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Abstract: Modelsareessentialtools in understandingpopulationdynamicsandderiving managementmea-
suresin the context of populationviability analysis. However, very often the questionariseswhich type of
modelarchitectureis appropriatefor a givensituation.Mostly this situationis characterizedby a shortageof
datafor modelparameterization.In this study, an approachis presentedto overcomethis lack of real-world
databy usingtheoutputof long-termsimulationrunsof speci�c individual-basedmodels.Thus,it is possible
to evaluatethequality of macroscopicmodelpredictions.Furthermore,this settingallows to comparetotally
different typesof metapopulationmodels. As an exemplarycasestudy, this approachis appliedto generic
grasshopperspeciesin highly fragmentedhabitatlandscapes,assessingon theonehandthewell-known inci-
dencefunctionmodelandon theotherhanda grid-basedapproach.Theresultsshow thatpredictionsof both
modelshave substantialbiases.Nonetheless,recommendationscanbe derived how to obtainmoreaccurate
modelestimates.Finally, thepatch-matrixmodelprovesto bemoreadequatethanthegrid-basedapproach.
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1. I NTRODUCTI ON

In the last decades,a variety of modelling ap-
proacheshasbeendevelopedin orderto understand
populationdynamicsaswell asto beableto derive
appropriatemanagementmeasuresin thecontext of
populationviability analysis.Thesemodelsdiffer in
thedegreein which they take space,time andstate
variablesinto account. For example,thereareor-
dinary andpartial differentialequations,(integro-)
differenceand integrodifferentialequations,cellu-
lar automata,coupledmaplattices,interactingpar-
ticle systemsor individual-basedmodels(e.g.,see
Czárán[1998]andreferencestherein).

Hence, modelleresare often confrontedwith the
question,which conceptualapproachseemsto be
mostappropriatefor a certainproblem.This paper
is concernedwith a comparisonbetweenthe well-
known ”practicalmodelof metapopulationdynam-
ics” of Hanski [1994] and a grid-basedapproach
proposedby Settele[1998]. Both are incidence
functionmodels(IFMs), whichcanrelatively easily
beparameterizedwith thespecies'occupancy data.
They differ in thespatialrepresentationof habitats

(cf. Figure 1). In the Hanski model,which shall
be referredto as patch-matrixmodel (PMM), the
speciesis assumedto inhabitcircularpatchesof dif-
ferentsizeswithin ahostilematrix. In distinctionto
the spatialimplicit modelof Levins [1969] andto
spatiallyexplicit models,thePMM is calleda spa-
tially realisticmodel[Hanski,1999].ThePMM has
frequentlybeenusedin populationviability analy-
sesof endangeredspecies(seeHanski [2001] and
referencestherein). In Settele's approach,which
shall be referredto as grid-basedmodel (GBM),
spaceis sub-divided into equally sizedcells with
differentcarryingcapacities.Eachcell is assumed
to be a possiblehabitatwhich maybe occupiedby
thespecies.Pleasenotethedifferentiationbetween
the generalhabitat,patch(PMM) andcell (GBM)
throughoutthis paper.

Thereis anincreasingdemandfor grid-basedmod-
els,sincedataon thedistribution of variousspecies
areoftenavailablein agrid-basedformat,asthiscan
easilybehandled(for examplewith GeographicIn-
formationSystems).RegardingSettele's approach,
however, thereis someseverescepticismaboutthe
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Figure 1. Representationof habitatcon�gurations
(a) in the patchmatrix model (b) and in the grid-
basedapproach(c). Habitatsarecolouredwith grey
valuescorrespondingto their averageoccupancies.

