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Motivation: Certain early-succession habitats may emerge only at restricted locations following disturbance.
Therefore, whether disturbances tend to occur at certain sites or not can significantly affect habitat availability
and metapopulation persistence of early-successional habitat specialists. Available models that combine meta
population and landscape processes do not address how to model mobile, spatially shifting disturbance in
tensities independent of factors of site suitability. We present a model that allows the study on how a mobile
disturbance pattern, of either natural or anthropogenic origin, affects patch network and metapopulation dy
namics in realistic, heterogeneous landscapes.
Methods: We simulate metapopulation dynamics using a realistic landscape and varying patch destruction (and
turnover) rates. We model the local patch emergence rate as the function of site suitability to patch emergence –a
permanent factor–and local disturbance intensity, which we first estimate from empirical data and then simulate
using annually updating spatial random fields. Using this model, we test whether and how a mobile disturbance
pattern affects metapopulation persistence of the false heath fritillary butterfly (Melitaea diamina).
Results: In our case study, a mobile disturbance pattern caused new patches to emerge further away from
occupied patches over time. This decreased the probability of new patches becoming colonized and thus
impaired metapopulation persistence even when the median distance between patches appeared unchanging.
However, if disturbances moved to areas that were highly suitable to patch emergence, increased habitat
availability could compensate the otherwise detrimental effects of a mobile disturbance pattern. Disturbances
that had a moderate degree of mobility had the most uncertain effects to metapopulation persistence.
Conclusions: Our modelling approach distinguishes between two processes behind the spatio-temporal pattern
and rates of patch emergence–disturbance dynamics and varying site suitability. It enables the use of social and
environmental data for forecasting habitat availability for early-succession habitat specialists under alternative
future scenarios. It can be applied and developed further to suit multiple study systems. Our case study suggests
that for species conservation, it is either beneficial to organize recurring management activities to take place at
constant locations, or to gradually shift them towards areas that are highly suitable to patch emergence.

Abbreviations
AR =
autoregressive;
INLA = Integrated Nested Laplace Approximation;
SPOM = Stochastic Patch Occupancy Model;
TWI =
Topographic Wetness Index

1. Introduction
Early-succession habitats are open environments that emerge at
recently disturbed sites and provide living environments for many pio
neering species. Early-succession habitats are typically short-lived: they
are quickly taken over by bushes and young trees in the absence of
continued disturbances or management (Wahlberg et al., 2002, Harper,
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2007, Greenberg et al., 2011). Certain types of early-succession habitats,
for instance certain communities of herbaceous flora (Cousins and
Eriksson, 2008), also emerge only at geographically restricted (Chytrý
et al., 2003; Schuster and Diekmann 2003) sites that possess specific
conditions, such as specific soil moisture, pH and nutrient levels.
Therefore, the existence of certain types of early-succession habitats
requires that disturbances occur at sites that are suitable for their
emergence.
Disturbances that generate early-succession habitats may follow
spatio-temporal patterns. Natural disturbances, such as wildfires, floods
and windfalls, are driven by climatic, geographic and meteorological
factors (Ballinger et al., 2007; Zwolak 2009; Panayotov et al., 2011).
Disturbances of anthropogenic origin, such as forestry or agricultural
practices (Hodgson et al., 2009), occur at specific locations due to
complex socio-economic factors, such as patterns of land ownership,
population density, land use regulations and economic demand (Aviron
et al., 2005; Renwick et al., 2013). Climatic and cultural changes,
including agricultural policies (Storkey et al., 2012, Batáry et al., 2015)
or generational shifts in land ownership (Ingram et al., 2013; Duesberg
et al., 2017), may break long-term patterns of land use and shift land use
activities to new locations. It is therefore vital to understand changes in
disturbances with respect to landscape suitability to the emergence of
specific types of early-succession habitats, to be able to forecast
early-succession habitat availability in changing landscapes.
Changes in habitat availability may be particularly critical to
dispersal-limited species, which persist in fragmented habitat patch
networks via colonization-extinction dynamics (Hanski 1998). The short
lifetimes of early-succession habitats generate turnover, where patches
disappear from the patch network and are replaced by new patches
elsewhere (e.g. Johst et al., 2011). Thus, metapopulations experience
higher local extinction rates (Boughton and Malvadkar 2002; Johst
et al., 2011) and need higher colonization rates to persist (Johst et al.,
2002; Hastings 2003; Verheyen et al., 2004) in dynamic than in static
patch networks. Short patch lifetimes may also cause fluctuations in
patch availability, which impair metapopulation persistence (van
Teeffelen et al. 2012; De Roissart et al. 2015). In summary, meta
population persistence in dynamic landscapes depends both on species
traits, e.g. species ability to colonize patches, and on the landscape-level
pattern of disturbances and patch emergences.
Past models of metapopulation dynamics have accounted for land
scape heterogeneity in its suitability to patch emergence in various
geographic scales (Larson et al., 2004; Hodgson et al., 2009; Naujokai
tis-Lewis et al. 2013). Metapopulation models have also accounted for
the disturbance pattern e.g. by modelling metapopulation dynamics
under alternative landscape management scenarios (Drechsler et al.,
2007, Hodgson 2009, Drechsler and Johst 2010). Landscape heteroge
neity in site suitability to patch emergence and disturbance dynamics
have also been modelled together (e.g. Midgley et al., 2010, Latif et al.,
2013, Miller et al., 2015) in a non-metapopulation context. However,
existing models do not provide ways for linking all of the three
aspects–the disturbance pattern, metapopulation dynamics and land
scape heterogeneity–in wider geographic scales, despite this having
been a long-term aim in ecological research (Franklin 2013).
We present a model for the study on how the spatio-temporal
disturbance pattern affects patch network and metapopulation persis
tence in heterogeneous landscapes. We simulate metapopulation dy
namics using a realistic landscape and varying patch destruction (and
turnover) rates. We model the local patch emergence rate as the product
of site suitability to patch emergence–here, a permanent or longer-term
characteristic of the site due to e.g. biogeographical factors–and local
contemporary disturbance intensity. First, we estimate disturbance in
tensity from empirical data, assuming it is the cause of unexplained
spatial variation in patch locations apart from biogeographical and
longer-term land use factors. In our study system, this assumption is
based on the well-known characteristics of false heath fritillary habitats,
yet the absence of these sites at many sub-regions with suitable climates

