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Abstract: Modelsareessentiatoolsin understandingpopulationdynamicsand deriving managementnea-
suresin the context of populationviability analysis. However, very often the questionariseswhich type of
modelarchitecturas appropriatefor a givensituation. Mostly this situationis characterizedy a shortageof
datafor modelparameterizationIn this study an approachis presentedo overcomethis lack of real-world
databy usingthe outputof long-termsimulationrunsof speci ¢ individual-basednodels.Thus,it is possible
to evaluatethe quality of macroscopienodelpredictions.Furthermorethis settingallows to comparetotally
differenttypesof metapopulatiormodels. As an exemplarycasestudy this approachis appliedto generic
grasshoppespeciesn highly fragmentechabitatlandscapesassessingn the onehandthe well-known inci-
dencefunction modelandon the otherhanda grid-basedapproach.Theresultsshawv that predictionsof both
modelshave substantiabiases.Nonetheless;tecommendationsanbe derived how to obtainmoreaccurate
modelestimatesFinally, the patch-matrixnodelprovesto be moreadequatéhanthe grid-basedapproach.
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1. INTRODUCTION

In the last decades,a variety of modelling ap-
proachesasbeendevelopedin orderto understand
populationdynamicsaswell asto be ableto derive
appropriatananagemenmneasure the context of
populatiorviability analysis.Thesemodelsdifferin
the dggreein which they take spacetime andstate
variablesinto account. For example,thereare or-
dinary and partial differential equations (integro-)
differenceand integrodifferential equations cellu-
lar automatagcoupledmaplattices,interactingpar
ticle systemsor individual-basednodels(e.g., see
Czaran[1998] andreferencesherein).

Hence, modelleresare often confrontedwith the
question,which conceptualapproachseemsto be
mostappropriatefor a certainproblem. This paper
is concernedvith a comparisorbetweenthe well-

known "practical modelof metapopulatiordynam-
ics” of Hanski[1994] and a grid-basedapproach
proposedby Settele[1998]. Both are incidence
functionmodels(IFMs), which canrelatively easily
be parameterizeaith the species'occupanyg data.
They differ in the spatialrepresentationf habitats

(cf. Figurel). In the Hanskimodel, which shall
be referredto as patch-matrixmodel (PMM), the
speciess assumedo inhabitcircularpatchef dif-
ferentsizeswithin a hostilematrix. In distinctionto
the spatialimplicit model of Levins [1969] andto
spatiallyexplicit models,the PMM is calleda spa-
tially realisticmodel[Hanski,1999]. ThePMM has
frequentlybeenusedin populationviability analy-
sesof endangeredpeciegseeHanski[2001] and
referencegherein). In Setteles approach,which
shall be referredto as grid-basedmodel (GBM),
spaceis sub-diided into equally sized cells with
differentcarrying capacities.Eachcell is assumed
to be a possiblehabitatwhich may be occupiedby
the speciesPleasenotethe differentiationbetween
the generalhabitat,patch(PMM) and cell (GBM)
throughouthis paper

Thereis anincreasingdemandor grid-basednod-
els, sincedataon thedistribution of variousspecies
areoftenavailablein agrid-basedormat,asthiscan
easilybehandled(for examplewith Geographidn-
formation Systems).RegardingSetteles approach,
however, thereis someseverescepticismaboutthe



Figure 1. Representatioof habitatcon gurations
(a) in the patchmatrix model (b) andin the grid-
basedapproachc). Habitatsarecolouredwith grey
valuescorrespondingo their averageoccupancies.

biological realismin the underlying assumptions,
aswill be pointedout in the model descriptionin
the following section. The aim of this paperis
to demonstratéhe applicationof a generalmethod
for the comparisorof conceptuallydifferentmod-
elling approachesEspeciallyin conseration biol-
ogy, this is of increasinginterest,as generallylit-
tle is known aboutthe speciesunderfocus and of-
ten few quantitatve dataare available. This study
makesuseof anapproachwhich hasrecentlybeen
presentedby Hilker[2002], cf. Figure2. As thereis
alack of real-world dataof sufcient resolution,an
individual-basednodel (IBM) is usedto simulate
comple populationdynamicsof "virtual”, generic
species. The simulation runs generateextensve
long-termdatasets.Ontheonehand,the PMM and
the GBM, which are both highly aggregatedmod-
els, cannow be parameterizedavith variousshort-
term datasamples. In this study snapshotiataof
two or ve consecutie yearsare usedasit is typ-
ical for eld campagains.On the otherhand, the
"real” parametewaluesdescribinghe metapopula-
tions dynamicscan be extracteddirectly from the
full amountof IBM-data(which consistn thisstudy
of 400years).Thus,oneobtainsparameteestima-
tors from the highly aggregyatedmodels(basedon
short-termsnapshotdata)and "r eal” valuesfrom
thespeci c model(basedn long-termdata),which
canbecomparedvith eachother, especiallywith re-
spectto the (dis-)adwantage®f differentspacerep-
resentation.

