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Abstract

As extreme climatic events are becoming more frequent and intense, we need to
understand what mechanisms could buffer populations from climate change impacts to
ensure their persistence. Fragmented populations may be especially vulnerable to
climate change, as exemplified by species with metapopulation dynamics, whose
persistence is determined by a precarious balance between frequent local extinctions
and recolonizations of interconnected habitat patches. We investigated whether
variation in vegetation productivity between and within habitat patches can buffer
metapopulation dynamics in years of drought. Using 24 years of long-term monitoring
data from the Glanwville fritillary butterfly (Melitaea cinxia) for over 4000 habitat patches,
we modelled temporal trends in butterfly habitat patch occupancy and abundance as a
function of vegetation productivity and its heterogeneity during the growing season, using
yearly Normalized Difference Vegetation Indices (NDVI) estimated from satellite data. We
then tested whether these vegetation heterogeneity effects differed between years
depending on the magnitude of drought, measured as the cumulative climatic water
balance during the growing season. Across years, butterfly occupancy was consistently
highest in patches with low to intermediate vegetation productivity. However, once
patches were occupied, the effects of vegetation heterogeneity on butterfly abundances
differed between years, showing opposite trends in dry vs wet years. In drier years,
butterflies tended to be more abundant in patches of higher mean productivity, while in
wet years, abundances tended to increase with higher levels of within-patch vegetation
heterogeneity. These results indicate that there can be a mismatch between patch

occupancy and abundance dynamics, with patch (re)colonization success not
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responding to variation in the conditions that promote population growth during more
extreme years. Nevertheless, our results suggest that differences in vegetation
productivity within and between habitat patches can create enough variation in local
population dynamics to support the metapopulation during extreme years. The type of
vegetation heterogeneity needed for this support, however, varies with the type of

climatic perturbation.

1. Introduction

Extreme climatic events such as extreme precipitation and droughts are rapidly
increasing in frequency and intensity (IPCC, 2022). Such events can have severe
consequences for population persistence, including widespread reproductive failure
[e.g. (Schmidt et al., 2019)] and extreme mortality [e.g. (Garrabou et al., 2009)], that can
result in population declines (Oliver et al.,, 2015; Piha et al., 2007). As biodiversity
declines are starting to accelerate, we urgently need to implement conservation
practices that buffer populations against climate change (Milles et al., 2023; Morelli et
al., 2016). However, doing so requires a detailed understanding of the factors that can
mitigate the severity of extreme event impacts on population persistence (Bailey & van

de Pol, 2016; Van de Pol et al., 2017).

Fragmented populations may be especially vulnerable to extreme events, as climate
change can exacerbate their risk of extinction (Opdam & Wascher, 2004; Travis, 2003).
For example, during an extreme drought in Britain, drought-sensitive butterfly
populations experienced more severe declines when residing in smaller habitat patches
and slower population recovery when these habitat patches were more fragmented

(Oliver et al., 2015). Such interactions between climate change and habitat configuration
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can play a particularly important role for species with metapopulation dynamics, as
these populations are characterized by a balance between frequent local extinctions and
recolonizations (Hanski, 1999). Large environmental perturbations driven by climate
change may disrupt this precarious balance and can even cause metapopulation
extinction, as in the case of the Edith’s checkerspot butterfly (Euphydryas editha) in
central California (Singer & Parmesan, 2010). Interestingly, other species with
metapopulation dynamics, including crickets, frogs, caddisflies and butterflies, have
experienced similar major declines in response to extreme climatic events but have so
far managed to persist [e.g. (Kindvall, 1996; Piha et al., 2007; Shama et al., 2011; van

Bergen et al., 2020)].

A metapopulation of the Glanville fritillary butterfly (Melitaea cinxia) in the Finnish
archipelago Aland has been extensively monitored since 1993, with its long-term data
spanning multiple climatic perturbations including an extreme summer drought (Fig.1),
making it an excellent system to investigate what buffering mechanisms could allow
metapopulations to persist. Modelling of the metapopulation consistently identifies
habitat area and connectivity as key factors explaining the observed population
dynamics, in combination with factors describing habitat quality [i.e. the abundance of
host plants and patch grazing intensity, (Hanski et al., 2017; Schulz et al., 2020)].
However, an increasing frequency of summer droughts is altering these dynamics, with
year-to-year population size fluctuations rising in amplitude and spatial synchrony
between local population dynamics increasing across the Aland islands, making the
metapopulation as a whole more vulnerable to extinction (Kahilainen et al., 2018; Tack et
al., 2015). Previous work indicated that population declines are likely mediated by larval

nutritional stress due to host plant quality changes in response to extreme drought