biological realism in the underlying assumptions,
as will be pointedout in the model descriptionin
the following section. The aim of this paper is
to demonstratetheapplicationof a generalmethod
for the comparisonof conceptuallydifferentmod-
elling approaches.Especiallyin conservationbiol-
ogy, this is of increasinginterest,as generallylit-
tle is known aboutthe speciesunderfocusandof-
ten few quantitative dataareavailable. This study
makesuseof anapproachwhich hasrecentlybeen
presentedby Hilker[2002],cf. Figure2. As thereis
a lack of real-world dataof suf�cient resolution,an
individual-basedmodel (IBM) is usedto simulate
complex populationdynamicsof ”virtual”, generic
species. The simulation runs generateextensive
long-termdatasets.Ontheonehand,thePMM and
the GBM, which areboth highly aggregatedmod-
els, can now be parameterizedwith variousshort-
term datasamples.In this study, snapshotdataof
two or � ve consecutive yearsareusedasit is typ-
ical for �eld campagains.On the other hand, the
”real” parametervaluesdescribingthemetapopula-
tions dynamicscan be extracteddirectly from the
full amountof IBM-data(whichconsistin thisstudy
of 400years).Thus,oneobtainsparameterestima-
tors from the highly aggregatedmodels(basedon
short-termsnapshotdata)and ”r eal” valuesfrom
thespeci�c model(basedonlong-termdata),which
canbecomparedwith eachother, especiallywith re-
spectto the(dis-)advantagesof differentspacerep-
resentation.

This paperis organizedasfollows. Firstly, all three
models (PMM, GBM, IBM) are introduced. As
a result of the PMM and GBM, the estimatorsof

”Real” parametervaluesIFM-parametersestimators

Snapshotoccupancies Long-termdata

IBM
simulations

Figure2. An IBM simulatesaspecies'dynamicsin
fragmentedhabitats.From the availablelong-term
data,the ”real” parametervaluescanbe extracted.
With several snapshotdata both the patch-matrix
and the grid-basedIFM are parameterized.Their
parameterestimatorscanthenbecomparedwith the
”real” values.

themetapopulationdynamicparametersareyielded
(Subsection”Parameterestimators”). The ”real”
valuesare determinedeachfrom the full amount
of IBM-dataincludingdispersalevents(Subsection
”Extraction of ' real' values”). Pleasenote,that all
settingsof thesimulatedspecies,habitatcon�gura-
tion andsnapshotsamplingarethesameasin Hilker
[2002]. Next, the resultsaregivenwith a focuson
the accuracy of the parameterestimators.Finally,
potentialreasonsfor the resultingdeviationsin the
estimatorsarediscussed.

2. I NCI DENCE FUNCTI ON M ODEL S (I FM S)

IFMs rely onpresence-absencedataof aspeciesin a
setof habitats.In typical �eld campaigns,theseoc-
cupancy dataarecollectedoverasingleor (better)a
few generations,which have not to beconsecutive.
Becauseof that, thesedataareoften referredto as
patchoccupancy patternor snapshotdata. Hence-
forth, thelatternotationwill beusedthroughoutthis
paper. The observedsnapshotdataareassumedto
representthe quasi-equilibriumof metapopulation
dynamics.Themodellingobjective is to �t theinci-
dencefunction to the observedsnapshotdata,thus
obtainingmetapopulationdynamicparameteresti-
mators. Oncetheseparametersare estimated,the
IFMs canbe usedto predict habitat-speci�ccolo-
nizationandextinction probabilitesfor a particular
habitatcon�guration. Thus,occupancies,transient
dynamics,andregionalpopulationpersistencemay
bepredicted.

If habitati is extinct (respectively occupied),it has
thecolonizationprobabilityCi (respectively extinc-
tion probability Ei) of becomingoccupied(respec-
tively extinct) at the next time step. Thesetransi-



tionsareassumedto occurat randomfor eachhabi-
tat. The probability that habitati will be occupied
tendstowardthestationaryprobability
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(1)

which is calledthe incidenceandassumesa quasi-
steady state of metapopulationdynamics condi-
tional onnon-metapopulationextinction. In (1), the
rescueeffect is included.Mathematically, IFMs are
time homogeneous,discretetime �rst order �nite
stateMarkov chains.

2.1 Patch-matrix model (PMM)

The PMM is described in detail by Hanski
[1994, 1999], or seereferencestherein. The ex-
tinction probability Ei is assumedto vary with the
patchareaAi (in ha):Ei
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x
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1 	 , wheree0
andx areextinctionparameters.Next, thecoloniza-
tion probabilityCi is approximatedby the number
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wherey is a colonizationparameter. Mi itself de-
pendson the connectivity Si throughSi
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, with di j beingthedistance
betweenpatchesi and j (in km), p j therelative fre-
quency of patchoccupancy. b is assumedto equal
unity anda is amigrationparameter.