This paperis organizedasfollows. Firstly, all three
models (PMM, GBM, IBM) are introduced. As
a resultof the PMM and GBM, the estimatorsof
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Figure?2. An IBM simulatesaspeciesdynamicsn

fragmentechabitats. From the availablelong-term
data,the "real” parametewvaluescanbe extracted.
With several snapshotdata both the patch-matrix
and the grid-basedFM are parameterized.Their
parameteestimatorsanthenbecomparedvith the
"real” values.

themetapopulatiomlynamicparametersreyielded
(Subsection’Parameterestimators”). The "real”
valuesare determinedeachfrom the full amount
of IBM-dataincludingdispersakvents(Subsection
"Extraction of 'real' values”). Pleasenote, that all
settingsof the simulatedspecieshabitatcon gura-
tion andsnapshosamplingarethesameasin Hilk er
[2002]. Next, theresultsare givenwith a focuson
the accurag of the parameteestimators. Finally,
potentialreasondor the resultingdeviationsin the
estimatorsarediscussed.

2. INCIDENCE FUNCTION MODELS (IFMS)

IFMs rely on presence-absendataof aspeciesn a
setof habitats.In typical eld campaignstheseoc-
cupang dataarecollectedoverasingleor (better)a
few generationswhich have not to be consecutie.
Becauseof that, thesedataare often referredto as
patchoccupang patternor snapshotlata. Hence-
forth, thelatternotationwill beusedthroughouthis
paper The obsered snapshotlataare assumedo
representhe quasi-equilibriumof metapopulation
dynamics.Themodellingobjectiveisto t theinci-
dencefunctionto the obsened snapshotlata,thus
obtainingmetapopulatiordynamic parameteesti-
mators. Oncetheseparametersre estimated the
IFMs canbe usedto predict habitat-speci ccolo-
nizationandextinction probabilitesfor a particular
habitatcon guration. Thus,occupanciestransient
dynamicsandregional populationpersistencenay
bepredicted.

If habitati is extinct (respectiely occupied),t has
the colonizationprobabilityC; (respectiely extinc-
tion probability E;) of becomingoccupied(respec-
tively extinct) at the next time step. Thesetransi-



tionsareassumedo occuratrandomfor eachhabi-
tat. The probability that habitati will be occupied
tendstowardthe stationaryprobability
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which is calledtheincidenceandassumes quasi-
steady state of metapopulationdynamics condi-
tional on non-metapopulatioaxtinction. In (1), the
rescueeffectis included.MathematicallylFMs are
time homogeneousdiscretetime rst order nite
stateMarkov chains.

2.1 Patch-matrix model (PMM)

The PMM is describedin detail by Hanski
[1994, 1999], or seereferencegherein. The ex-
tinction probability E; is assumedo vary with the
patchareaA; (in ha):Ei min egA * 1 , whereep
andx areextinction parametersiNext, the coloniza-

tion probability C; is approximatedy the number
2

of immigrantsM; arriving at patchi: C M2—|y2
wherey is a colonizationparameter M; itself de-
pendson the connecWity S throughS bM;
ba; ipjAjexp ad ,with dij beingthedistance
betweerpatches andj (in km), p; therelative fre-
queng of patchoccupang. b is assumedo equal
unity anda is amigrationparameter

Finally, onecancombinethe parametery  yb !
ande ey 2 andthenincorporateC; andE; in (1).
Note that only patcheswith A, Ao : e * are
considereddueto theminimum-operatom the ex-
tinction probability. Ag is thecritical patchareabe-
low whichtheextinction probability E; equalaunity.

2.2 Grid-based model (GBM)

The GBM hasbeensuggestedy Settele[1998].
Spacss representedly a grid, whosecells may ei-
therbe occupiedby local populationsor not. Since
all cellsareequallysized thecarryingcapacitycan-
not beapproximatedy theareaasin thePMM. In-
steadthe extinction probabilityis describedy

E ep kK (2

wherek is an extinction parameteand K; a mea-
surefor the carryingcapacity K; is setto therela-
tive frequeny p; with which the cell is occupiedn
the snapshotiata. In the case thata cell is always
unoccupiecandonecanexcludethatit is hostileto
thespeciespneassignghe minimumcapacityof all
cellswhich have beenoccupiedatleastonce.