and soils. After the initial estimation from empirical data, we subse
quently model the disturbance pattern using spatial random fields that
change form annually with varying degrees of mobility. Utilizing the
fitted spatial pattern allows us to model location changes in distur
bances, while maintaining the spatial scale of the disturbance pattern,
which is often typical to the type of disturbance modelled (e.g. Johst
et al., 2001; Siriwardena 2010).
We test our model using data on the false heath fritillary butterfly
Melitaea diamina (Lang, 1789) in Finland, where the species is depen
dant on highly dynamic (Fabritius and McBride, 2017) Valeriana sam
bucifolia meadows on moist and calcareous soils (Wahlberg 1997). Our
study aimed at answering the following questions: (Q1) Do false heath
fritillary habitat patches occur at sites with distinguishable character
istics, e.g. certain soil and land use types? (Q2) How does increasing
mobility of the disturbance pattern affect metapopulation persistence,
especially in relation to increasing patch turnover rate? Our results
demonstrate that a mobile disturbance pattern may affect the persis
tence of an early-succession habitat specialist in multiple ways.
2. Material & methods
2.1. Study area and survey data
The false heath fritillary habitat patch network in the West Coast of
Finland (62.25◦ N 21.5◦ E, 3200 km2, Fig. 1 top left) consists of 459
identified habitat patches, with mean patch area of 1.55 ha (range 0.03‒
9.46 ha). In 2000–2007, the regional environmental authorities recor
ded 70 patches (location, area and false heath fritillary sightings), and
the rest were recorded in 2009–2011 during a false heath fritillary dis
tribution survey conducted for the purpose of this study. Each year of the
survey, some of the previously identified patches were revisited to

Fig. 1. Empirical data and a predictive model of false heath fritillary
habitat patch locations. Locations of false heath fritillary habitat patches in
empirical data (panel A) and as predicted by the selected patch location model
(Pxy, panel B; see section “Patch location and area models”). The prediction of
the patch location model for a location (x, y) consists of a linear prediction
component (LLxy, panel C), which indicates site suitability to habitat patch
emergence due to permanent or longer-term characteristics, and a spatial
random field (FLxy; panel D), which indicates local disturbance intensity. The
spatial random field, presented here as estimated from empirical data, was
simulated in this study to change its form with varying degrees of annual
mobility, to simulate changing local patch emergence rates. Territorial borders
of administrative regions shown with black lines (top left).
2