Finally, onecancombinetheparametersy
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2 andthenincorporateCi andEi in (1).
Note that only patcheswith Ai �

A0 : � e0
1� x are

considered,dueto theminimum-operatorin theex-
tinctionprobability. A0 is thecritical patcharea,be-
low whichtheextinctionprobabilityEi equalsunity.

2.2 Grid-basedmodel (GBM)

The GBM has beensuggestedby Settele[1998].
Spaceis representedby a grid, whosecellsmayei-
therbeoccupiedby local populationsor not. Since
all cellsareequallysized,thecarryingcapacitycan-
notbeapproximatedby theareaasin thePMM. In-
stead,theextinctionprobabilityis describedby

Ei
� exp

�

� k Ki �

�

(2)

wherek is an extinction parameterandKi a mea-
surefor thecarryingcapacity. Ki is setto the rela-
tive frequency pi with which thecell is occupiedin
thesnapshotdata. In thecase,thata cell is always
unoccupiedandonecanexcludethat it is hostileto
thespecies,oneassignstheminimumcapacityof all
cellswhichhavebeenoccupiedat leastonce.

Thecolonizationprobabilityis alongtheline of the
PMM
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with µ beinga colonizationparameter. The mean
numberof immigrants is approximatedby Mi

�

å j �

� i Mi j with

Mi j
� p jK j exp

�
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(4)

Thetermp jK j is ameasurefor thepopulationabun-
dancein cell j. Thefractionof individualsdispers-
ing the Euclideandistancer i j (in km) betweenthe
sourcecell j andthe target cell i is determinedby
the migration parameterr . j i j

� 1
p arctan

� D
2r i j �

is
the maximumangleof a circle-segment from the
midpointof thesourcepatchto theendsof thetarget
patch,cf. Figure1. D is thecell length.

Principally, the GBM resemblesthe PMM in be-
ing a stochasticpatchoccupancy modelbasedon a
regressionmodel. However, by dividing the land-
scapein a grid, local populationsinhabiting an
areagreaterthana singlecell arealsosubdivided.
Hence,theassumptionof panmixiafor local popu-
lations(patches)is relaxed.Or, contrariwise,two or
moresmallhabitatsmight besubsumedin onecell.

2.3 Parameter estimators

The PMM as well as the GBM are character-
izedby aninitially unknown setof species-speci�c
metapopulationdynamic parametersq �

�

a
�

e


�

x
�

or q �

�

r
�

k
�
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�

, respectively. These are ob-
tained by �tting (1) to the snapshotdata. Us-
ing maximumpseudo-likelihoodregression,thedif-
ference betweenthe snapshotdata pi (approxi-
mating the quasi-steadystateof the metapopula-
tion) andthemodel-predictedincidencesJi is min-
imized. In the pseudo-likelihoodfunction, a bino-
mial distribution of the species'occurencesis as-
sumed.Dealingwith an optimizationproblem,the
permutationterm can be neglectedand the like-
lihood be log-transformed,thus yielding l

�

q
�

�

å i
�
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�
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�

1 � Ji ���

. For maximiza-
tion of this function, thesimulatedannealingalgo-
rithm is used,becauseit is ableto escapefrom lo-
cal optima in the searchspaceand �nd global so-
lutions. Note, that the PMM-parameterse0 and
y
 can be separatedfrom e
 by de�ning A0 as the
areaof thesmallestoccupiedhabitatpatch(e0

� Ax
0,

y


��� e

��

e0).

3. SI M UL ATI ON OF L ONG-TERM DATA

3.1 Indi vidual-basedmodel (IBM)

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



(egg – larva – adult) and non-overlappinggener-
ations in a highly fragmented,realistic landscape
with a binary habitatdistinction (habitatvs. non-
habitat). Larvaeandadultsmove with certaindis-
tancesandturningangles,in 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 female is Poisson-distributed
andthenumberof propagulesadditionallydepends
on available resources(densitydependence).The
number of available resources�uctuates because
of overlappinglocalcatastrophes(locally correlated
environmental�uctations,but globalstochasticity).