The colonizationprobabilityis alongtheline of the
PMM
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with p beinga colonizationparameter The mean
numberof immigrantsis approximatedby M;

& iMij with
Mij  piKjexp  rrij jij (4)
Thetermp;K; isameasuréor thepopulationakun-
dancein cell j. Thefractionof individualsdispers-
ing the Euclideandistancer;j (in km) betweenthe
sourcecell j andthetargetcell i is determinedby
the migration parameter . j i; %arctanTDij is
the maximumangle of a circle-sgmentfrom the
midpointof thesourcepatchto theendsof thetarget
patch,cf. Figurel. D is thecell length.

Principally, the GBM resembleghe PMM in be-
ing a stochastigatchoccupang modelbasedon a
regressionmodel. However, by dividing the land-
scapein a grid, local populationsinhabiting an
areagreaterthana single cell are also subdvided.
Hence the assumptiorof panmixiafor local popu-
lations(patches)s relaxed. Or, contrariwise fwo or
moresmallhabitatsmight be subsumedh onecell.

2.3 Parameter estimators

The PMM as well as the GBM are character
ized by aninitially unknavn setof species-speci c
metapopulationdynamic parameteryy a e x
or q r k u, respectiely. These are ob-
tained by tting (1) to the snapshotdata. Us-
ing maximumpseudo-lilkelihoodregressionthedif-
ference betweenthe snapshotdata p; (approxi-
mating the quasi-steadystate of the metapopula-
tion) andthe model-predictedncidences); is min-
imized. In the pseudo-liklihoodfunction, a bino-
mial distribution of the species'occurencess as-
sumed.Dealingwith an optimizationproblem,the
permutationterm can be neglected and the like-
lihood be log-transformed,thus yielding | q

a; pilog J 1 plogl J .Formaximiza-
tion of this function, the simulatedannealingalgo-
rithm is used,becausaét is ableto escapdrom lo-
cal optimain the searchspaceand nd global so-
lutions. Note, that the PMM-parametersy and
y canbe separatedrom e by de ning Ag asthe
areaof thesmallesbccupiechabitatpatch(eg  Af,

y e €p).

3. SIMULATION OF LONG-TERM DATA
3.1 Individual-basedmodel (IBM)

The IBM simulatesstochasticalljthe metapopula-
tion dynamicsof genericbushcrickets(or ary simi-
lar invertebratespecies)with a one-yearlife-cycle



(egg — larva — adult) and non-overlappinggener
ationsin a highly fragmented,realistic landscape
with a binary habitatdistinction (habitatvs. non-
habitat). Larvae and adultsmove with certaindis-
tancesandturninganglesjn thematrixmuchlonger
and more straight-forward than within the habi-
tat. Adults have a detectionradiusfor nding mat-
ing partnersin their vicinity (Allee effect). The
numberof eggs per femaleis Poisson-distribted
andthe numberof propagulesadditionallydepends
on available resourceqgdensitydependence).The
number of available resourcesuctuates because
of overlappingocal catastrophefocally correlated
ervironmental uctations, but globalstochasticity).

For more details, pleaseseeHilker [2002], where
the emegenceof metapopulatiordynamicsfrom
theindividual behaiour andthe patchydistribution
of habitatshasbeendemonstrated.

3.2 Extraction of "r eal” parameter values

A methodto extractthe IFMs-parameterfrom the
long-termIBM datahasbeendevelopedin Hilker
[2002]. Here, it shallbefocusedon the methodre-
gardingthe GBM (whichis principallyanalogouso
thePMM). Contraryto themaximum-likelihoodap-
proachfor yielding the parametergstimatorgSub-
section2.3),eachof therealvaluescanbeextracted
by tting themechanistidunctionsof theGBM, i.e.
Eq.s(2), (3), (4), to the long-termIBM-data. The
IBM is run 200yearsto let the metapopulatiordly-
namicsreachits quasi-equilibrium. Then, further
400 yearsare simulated,in which the occupancies
of eachcell andthusthe transitionshetweerbeing
occupiedor emptyarerecorded.

Let NK denotethe numberof transitionsof cell i
from statek to| (k1 1: cell occupiedk | O:
empty). Thenoneobtainsaslik elihoodfunctionfor
therecordedransitons?, 1 G N’V E
EGMN’1 E EG M. Now, G andE canbe
approximatedoy maximizing P, (which hasbeen
done with the FletcherReeves conjugategradient
algorithm[Ueberhuber1997]).