H. Fabritius et al.

Ecological Modelling 460 (2021) 109738

reassess their occupancy (> 0 sightings at occupied patches). The data
thus consist of presences or absences for the surveyed populations, but
includes missing observations each year. For details of the surveys, see
supplement (Appendix 1).

emigration, respectively (Ovaskainen and Hanski 2001, 2003). We
model the extinction rate of a patch i occupied by the butterfly by
/
(2)
ei = E Aζi ex ,
where E is an overall extinction rate parameter and ζex models how
extinction risk depends on patch area (Ovaskainen and Hanski 2001 and
references therein). Existing patches were assumed to be destroyed at
rate

2.2. A stochastic patch occupancy model in a dynamic patch network
We created a continuous-time stochastic patch occupancy model
(Ovaskainen and Hanski 2001; for discrete-time SPOMs, see Moilanen
1999, 2004 and references therein) that incorporates the
extinction-colonisation dynamics of a false heath fritillary meta
population (events 1–2, Fig. 2) and the emergence-destruction (patch
turnover) dynamics of its patch network events 3–4, Fig. 2). At any given
time, the simulated patch network consists of a gridded study landscape
and a discrete set of patches i characterized by their centroid coordinates
(xi and yi ), patch area (Ai ) and occupancy status (Oi = 1 for occupied and
Oi = 0 for empty patches). The dynamics of the model consist of four
kinds of events: (1) colonization of unoccupied patches by the butterfly,
(2) extinction of occupied patches, (3) destruction of existing patches
(implying extinction of the butterfly population if occupied at the time
of the destruction) and (4) emergence of new patches (initially not
occupied by the butterfly; Fig. 2).
We model the colonization rate of patch i by the butterfly meta
population as a sum of contributions from the occupied patches j,
ci = C

n (
∑
e−

αdij

)
Aζi im Aζj em Oj ,

δi = ε

(3)

that was assumed to be the same for all patches. We modelled the
emergence rate of a patch centroid at a grid cell location (x,y) that does
not already contain a patch centroid by
/
εPxy z
/,
βxy =
(4)
1 − Pxy z
where Pxy is the probability, predicted by a patch location model, that
the grid cell (x, y) is overlaid by a patch, and z is the ratio of the expected
size of a patch to the grid cell (see section “Patch location and area
models” and Appendix 2 for details). Since in this model βxy increases
with increasing ε, parameter ε in practice modelled not only the patch
destruction rate, but also the patch turnover rate (the percentage of
patches in the system that are replaced by new ones within a given time).
Area of a new patch was randomized from a patch area model (see
section “Patch location and area models” below for details), including
random residual variance. In case the new created patch would overlap
√̅̅̅̅̅̅̅̅̅
with another patch (based on their radii r = A/π , assuming patches to
be circular), patch location and size were randomized again until the
patch did not overlap with others. All patches that emerged during the

(1)

j∕
=i

where C is an overall colonization rate parameter, dij is the distance
between pacthes i and j, the parameter ∝ measures the spatial scale of
connectivity (as in Harrison et al., 2011), and the parameters ζim and ζem
model how patch area influences the processes of immigration and

Fig. 2. States, events and event rates of the Stochastic Patch Occupancy Model in a dynamic patch network. The three basic states of the model developed in
this study; the empty landscape grid cell (x, y) without a patch centroid (grey grid) and the landscape grid cell with empty and occupied patches (green boxes). Events
that cause state transitions (black arrows and corresponding events) are shown together with event rate equations.
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simulation were originally unoccupied.
We simulated the continuous-time Markov process with the Gillespie
(1977) algorithm, sampling the time until the next event from the
∑
exponential distribution with parameter set to the total rate ni=1 ci +
∑n
∑n
∑m
i=1 ei +
i=1 δi +
xy=1 βxy , and then randomizing which event takes