For more details,pleaseseeHilker [2002], where
the emergenceof metapopulationdynamicsfrom
theindividualbehaviour andthepatchydistribution
of habitatshasbeendemonstrated.

3.2 Extraction of ”r eal” parameter values

A methodto extract the IFMs-parametersfrom the
long-termIBM datahasbeendevelopedin Hilker
[2002]. Here,it shallbefocusedon themethodre-
gardingtheGBM (whichis principallyanalogousto
thePMM). Contraryto themaximum-likelihoodap-
proachfor yielding theparametersestimators(Sub-
section2.3),eachof therealvaluescanbeextracted
by �tting themechanisticfunctionsof theGBM, i.e.
Eq.s(2), (3), (4), to the long-termIBM-data. The
IBM is run 200yearsto let themetapopulationdy-
namicsreachits quasi-equilibrium. Then, further
400 yearsaresimulated,in which the occupancies
of eachcell andthusthe transitionsbetweenbeing
occupiedor emptyarerecorded.

Let Nkl
i denotethe numberof transitionsof cell i

from statek to l (k
�

l � 1: cell occupied,k
�

l � 0:
empty).Thenoneobtainsaslikelihoodfunctionfor
therecordedtransitions:Pi

�

�

1 � Ci �

N00
i Ci

N01
i

�

Ei �

Ei Ci �

N10
i

�

1 � Ei
�

Ei Ci �

N11
i . Now, Ci andEi canbe

approximatedby maximizing Pi (which has been
donewith the Fletcher-Reeves conjugategradient
algorithm[Ueberhuber, 1997]).

Oncethe extinction andthe colonizationprobabil-
ities of eachcell are known, the model equations
canbe �tted to themin nonlinearleast-square�ts,
thusyielding theunknown parametersetq. Firstly,
the extinction parameterk can be extractedfrom
the relationshipKi – Ei , cf. (2). Next, consider
themigrationparameterr . Transforming(4) yields

Mi j
piKi j i j

� exp
�

� r r i j �

. Sincethevaluesof theexpo-
nential function for negative argumentsarealways
in the unit interval, the left-handside is scaledby

Table 1. Mean ”real” parametervalues(standard
deviations)of theGBM.

Species r µ k
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�
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�
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�
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�
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�
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�
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�
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�
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�
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�
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�
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�
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�
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�
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dividing throughthemaximumnumberof recorded
immigrants: Mi j

piKi j i j maxMi j
� exp

�

� r r i j �

. Now, this
equationcanbe �tted aswell. Having determined
r , the cell connectivities can be computed,which
allows to �t (3), thus�nally obtainingthecoloniza-
tion parameterµ.

4. SI M UL ATI ONS

With the IBM, three different specieshave been
simulatedin varyinghabitatcon�gurations.Table1
shows themeanvaluesof the”real” GBM parame-
ter valuesextractedfrom the long-termIBM data.
Since the parametersare assumedto be species-
speci�c, they areaveragedover all habitatcon�gu-
rationsaswell asreplications.In all simulations,the
cell lengthof theGBM hasbeensetto D � 100m.

How accurateandprecisearetheparameterestima-
tors of theGBM parameterizedwith snapshotdata
of two and� ve consecutive years?In Table2, the
relative errorsandvariationcoef�cients aregiven,
which aremeasuresfor theaccuracy andthepreci-
sion. If the relative error equalszero,this meansa
perfectmatch. If it is positive/negative, theparam-
eter is over-/underestimated,respectively. As one
caneasilysee,thereareenormousdeviationsin the
colonizationparameterµ. By usingmoreextensive
snapshotdatawith � ve years,thesedeviationsare
reduced,but they arestill huge.

In many studieswhich make useof the PMM, the
migration parameteris estimatedby independent
data(cf. thesurvey in Hanski[1999]). Analogously,
considerthesituationin which the”real” valueof r
is known. Thenthe dimensionof the searchspace
in theparameterestimationprocessis loweredfrom
threeto two. The resultsarelisted in Table3. For
snapshotdataconsistingof two years,thecoloniza-
tion parameterµ is still heavily overestimated.But
with � ve years,theextremedeviationsvanish.The
sametendency holdsfor theextinctionparameterk.
With two years,it is obviously overestimatedfor
two of the threespecies. Using � ve years,k can
bedeterminedmoreaccurately.