Oncethe extinction andthe colonizationprobabil-
ities of eachcell are known, the model equations
canbe tted to themin nonlinearleast-squarets,
thusyielding the unknovn parametesetq. Firstly,
the extinction parameterk can be extractedfrom
the relationshipK; — E;, cf. (2). Next, consider
the migrationparameter . Transforming(4) yields

pi'\éliijj — ep rrij . Sincethevaluesof theexpo-
nentialfunction for negative algumentsare always
in the unit interval, the left-handside is scaledby

Table 1. Mean"real” parametewalues(standard
deviations)of the GBM.

Species| r u k

1 283 78 008 009 209 190
2 258 89 010 007 21 025
3 204 97 010 005 14 007

dividing throughthe maximumnumberof recorded

. . ) Mij B .

mmgrants.m exp rrij . Now, this
equationcanbe tted aswell. Having determined
r, the cell connectvities can be computed,which
allowsto t (3),thus nally obtainingthecoloniza-

tion parametefL.

4. SIMULATIONS

With the IBM, three different specieshave been
simulatedn varying habitatcon gurations.Table1
shavs the meanvaluesof the "real” GBM parame-
ter valuesextractedfrom the long-termIBM data.
Since the parametersare assumedo be species-
speci ¢, they areaveragedover all habitatcon gu-
rationsaswell asreplicationsIn all simulationsthe
cell lengthof the GBM hasbeensettoD 100m.

How accurateandprecisearethe parameteestima-
tors of the GBM parameterizedvith snapshotiata
of two and ve consecutie years?In Table 2, the
relative errorsand variation coefcients are given,
which aremeasure$or the accuray andthe preci-
sion. If the relative error equalszero,this meansa
perfectmatch. If it is positive/neyative, the param-
eteris over/underestimatediespectiely. As one
caneasilysee thereareenormoudleviationsin the
colonizationparametep. By usingmoreextensie
shapshotlatawith ve years,thesedeviationsare
reducedput they arestill huge.

In mary studieswhich malke useof the PMM, the
migration parameteris estimatedby independent
data(cf. thesurwey in Hanski[1999]). Analogously
considerthesituationin which thereal” valueof r
is known. Thenthe dimensionof the searchspace
in the parameteestimationprocesss loweredfrom
threeto two. Theresultsarelistedin Table3. For
shapshotlataconsistingof two yearsthe coloniza-
tion parameteq is still heavily overestimatedBut
with ve years the extremedeviationsvanish. The
sametendeng holdsfor the extinction parametek.
With two years,it is obviously overestimatedor
two of the threespecies. Using ve years,k can
be determinednoreaccurately

In the lower rows of Table 2 and 3, the PMM-



Table 2. Relative errors[variationcoefcients] of the parameteestimatorsUpperrow: GBM, lower row: PMM.

Sp. 2years Syears 2years Syears 2years 5years 2years S5years
r 1] k
1 055035 072020 | 4030 1301 1593 943 023017 059 007
2 085 002 091001 | 3903 554 1962 337 437039 224025
3 085001 083021 | 3694 290 1488 557 629 042 326074
a y X €
1 037017 042019 97 81 126 129 117044 089038 068020 050028
2 026 011 024 009 3750 30130 120037 126 040 081017 083012
3 033013 033011 8968 87 361 171035 169 041 093005 093006

Table 3. Relatve errors[variation coefcients] of the parameteestimatorgresultingfrom a 2-dimensionakstimation

processwith given’real” migrationparametevalues.Upperrow: GBM, lower row: PMM.

Species

2years

5years

2years

5years
k

2years

N

777 9617
770 1461
430 1142

y

291415
011072
112141

021025
511317
617 390

067 009
112 040
191075

S5years

N

039104
068 051
248 091

046 079
092 046
243075

108 050
134031
159 030

100035
143029
160 022

061 022
087 008
092 004

060 022
089 006
093003

estimatorsare consideredaswell. Note, thatthere
is onemoreextinction parametein the PMM. Only
in the caseof using ve yearsandwith a predeter
minedmigrationparameterthe GBM yields devia-
tion rangessimilarto thoseof the PMM. In all other
settingsthe PMM is moreaccurate.