and twi at the respective grid cell as covariates. Since our patch network
data were based on a landscape-level survey of aerial photographs
before conducting visits to potential sites, we treated the patch network
pattern as presence-absence data for modelling patch locations. We
modelled the sizes of patches (Patch area model) by fitting a linear
model that had log-transformed patch area as the response variable and
the average values of soil, dfield, driver and twi of the grid cells overlaid
by the patch as covariates. We considered the average of soil values of
grid cells overlaid by a patch as a reasonable proxy for patch quality,
even though this measure may contain slight bias due the soil suitability
classes not being commensurate. We randomized one grid cell out of
each patch and so many grid cells outside of patches that the proportion
of meadow versus non-meadow cells in the sample equalled to the
corresponding proportion in the patches grid layer. We fitted both nonspatial and spatial model versions for both models. The spatial models
included a Gaussian Markov random field based on a Matérn covariance
function (Matérn 1960; Lindgren et al., 2011) to account for a possible
spatial autocorrelation in the model residuals (Dormann et al., 2007).
For details on model selection and evaluation, see supplement [Appen
dix 3].
We interpolated and rasterized the linear predictions LLxy and LAxy
and the Gaussian Markov random fields FLxy and FAxy of the selected
patch location and area models (Fig. 1). Subscripts Lxy and Axy refer to
the values of the patch location (L) and area (A) models for the location
(x, y), respectively. We scaled the random fields FLxy to zero mean by
including the empirical mean FLxy to the linear predictor, and predicted
the probabilities of patch occurrence as Pxy = logit− 1 (logit(LLxy ) +
logit(FLxy )). Similarly, we defined the predicted size of an emerging

place based on the relative rates of the possible individual events.
2.3. Patch location and area models

We modelled the locations and areas of false heath fritillary habitat
patches (patches) in the study region as a function of soil and land use
type suitability to patch emergence (soil, suitability categories 1–3
presented in Table 1), distance to fields (dfield, in metres), distance to
rivers (driver, in metres) and Topographic Wetness Index (TWI; Wilson
and Gallant 2000, Wilson 2012, twi). TWI is a measure of drainage in a
landscape and can be used to identify dips and hollows that retain water
for longer periods, exclusive of permanent water bodies like lakes and
swamps (Wilson 2012; Wilson and Gallant 2000). For technical details
on the preparation of the covariate layers, see supplement [Appendix 3].
We transformed variables as needed to account for skewed distributions,
then normalized the continuous variables to zero mean and unit
variance.
We modelled the locations of patches (Patch location model) by
fitting a logistic regression model that had patch existence at a grid cell
(patches, n ≈ 26 000 000) as the response variable and soil, dfield, driver
Table 1
Suitability classifications of the land use types in the CORINE Land use
Classification 2000 data set to false heath fritillary habitat patch emer
gence. 37 land use types of the CORINE Land Cover 2000 25 m x 25 m raster
data (Finnish Environment Institute) prevalent in the study region classified into
three classes with regard to their suitability for the occurrence or emergence of
false heath fritillary habitat patches. Sites were classified based on previous
knowledge on the characteristics of false heath fritillary habitat patches (e.g.
Wahlberg 1997).
Suitability
class

1 (unsuitable: acidic,
late-succession,
underwater, lacking
soil)

2 (areas under
intensive land
use)

3 (potential areas)

Soil and land
use types

Deciduous forests on
peat soil
Coniferous forests on
peat soil
Coniferous forests on
rocky soil
Mixed forests on peat
soil
Mixed forests on rocky
soil

Densely built
residential areas
Industry and
service regions
Traffic regions

Sparsely built
residential areas
Soil extraction
areas
Landfills

Harbours

Summer cottages

Deciduous
forests on
mineral soils
Coniferous
forests on
mineral soils
Mixed forests on
mineral soils

Sports and
recreational areas

Sparse forests, cc
10–30%, on peat soil
Sparse forests, cc
10–30%, on rocky soil
Shoreline sands and
dunes
Rocks
Inland wetlands
underwater
Mires
Peat extraction areas
Marine wetlands
underwater
Lakes
Sea

patch as Axy = elog(LAxy +FAxy )+u . u stands for the residual variation for each
emerging patch and follows the distribution u ∼ N(0, σ2 ), where σ2
stands for the estimated nugget variance of the patch area model. For
details on the interpolation and rasterization of predictions, see sup
plement [Appendix 3]. For computational reasons, we aggregated the
prediction rasters of these models to 200 m x 200 m resolution when
applying them as part of the patch occupancy models.
2.4. Parameterisation of the stochastic patch occupancy model