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



Table 2. Relative errors[variationcoef�cients] of theparameterestimators.Upperrow: GBM, lower row: PMM.

Sp. 2 years 5 years 2 years 5 years 2 years 5 years 2 years 5 years
r µ k

1 � 0� 55
�

0 � 35��� 0� 72
�

0 � 20� 403� 0
�

130� 1� 159� 3
�

94� 3� � 0� 23
�

0 � 17��� 0� 59
�

0 � 07�

2 � 0� 85
�

0 � 02��� 0� 91
�

0 � 01� 390� 3
�

55� 4� 196� 2
�

33� 7� 4� 37
�

0 � 39� 2� 24
�

0 � 25�

3 � 0� 85
�

0 � 01��� 0� 83
�

0 � 21� 369� 4
�

29� 0� 148� 8
�

55� 7� 6� 29
�

0 � 42� 3� 26
�

0 � 74�

a y� x e0

1 � 0� 37
�

0 � 17��� 0� 42
�

0 � 19� 9� 7
�

8 � 1� 12� 6
�

12� 9� 1 � 17
�

0 � 44� 0 � 89
�

0 � 38� � 0 � 68
�

0 � 20��� 0 � 50
�

0 � 28�

2 � 0� 26
�

0 � 11��� 0� 24
�

0 � 09� 3� 7
�

5 � 0� 3 � 0
�

1� 30� 1 � 20
�

0 � 37� 1 � 26
�

0 � 40� � 0� 81
�

0 � 17��� 0 � 83
�

0 � 12�

3 � 0� 33
�

0 � 13��� 0� 33
�

0 � 11� 8� 9
�

6 � 8� 8 � 7
�

3� 61� 1 � 71
�

0 � 35� 1 � 69
�

0 � 41� � 0� 93
�

0 � 05��� 0 � 93
�

0 � 06�

Table 3. Relative errors[variationcoef�cients] of the parameterestimatorsresultingfrom a 2-dimensionalestimation
processwith given”real” migrationparametervalues.Upperrow: GBM, lower row: PMM.

Species 2 years 5 years 2 years 5 years 2 years 5 years
µ k

1 77� 7
�

96� 17� 2 � 91
�

4� 15� � 0� 21
�

0 � 25��� 0� 67
�

0 � 09�

2 77� 0
�

146� 1��� 0 � 11
�

0� 72� 5� 11
�

3 � 17� 1� 12
�

0 � 40�

3 43� 0
�

114� 2� 1 � 12
�

1� 41� 6� 17
�

3 � 90� 1� 91
�

0 � 75�

y� x e0

1 0 � 39
�

1� 04� 0 � 46
�

0� 79� 1� 08
�

0 � 50� 1� 00
�

0 � 35� � 0� 61
�

0 � 22��� 0� 60
�

0 � 22�

2 0 � 68
�

0� 51� 0 � 92
�

0� 46� 1� 34
�

0 � 31� 1� 43
�

0 � 29� � 0� 87
�

0 � 08��� 0� 89
�

0 � 06�

3 2 � 48
�

0� 91� 2 � 43
�

0� 75� 1� 59
�

0 � 30� 1� 60
�

0 � 22� � 0� 92
�

0 � 04��� 0� 93
�

0 � 03�

estimatorsareconsideredaswell. Note, that there
is onemoreextinctionparameterin thePMM. Only
in thecaseof using� ve yearsandwith a predeter-
minedmigrationparameter, theGBM yieldsdevia-
tion rangessimilar to thoseof thePMM. In all other
settings,thePMM is moreaccurate.

5. DI SCUSSI ON

Thereareenormousdeviationsin theestimatorsof
theGBM. They decrease,if themigrationparame-
ter is predeterminedfrom independentdata.Thatis
not surprising,becausethedimensionof thesearch
spaceis reduced.However, theusageof theGBM
seemsto beapplicableonly if themigrationparam-
eter is known. Moreover, the GBM proves to be
relatively accurateonly in thecasewhen� ve snap-
shotyearsareavailable. This canbe explainedas
follows. With two snasphotyears,the relative fre-
quency of occupancy pi may eitherbe 0.0, 0.5 or
1.0. Rememberthe usageof a minimum carrying
capacity, which will be in this caseat least � 0

�

5.
Hence, there is an implicit tendency to homoge-
nizationof space,becausenearlyall cellsarepossi-
ble habitats.Using� ve snapshotyears,instead,the
minimumcarryingcapacitycanbeaslow as0.2.