5. DiscussioN

Thereareenormoudeviationsin the estimatorof
the GBM. They decreaseif the migrationparame-
teris predeterminedrom independentiata. Thatis
not surprising,becausehe dimensionof the search
spaceis reduced.However, the usageof the GBM
seemdo beapplicableonly if themigrationparam-
eteris known. Moreover, the GBM provesto be
relatively accurateonly in the casewhen ve snap-
shotyearsare available. This canbe explainedas
follows. With two snasphoyears,the relative fre-
quengy of occupang p; may eitherbe 0.0, 0.5 or
1.0. Remembethe usageof a minimum carrying
capacity which will bein this caseatleast 05.
Hence, thereis an implicit tendeng to homoge-
nizationof spacepecausaearlyall cellsarepossi-
ble habitats.Using ve snapshoyears,insteadthe
minimum carryingcapacitycanbeaslow as0.2.

Sofartheaccurayg of the estimatorshasbeencon-
sidered. What happensijf the estimatorsare used
in the IFM simulationprocess?Incorporatingthe
parametersnto the model equations,i.e. in the
caseof GBM (2) and(3), the predictedincidences
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Figure3. Contourplotsof theresidualsn J; (left: GBM,
right: PMM). White meansa perfectmatch,andeachcon-
tourline/ darker shadingcorrespondso anincreasen the
residualof 0.1. Detailsareexplainedin thetext. Notethe
differentscalingof the ordinateaxes,i.e. the connectvi-
tiesin the senseof the PMM andGBM.



Ji canbe calculatedasa function of the parameter
estimatorsM; andK;. If this processis repeated
with the "real” values,the residualdifferencese-
tweenestimatedncidencescanbe calculated(Fig-
ure 3). Thesemay be takenasa good measureor
the relevanceof errorsin parameteestimators.In
the PMM the patchareashave nearlyno in uence
on the residuals. They are determinedby the con-
nectiity. In contrasttheresidualsn the GBM are
not only in uenced by the connectity, but much
moreby the carryingcapacities.

Settele[1998] originally proposednly to consider
cells which may be potential habitat. Moreover,
he suggestedo approximateK; by the meannum-
ber of obsered individuals. In this study the rel-
ative occupang frequeng hasbeenused,in order

to ensurethe comparabilityof the IFM-approaches.

When extracting the "real” value of the GBM ex-
tinction parametersye scalecthe numberof immi-
grantsin orderto obtaina rst approximation.This
might be a problem,sincethe maximumnumberof
recordedmmigrantsdepend®nthelandscapeAl-
ternatively, onecouldusefor the t asecondextinc-
tion parametefnotethatthenthenumberof param-
eterswould be equalto the PMM). However, these
modi cations couldresole the essentiatleviations
(but muchmore eld work would benecessary).

The cell length hasbeenchosenin the size of the
smallesthabitat. A systematidnvestigationof the
in uence of the cell lengthwould be of interest,of
course Nonethelesghegreatdeviationsin theesti-
matorselucidateseseredisagreements theunder
lying assumptions.

6. CONCLUSIONS

Testing the quality of metapopulationmodelsis
generallya dif cult issue,becausdittle or evenno
dataare available. Highly speci c modelscanbe
usedto substitutemissing”real-world” data. This
allows notonly to parameterizainglemodels.Ad-
ditionally, differentmodelarchitecturesanbecom-
pared. This hasexemplarily beendemonstratedo
a grid-basedapproachvs. the well-known patch-
matrix model.

It shows, thatthe GBM leadsto worrying misesti-
mations. However, conditionshave beenderived,

underwhich the accurag is in the samerangeas
for the PMM. Apartfrom the possibledissectiorof

natural habitats,the resultsof this study indicate
anothershortcomingof the grid-basedapproach,
namelythatthereseemsdo betheneedof aprofound
numberof snapshoyearsto determinethe carrying

capacityof acell. Regardingthe PMM, theamount
of snapshoyearshasbeenconsideredn the contet
whetherthe metapopulatiorhasreachedts quasi-
equilibrium[Moilanen,2000].

Concerningmore generalaspectsjn mary studies
hasbeenstateda gapbetweersimple,highly aggre-
gatedmodelson the onehandandspeci ¢ models
on the other hand. The former are often analyti-
cally tractabledue to their rathergeneralassump-
tions about populationdynamics(which are often
simplyignored).Thusbeingparametessparsethey
allow to give insightinto elementaryrelationships
of statevariables.Onthe otherhand,speci ¢ mod-
elsneeda lot of informationaboutthe species'ife
cycle. This paperis situatedat the edgeof these
model types, utilizing the differentconceptuabp-
proachesandtrying to make themmore compara-
ble.
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