We estimated the overall colonization (C) and extinction (E) rate
parameters of the false heath fritillary from the 2009–2012 survey data
(Appendix 1) by using an Approximate Bayesian Computation (ABC;
Beaumont 2010, Csilléry et al., 2010) approach and a simple rejection
algorithm modified from Rubin (1984). As summary statistics in the ABC
we used the fraction of occupied patches from the pooled data for all of
the years 2009–2012, the fraction of cases in which a patch observed
occupied was still observed occupied after 1, 2 or 3 years, and the
fraction of cases in which a patch observed empty was still observed
empty after 1 or 2 years. We assumed uniform priors for both E and C in
the range (0,1) based on initial exploration. We sampled 10 000
candidate values from the prior, simulated metapopulation dynamics
using the candidate values and approximated the posterior by the top
1% of the values in terms of their match to the real data with respect to
the summaries. In the scenario simulations, we set the parameters E and
C to their posterior mean values. For details of the ABC approach, see
supplement [Appendix 3]. We set the spatial scale of connectivity α =
0.7 (km− 1) based on previous studies on the false heath fritillary (Moi
lanen 1999; Moilanen and Cabeza 2002; Ovaskainen 2008), and the
effects of patch area to the extinction ζex = 0.17, immigration ζim = 0.30
and emigration ζem = 0.07 based on analyses on a closely related species
Glanville fritillary butterfly (Ovaskainen and Hanski 2004).

Fields
Disused
agricultural lands
Orchards
Pastures
Sparse forests, cc
< 10%
Sparse forests, cc
< 10%, on mineral
soils
Sparse forests on
disused
agricultural lands
Inland wetlands
above water
Marine wetlands
above water
Rivers

2.5. Model analysis
We used the parameterized metapopulation model to examine how
an increasing degree of mobility of the disturbance pattern (disturbance
4
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mobility), φ, influences the dynamics of the butterfly metapopulations
under increasing patch turnover rates, ε.
We modelled a mobile disturbance pattern letting the random fields
FLxy and FAxy change annually, leading to spatially autocorrelated
random annual changes in βxy and E(Axy ) at each location. This was
done by generating Matérn random fields using the inla.qsample function
in INLA (Rue et al., 2009, 2013; Blangiardo et al., 2013) that had the
statistical properties of the random fields of the path location and area
models, but that differed each year from the random fields of the pre
vious year. We used the AR(1) process ωt = φωt− 1 + η, where φ depicts
the proportion of stability of spatial random fields between two
consecutive years, ωt represents the random field in year t and η rep
resents another random field that was chosen so that the stationary state
of the process was the Matérn covariance function with the estimated
variance and spatial scale parameters. Thus, decreasing the value of the
parameter φ would result in a higher degree of mobility of the distur
bance pattern when simulating the system. We varied the parameter of
mobility of the disturbance pattern as ∈ [1, 0.98, 0.94, 0.61], so that the
disturbance pattern was either stationary (φ = 1) or the characteristic
decay time of the disturbance pattern 1/log(φ) (the time after which the
impact of the spatial pattern to future patterns has decreased to 1/e)
equalled 50, 16 or 2 years, respectively. The parameter θ1η , the
log-transformed local variance parameter of the simulated Matérn
random fields η in the INLA implementation, was set to
)/
(
(9)
θ1η = θ1ω − log 1 − φ2 2

network configuration, a model with a spatial term (marginal likelihood
− 2176.10) predicted patch occurrences better than a non-spatial model
(marginal likelihood − 2451.21). The predictions given by the resulting
model of patch occurrences correlated well with realized occurrences,
while slightly underestimating patch proportions at high predicted
probabilities of occurrence (Appendix 4, Figure S1). Largest patches
occurred at intermediate moisture and where soil and land use type
suitability was high (Table 3).
Extinction and colonization rate estimates for the false heath fritil
lary had wide credible ranges, but the majority of accepted values were
more concentrated around the posterior means, and the posterior means
of both parameters fit well within the centre of the joint parameter
distribution (E = 0.154, 95% Cr.I.: 0.0519‒0.271 and C = 0.749, 95%
Cr.I.: 0.225‒0.979; Appendix 4, Figure S2).
3.2. Effects of a mobile disturbance pattern on metapopulation persistence
A mobile disturbance pattern impaired metapopulation persistence
in our study system. Patch occupancies decreased, and metapopulations
were more likely to go extinct with slower patch turnover rates, when
the mobility of the disturbance pattern increased (Fig. 3). Meta
population persistence was impaired despite the fact that the charac
teristics of the patch network – median number of patches and the
median distance to the nearest neighbour patch (Appendix 4,
Figure S3–S4)–decreased only marginally or remained essentially the
same in all simulations.
A mobile disturbance pattern (φ < 1) impaired metapopulation
persistence via mechanisms that were different from those of an
increased habitat turnover rate. Fast habitat turnover rates increased the
proportion of deterministic patch extinctions (Appendix 4, Figure S5)
and thus decreased the average lifetimes of local populations (Appendix
4, Figure S6). As a result, more and more patch emergences were
required to increase patch colonization rates (Appendix 4, Figure S7). A
mobile disturbance pattern caused new emerging patches to appear
further away from (i.e. within poorer connectivity to) occupied patches
(Appendix 4, Figure S8). This decreased the probability of the new
patches becoming colonized (Appendix 4, Figure S9). As a result, met
apopulation persistence became more and more dependant on old, large
patches, which could maintain local populations from the beginning of
the simulation (Appendix 4, Figure S10).