So far theaccuracy of theestimatorshasbeencon-
sidered. What happens,if the estimatorsareused
in the IFM simulationprocess?Incorporatingthe
parametersinto the model equations,i.e. in the
caseof GBM (2) and(3), the predictedincidences
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Figure3. Contourplotsof theresidualsin Ji (left: GBM,
right: PMM). Whitemeansaperfectmatch,andeachcon-
tourline / darkershadingcorrespondsto anincreasein the
residualsof 0.1.Detailsareexplainedin thetext. Notethe
differentscalingof theordinateaxes,i.e. theconnectivi-
tiesin thesenseof thePMM andGBM.



Ji canbe calculatedasa function of the parameter
estimators,Mi and Ki . If this processis repeated
with the ”real” values,the residualdifferencesbe-
tweenestimatedincidencescanbecalculated(Fig-
ure 3). Thesemay be takenasa goodmeasurefor
the relevanceof errorsin parameterestimators.In
the PMM the patchareashave nearlyno in�uence
on the residuals.They aredeterminedby the con-
nectivity. In contrast,theresidualsin theGBM are
not only in�uenced by the connectivity, but much
moreby thecarryingcapacities.

Settele[1998] originally proposedonly to consider
cells which may be potential habitat. Moreover,
he suggestedto approximateKi by the meannum-
ber of observed individuals. In this study, the rel-
ative occupancy frequency hasbeenused,in order
to ensurethecomparabilityof theIFM-approaches.
When extracting the ”real” valueof the GBM ex-
tinctionparameters,wescaledthenumberof immi-
grantsin orderto obtaina �rst approximation.This
might bea problem,sincethemaximumnumberof
recordedimmigrantsdependson thelandscape.Al-
ternatively, onecouldusefor the�t asecondextinc-
tion parameter(notethatthenthenumberof param-
eterswould beequalto thePMM). However, these
modi�cationscouldresolve theessentialdeviations
(but muchmore�eld work wouldbenecessary).

The cell lengthhasbeenchosenin the sizeof the
smallesthabitat. A systematicinvestigationof the
in�uence of thecell lengthwould beof interest,of
course.Nonetheless,thegreatdeviationsin theesti-
matorselucidateseveredisagreementsin theunder-
lying assumptions.

6. CONCL USI ONS

Testing the quality of metapopulationmodels is
generallya dif�cult issue,becauselittle or evenno
dataare available. Highly speci�c modelscan be
usedto substitutemissing”real-world” data. This
allows not only to parameterizesinglemodels.Ad-
ditionally, differentmodelarchitecturescanbecom-
pared. This hasexemplarily beendemonstratedto
a grid-basedapproachvs. the well-known patch-
matrix model.

It shows, that the GBM leadsto worrying misesti-
mations. However, conditionshave beenderived,
underwhich the accuracy is in the samerangeas
for thePMM. Apart from thepossibledissectionof
natural habitats,the resultsof this study indicate
anothershortcomingof the grid-basedapproach,
namelythatthereseemsto betheneedof aprofound
numberof snapshotyearsto determinethecarrying

capacityof a cell. RegardingthePMM, theamount
of snapshotyearshasbeenconsideredin thecontext
whetherthe metapopulationhasreachedits quasi-
equilibrium[Moilanen,2000].

Concerningmoregeneralaspects,in many studies
hasbeenstatedagapbetweensimple,highly aggre-
gatedmodelson the onehandandspeci�c models
on the other hand. The former are often analyti-
cally tractabledue to their rathergeneralassump-
tions aboutpopulationdynamics(which are often
simply ignored).Thusbeingparameter-sparse,they
allow to give insight into elementaryrelationships
of statevariables.On theotherhand,speci�c mod-
elsneeda lot of informationaboutthespecies'life
cycle. This paperis situatedat the edgeof these
model types,utilizing the differentconceptualap-
proachesandtrying to make themmorecompara-
ble.
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