4
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(Kahilainen et al., 2022; Salgado et al., 2020). We hypothesize that microhabitat variation
within and between patches is important for metapopulation persistence during summer
droughts, specifically variation in vegetation cover and productivity. Such habitat
heterogeneity can buffer populations against climate change through the availability of
microhabitats that remain suitable for survival and reproduction even under extreme
conditions, decreasing the risk of extinction (Milles et al., 2023; Suggitt et al., 2018). In M.
cinxia, a previous study found that patches with variation in the amount of shade were
more likely to have positive population growth rates in a year with a very dry and warm
spring, while this effect was absent in a year with a cooler spring (Rytteri et al., 2021).
However, the role of vegetation heterogeneity as a mechanism for buffering local

populations from extreme weather conditions has not yet been systematically assessed.
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102 Figure 1. Temporal trends of Glanville fritillary butterfly (Melitaea cinxia)
103 metapopulation dynamics in the Aland islands, Finland. Panel a) shows a map of the
104  Aland islands colored by habitat / land use type with black points indicating the
105  butterfly’s potential habitat patches (N = 4395 meadows with one or both of the
106  butterfly’s host plants present), and below the map an aerial photo of the area and a
107 photoofa M. cinxia larval nest (credits: NEvD). Panel b) depicts M. cinxia metapopulation
108 dynamics 2000-2023 across these habitat patches, measured in autumn each year as
109 patch occupancy (number of patches with at least one larval nest) and abundance
110 (number of larval nests). Panel c) shows the drought magnitude per year for the same
111 time period (black points) measured as cumulative climatic water balance during the
112 butterfly’s growing season (May-Aug, see Methods). The grey dashed line and shaded
113  area give the long-term average + 1 standard deviation and the blue line gives the long-
114  term trend in drought magnitude (1959-2023), with 2018 being the driest year on record
115 (see Fig.S1; extreme event highlighted in orange in panels b and c). For the period
116  analyzed (2000-2023), the last eight years did not see any wetter than average years, with
117  thered line giving the observed short-term trend of increasing drought during the growing
118  season (estimate =-3.88, SE =2.06, P =0.07, Table S1).

119

120 Here, we investigate whether vegetation heterogeneity influences metapopulation

121 persistence and growth in the Glanville fritillary butterfly (Melitaea cinxia), and how this
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effect is modulated by drought magnitude. Using 24 years of long-term monitoring data
from a metapopulation in the Aland island archipelago in Finland (Fig.1), we modelled
temporal trends in butterfly habitat patch occupancy and abundance as a function of
vegetation productivity and its heterogeneity during the growing season, using yearly
Normalized Difference Vegetation Indices (NDVI) estimated from satellite data. We then
tested whether these vegetation heterogeneity effects differed between years depending
on the magnitude of drought, measured as the cumulative climatic water balance during
the growing season. While we expected that patches with higher vegetation productivity
would on average have lower butterfly occupancy and abundances across years, as M.
cinxia butterflies are considered to prefer more open meadows than overgrown ones in
the Aland islands (Ojanen et al., 2013), we expected that this effect might differ between
years, with higher vegetation productivity and within-patch heterogeneity (i.e., more
variation in NDVI between and within patches) promoting population survival especially
during dry years. Gaining insight into such drivers of population persistence is crucial for

understanding what determines population responses to ongoing climate change.

2. Methods

2.1 Long-term survey and climate data

Metapopulation dynamics of the Glanville fritillary butterfly (Melitaea cinxia) have been
monitored yearly since 1993 in the Aland islands, South-Western Finland (Hanski, 2011;
Ojanen et al., 2013). In this archipelago, the butterfly inhabits a network of over 4,000
potential habitat patches, typically dry meadows or pastures containing either one or
both of its host plants (ribwort plantain Plantago lanceolata and spiked speedwell

Veronica spicata, Fig.1). The butterflies are univoltine, with adults emerging in May and
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females laying clutches of 150-200 eggs in June (Saastamoinen, 2007). The larvae hatch
in July to feed and develop up until the fourth instar, after which they overwinter in silken
‘winter nests’ as gregarious groups of mostly full-sib family groups (Fountain et al., 2018).
Every year, in late August to early September, each patch in the network is surveyed to
record butterfly occupancy and abundances (measured as the number of diapausing
larval groups, see Fig.1). The probability of missing an existing population (false negatives
for patch occupancy) is estimated to be around 10%, and these populations are mostly
very small [i.e. consisting of just one larval group; (Ojanen et al., 2013)]. For occupied
patches, around 50%-60% of all larval groups are detected (Hanski et al., 2017; Ojanen
et al., 2013). Our study focused on data collected in 2000-2023, as, from 2000 onwards,
the number of habitat patches surveyed yearly has remained stable and a standard set
of habitat variables has been recorded for each patch (Ojanen et al., 2013; Schulz et al.,
2020). These habitat variables include host plant abundances and grazing pressure,
which we combined with measures of patch area and connectivity in our analyses below.