based on the respective local variance parameter of the random fields of
the original Matérn random fields, θ1ω . We did not modify the spatial
scale parameter θ2 of the generated random fields. We scaled all
resulting fields ωt to the same variance as the original field ω.
We simulated (Fabritius, 2021) all models with the patch destruction
parameter varied as ε ∈ [0.015, 0.03, ⋯, 0.15], which range includes
the estimated annual habitat destruction rate of false heath fritillary
habitat patches estimated from field data (0.076 (95% CI 0.058–0.10);
Fabritius & McBride 2017). For details of the metapopulation simula
tions, see supplement [Appendix 3].
3. Results
3.1. Locations and sizes of false heath fritillary habitats with respect to
site characteristics

3.3. The degree of mobility of the disturbance pattern and metapopulation
persistence

The locations and sizes of false heath fritillary habitat patches
depended on site-related covariates. Wet, calcareous soils near rivers,
away from cultivated fields, had the highest probabilities for patch
occurrence (Table 2). As there was spatial autocorrelation in the patch

Disturbances that had a moderate degree of mobility, i.e. that
changed place at a moderate speed, had the most uncertain effects to
habitat availability and metapopulation persistence. The number (Ap
pendix 4, Figure S3), median distance (Appendix, Figure S4) and con

Table 2
The effect of environmental covariates on the probability of occurrence of
a false heath fritillary habitat patch. The table depicts the environmental
covariates, their coefficient estimates, standard error and 0.025, 0.5 and 0.975
quantiles of the best-fitting logistic regression model that had a bivariate raster
layer of habitat patch locations as a response variable. θ1 and θ2 refer to the
parameters of variance and spatial scale of the random fields in the INLA no
tation, respectively.

(Intercept)
soil class 2
soil class 3
sqrt(dfield)
sqrt
(driver)
log(twi)
θ1
θ2

Estimate

Std.
error

0.025
quant.

0.5 quant.

0.975
quant.

− 10.0407
1.8081
3.3966
0.3693
− 0.5302

0.5298
0.373
0.368
0.1381
0.1081

− 11.1492
1.1273
2.727
0.0979
− 0.7436

− 10.0165
1.7889
3.377
0.3692
− 0.5298

− 9.0655
2.5939
4.1739
0.6406
− 0.3189

0.4621
− 7.8991
5.979

0.0496
0.148
0.1829

0.3645
− 8.1915
5.6204

0.4622
− 7.8983
5.9785

0.5592
− 7.6104
6.3395

Table 3
The effect of environmental covariates on false heath fritillary habitat
patch size. The table depicts the environmental covariates, their coefficient
estimates, standard error and 0.025, 0.5 and 0.975 quantiles of the best-fitting
linear regression model that has the log-transformed size of a patch as a
response variable. Precision refers to the estimated variance of random effects in
the response variable. θ1 and θ2 refer to the parameters of variance and spatial
scale of the random fields in the INLA notation, respectively. The estimated
nugget variance of the patch area model σ2 = 0.61821.
(Intercept)
soil
log(twi)
log(twi)2
Precision
θ1
θ2

5

Estimate

Std. error

0.025 quant.

0.5 quant.

0.975 quant.

