth stages

300 under all seenarios. When the total number of site2@akmiting the number of sites in the

301 late growth stage resulted in a small decrease in its proportional coverage, and consequently a
302 change in‘the shape of the optimal grosthge structure. Limiting the number of sites in other

303 growth stages had a negligible influence on the shape of the optimal gtagthstructure when

304 there were 20ssites, although precision was generally poor for both communities.
305 Specieanclusion scenarios
306 For both communities, the precision of the biodiversity index and olpgiroarth stage structure

307 was very poor if fewer tharD=species were included, and it steadily improved as the number of
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species increased (Fig. 4hhe speciesnclusion scenarios had little influence on the shape of
the optimal growthstage structure faCommunity A (Appendix S2, Fig. S3he mean

proportions of each growth stage were approximately equal irrespective of thmeitokeer of
species and exclusion of specialist species. However, in Commuthieydbape of the optimal
growth-stage.structure differed according to the species exclusionAggtsndix S2, Fig. S4).

For example, exclusion of a species that speeidlan the early growth stage resulted in a
decrease in'the proportional coverage ofeay categoryfrom 0.2 to approximately zero.
Changes in‘the"shape of the optimal grostdge structure arising from the exclusion of species

thatspecializd on other growth stages were less pronounced.

The precision of theiodiversity index an@ptimal growthstage structure associatedh the
casestudy.dataset also improved markedly as the number of species iniclodsged (Figh).
Further, the.shape of the optimal grovgthge structure changed whmartainspecialist species
were excludeqdAppendix S2, Fig. S5exclusion of a species that speciatizon the middle
growth stage (sword tussogkas$ resulted in a reduction in the proportional coverage of both
the early and middle growth stages to zero. Exclusion of a redmmthy-specialis{shrubby
fireweed.or.a.late specialigforest starwojthad a comparatively minor influence e shape

of the optimal'growtlstage structure.
Discussion

Growth stageoptimization provides an appealing basis for ecological fire managefbent
Stefano et'al=2013; DELWP 2015; Kelly et al. 2015), but the influences of survey design and
input data omesultsare unknown. Ouresultsshowed that the precision of the biodiversity
index andoptimal growth stage structure for a given community increased with the number of
sites and the number of species included in input data, but that gains in pressemned

beyond approximaty 80 sites and 80 specieshe distribution of sites among growth stages
and exclusien‘of specialist species were less influential provided that input data comprised
multiple specialists per growth stage. We discuss the insights arising from thiarvdatke

implications forecologicalfire management.

Unsurprisingly, our results showed that tmeqgsionof the biodiversity index and optimal

growth stage structuiacreased withboththe total number of sites and ttuéal number of
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species Further, he precision associated witle mean proportional coverageaoparticular

growth stage reflectethe number of species that speciadizon that growth stage. Our findings
indicate that gains in precision lessen beyond approximately 80 sites, afeaviraites may be
sufficient for reasonably precisgtimization results Importantly, if the precision associated

with simulatedoptimization results is poor, the optimal growth stage structure derived from real
datamay netrepresenspecies™true’ requirements.

While pregision increased with the total number of sites, the distribution of sites among growth
stages wasrlesgiportant. Limiting the number of sites in a growth stage to 10% of thehtadal
little influeneeson optimiation resllts except whethere were only 20 sites itotal, when the

shape of the optimal growth stage structure changed slighiiig is reassuringinceit is rarely
possible to.samplgrowth stages evenlyecausdimited spatialcoverage obne or more
categoriegxissata giventime. In general, survey designs comprising unevenly sampled
growth stages should yield robust conservation taggelsng as thotal rumber of sites is

adequate.

Similarly, iIncomplete sampling of specigsa @mmunityis unlikely to have a major influence

on the shape and precision of the optimal growth stage structure amlessluded species is the
only specialist on a particular growth stageather than feeding biodiversity survey data directly
into theblack boxof growth-stageoptimization we recommend examining relationships

between individual species and time since fire as a preliminary step. If two or more specialists
are identiied"per growth stag@ptimization resultare likely to be fairly insnsitive to the

addition orremoval of a species from input datée emphasize that specialization spans a
continuum and although the stronger the degree of specialization the greater sfemese

onresults, our casstudy data demonstrated thataker specialists can also be influential.

Although exclusion of specialist species did not have a marked influence on the shape or
precision of the optimal growtbtage structure, we identifistieadyincreases in precision with
increases in the total mberof speciesncluded in input data. A high level of uncertainty
surroundedptimization results derived from fewer than 50 species, and precision increased
quite rapidly until aroun@0 species were included. These findings underscore the fact that the
growth-stageoptimizationapproach was developed as a multispecies conservation solution and

will be lessappropriate for restricted subsets of species. Our results support thé dew o

This article is protected by copyright. All rights reserved



367
368
369
370
371

372
373
374
375
376
377
378

379
380
381
382
383
384
385
386
387
388
389
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391
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395
396

Stefano et ali2013)that as many species from as mémonomic groups as possible should be
used in its application. ldeally, groups such as reptiles, invertebrates andhiourdilse
incorporated, as well as soil seedbank data, which can show large differences in species
composition and fire responses relative to aboveground vascular plant (Wills ahg(R&a
Lewis et al..2012; Di Stefano et al. 2013; Chick et al. 2016).

In capturing the growtlstage requirements of a wide range of species, the needs of rare species
maybe accommodated However, growtlstageoptimization should not be used as a broad-

bush conservation solution in isolation of other metl{@isStefano et al. 2013), and we
highlight thesimportance of identifying (a) highly specialist species and (b) species of
conservation concerrNeverthelesghe capacityf growth stag®ptimizationto accommodate

data frommultiple taxa presents a madwance over alternative approac(@karke 2008;

Driscoll et.al=2010; Di Stefano et al. 2013; Kelly et al. 2015).