For more details on the study system, see (Ojanen et al., 2013).

As an index of drought magnitude, we downloaded daily weather data (precipitation,
minimum and maximum temperature) for each survey year from the Finnish
Meteorological Institute (FMI) server (https://www.ilmatieteenlaitos.fi/havaintojen-
lataus) selecting the Jomala climate station in the Aland islands (60.12° N, 19.99° E, 11
m asl). We then calculated the potential evapotranspiration values per month based on
the monthly averages of observed minimum and maximum temperatures using the
Hargreaves method (Hargreaves, 1994) and computed the climatic water balance in mm
per month as mean precipitation minus mean potential evapotranspiration using R

v.4.4.2. (R Core Team, 2024) with package SPEI v.1.8.1. (Begueria et al., 2017) [for more
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details, see (van Bergen et al., 2020)]. For each year, we took the sum of the monthly
climatic water balances May-August to obtain the climatic water balance accumulated

during the M. cinxia growing season.

2.2 Normalized Difference Vegetation Indices (NDVI)

We estimated the vegetation productivity of M. cinxia habitat patches using two types of
satellite data: Copernicus Sentinel-2 satellite data (2A and 2B satellites) by courtesy of
the European Space Agency (ESA) & Copernicus Program and satellite data from the
Landsat program (Landsat-5, 7, 8 and 9 satellites) by courtesy of the National Aeronautics
and Space Administration (NASA) and the United States Geological Survey (USGS). Both
surface reflectance datasets were accessed from the Google Earth Engine using R with
package rgee v.1.1.7 (Aybar et al., 2020). Sentinel data provided a finer resolution of 10m
and more frequent images, but were only available from 2016 onwards, so we used
Landsat data with a courser resolution of 30m for the full time series (2000-2023) and
Sentinel data for the years 2016-2023 to assess the impact of spatial resolution on the
results. From the satellite imagery, vegetation productivity during the growing season was
estimated for each patch and year by calculating the Normalized Difference Vegetation
Index (NDVI), a common proxy for vegetation greenness (Pettorelli et al., 2005). In short,
for each year, we downloaded available satellite scenes that were at least partly cloud-
free (maximum of 80% cloud cover) for the growing season months May-August [Sentinel:
N=467 scenes from 2016-2023; Landsat: N=343 scenes from 2000-2023]. We masked
pixels of poor quality by using the quality assessment (QA) layers available with the
satellite data and verified spatial accuracy for each scene visually. Additionally, we

created a unified water mask for the Landsat imagery by selecting 15 cloud-free images
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and setting each pixel as water if for at least half of the selected images the focal pixel
was characterized as water in the corresponding QA-layer. Next, we calculated NDVI for
each pixel in the satellite images using the red and near-infrared satellite spectral bands
(i.e. estimating how green the vegetation is). The resulting NDVI rasters were visually
checked to exclude clearly erroneous images (e.g., due to failed cloud masks, N=5
Landsat scenes were excluded). Finally, we corrected for the effect of different satellite
sensors, as the different Landsat satellites have slightly varying spectral specifications
and NDVI is thus expected to show small systematic differences across the sensors
(Teillet et al., 2006). To do so, we identified scene pairs taken a maximum of five days
apart (i.e., image pairs of Landsat-5 ~ Landsat-7, Landsat-8 ~ Landsat-7, or Landsat-9 ~
Landsat-7). For each pair, we randomly sampled 50,000 overlapping clear pixels and
extracted the corresponding NDVI values. We then corrected the NDVI values across
sensors to match the Landsat-7 imagery scale, which temporally overlaps with the other
Landsat satellites, using linear models with the Landsat-7 values as the dependent
variable and the corresponding paired Landsat-5, 8 or 9 values as the independent

variable; extracting the predicted NDVI values from these models for further processing.

To account for potential temporal bias from interannual variation in the availability of
cloud-free imagery, both Landsat and Sentinel NDVI data were seasonally (i.e.,
phenologically) corrected using one GAM model per pixel (assuming a beta distribution
with a logit link function). These models included the raw NDVI values from each year as
the response variable, day of the year (continuous) as a fixed effect, a random intercept
foryear (categorical), and a random slope for the interaction between day of the year and
year. We thus obtained seasonal NDVI curves for each year with a year-specific

correction for day of the year and extracted the predicted NDVI values for each day (May-