9.3931
0.1375
0.0688
− 0.1332
1.403
− 7.828
7.087

0.0828
0.0479
0.0523
0.0319
1.176
− 9.067
6.198

9.2321
0.0433
− 0.0341
− 0.1959
1.400
− 7.835
7.092

9.3923
0.1375
0.0689
− 0.1332
1.651
− 6.559
7.955

9.5587
0.2315
0.1712
− 0.0706
1.395
− 7.856
7.105
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destructions and emergences. Along these lines, our simulated false
heath fritillary population was able to persist through the simulations
with a patch turnover rate that matched the patch destruction rate
estimated from empirical data (ε = 0.075; (Fabritius and McBride,
2017)) when the disturbance pattern was stationary, but not when it was
very mobile (φ = 0.61).
Our case study also suggested that in certain circumstances, it might
also be a viable option to gradually direct disturbances (of anthropo
genic origin) to take place at areas that would be even more suitable to
patch emergence. This was supported by the fact that in our simulations,
there was a strong connection between high landscape-level mean
probabilities of patch emergence and high patch emergence and colo
nization rates when the degree of mobility in the disturbance pattern
was moderate. With regard to conservation of early-succession habitat
specialists, such a management alternative might be attractive e.g. if
potential nearby locations were more easily manageable via agrienvironment schemes, or if maintenance activities at the nearby loca
tion were likely to result in higher-quality habitat. Such an approach,
however, may also have drawbacks, as e.g. past studies on climate
change-induced range shifts on metapopulations suggest that pop
ulations may be either too slow to track the changing habitat networks,
or lose genetic diversity while doing so (Cobben et al., 2011; Schippers
et al., 2011; Mestre et al., 2017). Often, the optimal solution is heavily
dependant on the population dynamics of the species being studied.
Third, our case study also contributes to the discussion on what
features of a dynamic patch network may predict, and may thus help to
monitor, metapopulation persistence. In our simulations, the number of
and median distance between patches did not predict the patch net
work’s capacity to sustain a metapopulation, as sites of high suitability
to patch emergence were determined by hydrological patterns and
narrow stripes of calcareous soils across the study landscape. Conse
quently, new patches aggregated in stripe-like areas and maintained
nearly unchanging median distance between patches, while occupied
patch sub-networks were driven away from each other and meta
population persistence was impaired. Therefore, with regard to dynamic
patch systems, conservation managers might benefit more from moni
toring the connectivity of emerging patches to occupied ones than from
assessing the structure of the patch network from snapshot data.
Moreover, our study shows that conservation managers may want to
watch for possible changes in disturbance-generating factors that oper
ate on moderate time scales, e.g. generational shifts in land ownership or
rural desertification, since these may lead into cessation of longer-term
stationary disturbance patterns that have maintained habitat networks.
More profoundly, the approach we have introduced for modelling
patch networks in dynamic landscapes distinguishes two processes
behind the pattern and rates of patch emergence: the disturbance
pattern and its coincidence with site suitability to patch emergence.
Modelling disturbance intensities by using spatial random fields suits
modelling disturbances over larger regions, where modelling of exact
annual management schemes by property borders or management units
is not needed (as e.g. in Wätzold et al., 2008, Hodgson et al., 2009), but
the focus is rather in modelling regional variations and changes in mean
disturbance frequencies or mean annual probabilities of local distur
bance. These modelling choices enable the use of various kinds of social
and environmental data for forecasting habitat availability for
early-succession habitat specialists under alternative scenarios.
Data sets on anticipated changes in land ownership, density of active
farmers, forestry practices, demands for agricultural products (Bryng
elsson et al., 2016), or regional administrative differences in
agri-environmental incentives (Kleijn and Sutherland 2003) may offer
new avenues for forecasting regional disturbance intensities. Other po
tential data include those of anticipated changes in climatic factors that
operate on regional scales, e.g. variations in the frequency of floods and
windstorms (e.g. Wade et al., 2015), which are often used e.g. in studies
of forest succession simulations (e.g. Scheller et al., 2007). Our model
can be developed further to simulate either more deterministic,

Fig. 3. The effect of habitat turnover rate and mobility of the disturbance
pattern on false heath fritillary patch occupancy. Patch occupancy at the
end of the 50-year simulation is shown as a function of habitat turnover rate (ε;
x-axes) and mobility of the disturbance pattern (φ; panels A-D).