In general;.the influences of speciaslusion scenarios ooptimization results wereansistent
among thesartificial communities and cadedy dataindicating that our simulatiereflected

reality. However, optimiation results derived fromommunities comprising a large number of
species that respond goowth stage, such as faunal comnities typical oforest systems in the
souttwesermUSA (e.g. Kalieset al. 2010),are likely to be relatively insensitive to species
inclusions. A greater degree of caution should be applied if a smaller proportion ekspeci
respond to.growth stagén severakoutheasterAustralian ecosystems, for example, a relatively
low proportionwof animal species respond to growth stage or time sia¢@/atson et al. 2012,
Sitters et alw2014b; Swan et al. 2014)oreover, species’ responses can be idiosyncratic and
site-specific (Driscoll and Hendere®008; Nimmo et al. 2014)The sensitivity of optimization
results to species inclusions could be lessened through the inclusion of a widesfrang
taxonomic groupslf a relatively low proportion of species respond to growth stage, it is
essentiathatunderlying survey datare sound because erroneous observations will generate
unreliableoptimization results For example, we did not conduct our analyses under scenarios of
differing detection probabilities, and instead assumed that species were detected when present;
any variation in detection probability among species and growth stages is likegdiate to

bias in conservation targets (e.g. MacKenzie et al. 2002). We recommend followingl gene
advice regarding design of landscagoale biodiversity survey8uckland et al. 2012) and in
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397 particular, survey design showdtlow measurement of the detection probability for each species
398 unless it is possible to count all indivala of all species at each siteddionally, we advocate
399 use of a resampling procedure to provide a measure of the precision associabgdimization

400 results

401 A final cayeat is that robust conservation targets rely on ecologically nggalngrowthstage

402 delineations that capture major stages of vegetation growth and developnreiregibs

403 Stefano etal. 2013; Kelly et al. 2015). cases where growth stage delineations are unknown,
404 suitable categories could be identified using a cluster anélsiSarigal et al. 2000)The

405 appropriatesnumber of growth stages is likely to vary among vegetation types ams ragi

406 well as taxonomic groups. For example, birds have been shown to respond to coarse

407 successional.groupings comprising only two growth st@fmgdor et al. 2012; Sitters et al.

408 2014a). If.different taxonomic groups in the same system respond to different numbers of

409 growth stages, we suggest using the largest number of growth stages recognized by a group.
410 Conclugigns

411 Growth-stageoptimization provides a tractable method for linking fire management objectives
412  with multispeeies conservation outcomes, but the precidioptimization resultslepends

413 critically on choices regarding input datBased on our analysige recommend thaurvey
414 designdorgpreciseconservatiorniargets would idealljnvolve at leastB80sites, andncludeat
415 least80species.More sites and more species will yield increasingly reliable conservation
416 targets but.fewer might be adequate in some cagdwe distribution of sites among growth
417 stagess lessmportant, and exclusion gpecies is unlikely to have a major influereresults,
418 irrespectiveof'their growtltage specializatioms long aseveral species speciainn each
419 growth stage.Departures from aideal survey design are likely to be less critical if a large
420 proportion of the species in a community respantinbe since fire. We emphasise

421 importance of;examining responses of individual species to time since fire, andegsimgpling
422  to define‘the precision associated with conservation targets. Togmthegsults form a

423 reproducible guide to desigmjrecological surveys that yield precise conservation targets
424  through growthstage optimizationand help to sustain biodiversity in fipgene environments.
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Table 1. Ereguencies of species in Communities A and B that did not respond totenkrsj
or exhibited‘poesitive, negative or unimodal responses. Functionsaeardgter ranges
corresponding to each response shape are provideda&e&for a full list of species and

their responses.

No response Positive linear Negative linear  Unimodal
Frequency in 30 26 26 16
Community A
Frequency in 66 16 8 10
Community' B
Function y=c¢ y=ax+c y=ax+c y= ax’ + bx
Range ofa NA 0.00120.0053 -0.00606- -0.00136

-0.0013 -0.00009

Range ob NA NA NA 0.0050.031
Range ot 0.120.94 -0.220.49 0.030.79 NA
Number:of 1 2 2 2

parameters
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Figure 1. Examples of relationships betwettie abundance aifrtificial speciesaand time since
fire. Gray vertical lines delineate growstage categories: recently burnt (R3 time-sincefire
units), early (E 3-12 units), middle (M; 12-4Qunits), late (L; 40-100 unit3.

Figure 2= Waorkflow for testing the influence of survgsign or speciesclusion scenarios on
(1) the precision of the biodiversity index, (2) the precision of the opgro&ith stage structure

and (3) the shape of the optimal growth stage structure.

Figure 3. "Fhetinfluence of survalesign scenarios (the total number of sites, and the

distribution of sites among growth stages) on the precision of the biodiversity irdleptamal
growth stagestructure for communities A and B. Precision is measured by thedstandar
deviation of‘results derived from 1,000 iteratioh$A indicates that sites were not limited to

10% of the total in any growth stage, and numbers of sites per growth sieegnwal.

Figure 4. (The influence of species-inclusion scenarios (the total number of spedidse
exclusion ‘'of specialist species) on the precision of the biodiversity index and laptmth
stage structure for communities A and Brecision is measured by the standard deviation of

results derived.from 10,000 iterations (100 resamples per 100 species subsets).

Figure 5. Fhe influence of species-inclusion scenarios (the total number of spedidse
exclusion of specialist species) on the precision of the biodiversity index and laptnvth
stage structure for groustivelling mammals, birds and vascular plants in forby forest.
Precision issmeasured by the standard deviation of results derived from 10,00ih&€d00

resamplesper100 species subsets).
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