nectivity (Appendix 4, Figure S8) of patches at the end of the simulations
varied the most when the mobility of the disturbance pattern equalled
characteristic decay times of 16 and 50 years (φ = 0.94 and φ = 0.98,
respectively). Patch occupancy varied the most with the characteristic
decay time of 50 years (φ = 0.98; Fig. 3), as metapopulations started
going extinct if the decay time was shorter than this.
The uncertain effects of the moderately mobile disturbance pattern
were caused by the fact that slowly moving disturbances had the largest
effect to the patch network in the time scale of the simulations. If dis
turbances moved to take place at areas of high site suitability to patch
emergence (in terms of site-specific covariates), high numbers of new
patches emerged especially with high patch turnover rates (Appendix 4,
Figure S11), and high numbers of patch emergences increased patch
colonizations (Appendix 4, Figure S7). However, the more mobility of
the disturbance pattern increased (corresponding to lower values of φ),
the more likely it became that the overall changes to mean probability to
patch emergence started to even out after multiple changes (Appendix 4,
Figure S12). Also, since high disturbance mobility reduced the proba
bility of new patches becoming colonized, less colonizations resulted
from disturbances occurring at high local site suitability to patch
emergence (Appendix 4, Figure S13). Therefore, whether disturbances
moved to sites of poor or high suitability patch emergence could greatly
affect patch occupancy, but only if disturbance mobility was slow.
4. Discussion
Our case study confirms past findings that metapopulation persis
tence in dynamic landscapes is maintained best if–apart from increasing
the area, quality or lifetime of existing patches (Nicol and Possingham
2010; Marcot et al., 2012; Resetarits and Binckley 2013)–new, emerging
patches appear close to occupied patches where they have a high like
lihood of becoming colonized (Templeton et al., 2011; Southwell 2016;
Southwell et al., 2016). Our modelling approach shows that the pre
requisite of such a pattern is a stationary disturbance pattern, or a
disturbance pattern with high temporal autocorrelation: if disturbances
occur repeatedly at specific regions, local patch networks are likely to
remain well-connected even after multiple consecutive patch
6
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directional shifts of disturbances, or gradual deterministic changes in
disturbance intensities for these purposes. Our modelling approach
could also be used to include gradual deterministic changes in the per
manent site suitability factors while maintaining the current disturbance
pattern. This could be used for instance to model the effects of climate
change to dynamic habitat patch networks (Radchuk et al., 2013).
Utilization of our model also calls for consideration of how to reliably
determine which proportion of spatial variation in patch locations is
caused by factors other than disturbance intensity. In this study, we
assumed that all unexplained spatial variation in patch locations was
caused by regional differences in disturbance intensity. In future studies,
the distinction of these factors should be developed further. In the case
of habitat specialist species, modelling of the distributions of the target
species and their key habitat resources, such as host plants, (Wisz et al.,
2013, Pollock et al., 2014) may improve habitat suitability models.
Moreover, site suitability and disturbance intensity could be modelled
jointly (Iverson et al., 2011; Maire et al., 2012). Disturbance data could
be acquired by recording not only the locations of currently suitable
habitats, but also of the locations of overgrown, otherwise potential
habitat sites during the field monitoring phase (Fabritius and McBride,
2017). Additionally, spatial data on current disturbance frequencies
could be included in the joint modelling.
In conclusion, separating disturbance dynamics from site suitability
for habitat emergence is an important object in the modelling of habitat
availability and metapopulation dynamics for early-successional habitat
specialists. Our study presents a method for the incorporation of widerrange variations in disturbance dynamics into these models, and can be
developed further to accommodate social and environmental data for
forecasting and scenario analysis.

layers
A Word file.
Appendix 4: Additional simulation results graphs
A Word file.
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Chytrý, M., Tichý, L., Roleèek, J., 2003. Local and regional patterns of species richness in
central European vegetation types along the pH/calcium gradient. Folia Geobot. 38,
429–442.
Cobben, M.M.P., Verboom, J., Opdam, P.F.M., Hoekstra, R.F., Jochem, R., Arens, P.,
Smulders, M.J.M., 2011. Projected climate change causes loss and redistribution of
genetic diversity in a model metapopulation of a medium-good disperser. Ecography
34, 920–932.
Cousins, S.A.O., Eriksson, O., 2008. After the hotspots are gone: land use history and
grassland plant species diversity in a strongly transformed agricultural landscape.
Appl. Veg. Sci. 11, 365–374.
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