10
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August) and year. Subsequently, vegetation productivity was calculated from the
seasonally corrected NDVI values, first for each pixel as the median NDVI pixel value per
month and year (Sentinel data, N=5.9+2.8 [average + standard deviation] scenes per pixel
per month; Landsat data, N=3.5+2.0 scenes per pixel per month). Secondly, we
calculated for each patch the mean NDVI and its standard deviation per month and year,
using all pixels falling within that patch, to capture mean vegetation productivity and its
spatial within-patch heterogeneity, respectively. Finally, these monthly patch measures
were combined into one value per growing season (May-Aug) by taking the mean of the
monthly means and the root mean square of the monthly standard deviations, to use in
our analyses (see below). This three-step approach was used to ensure that each pixel
and each month contributed equally to the annual NDVI measures, to further reduce
potential bias arising from variation in the number of available satellite scenes. As the
monthly NDVI means and standard deviations could not be calculated for very small
patches that consisted of only one pixel in the Landsat data, and we know from previous
work that these patches have very little impact on the metapopulation dynamics of M.
cinxia (Hanski et al., 2017), these patches were excluded from the final analysis (on

average 5% of patches excluded per year).

2.3 Statistical analysis

To test whether vegetation heterogeneity influences metapopulation persistence and
growth in M. cinxia butterflies, we used generalized linear mixed models (GLMMs) in R
v.4.5.1 (R Core Team, 2025) using Bayesian latent gaussian models with integrated
nested Laplace approximation implemented in package INLA v.25.06.07 that enables

accounting for spatial autocorrelation (Rue et al., 2009). For each satellite data type, we
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used two GLMMs to model M. cinxia metapopulation dynamics from 2000-2023 for
response variables: (1) annual patch occupancy [Bernoulli distribution] and (2) annual
larval nest abundance within occupied patches [negative binomial distribution]. For each
model, we included five fixed effects that previous work identified as major contributors
to M. cinxia metapopulation dynamics (Schulz et al., 2020), namely: patch habitat area,
population connectivity, host plant abundance per year, and patch population size in the
previous year (all log-transformed) and grazing intensity. To test for the effect of between-
patch variation in vegetation productivity, we included the annual mean Normalized
Difference Vegetation Index per patch as a fixed effect (mean NDVI, see above) as well as
mean NDVI squared to allow for nonlinear responses. To test for the effect of within-patch
vegetation heterogeneity, we included the annual NDVI standard deviation per patch as
a fixed effect. As host plants are a part of the vegetation and host plant availability in a
patch greatly influences the likelihood of butterfly occupancy (Schulz et al., 2020), we
also tested whether the effect of NDVI was mediated by host plant abundance by fitting
three interaction effects, one between each NDVI fixed effect and host plant abundance.
Before inclusion in the model, all fixed effects were standardized to a mean of zero and a

standard deviation of one.

Following previous work (Schulz et al., 2020), each model included year and patchlID as
random effects, as well as a stochastic partial differentiation equation random effect
[SPDE, (Lindgren et al., 2011)] to account for spatial autocorrelation between patches.
We also fitted random year slopes for the three NDVI-based fixed effects and their
interactions with host plant abundance to obtain yearly NDVI effect sizes. We then used
linear models to test whether the magnitude of these yearly NDVI effect sizes depended

on the magnitude of drought. Here, we ran one model for each NDVI measure (i.e. mean

12
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vegetation productivity, mean vegetation productivity squared, and vegetation
heterogeneity; and their interactions with host plant abundance), using the predicted
yearly slopes from the occupancy and abundance GLMMs as the response variable and
the cumulative climatic water balance and climatic water balance squared as fixed
effects. We ran both a linear model with only the point estimates (i.e. the mean of the
posterior mean distribution of each effect size estimate) and a linear model accounting
for the uncertainty around these estimates, by including the standard error of the
posterior mean distribution of each effect size estimate in the response variable using

package brmsv.2.22.0 (Burkner, 2017; Carpenter et al., 2017).

3. Results

3.1 Vegetation productivity and its heterogeneity affect butterfly population
dynamics

Across years, butterfly patch occupancy and abundances were significantly impacted by
patch area, connectivity and quality (i.e. host plant abundance, and grazing intensity),
with both the direction and magnitude of effects consistent with previous work on this
system (Schulz et al., 2020): patches occupied in the previous year, as well as larger and
more connected patches with higher host plant abundances, had higher chances of
butterfly occupancy and higher abundances, while both occupancy and abundance
declined when patches were more intensely grazed (P<0.05, i.e. 95% Credible Intervals
[CI] do not overlap with zero, Fig.2, Table S2). Moreover, across years, patch occupancy,
but not butterfly abundance, was significantly impacted by between-patch variation in
vegetation productivity, in a nonlinear way and depending on host plant abundances

(P<0.05, Table S2). The effect sizes on patch occupancy of mean NDVI (i.e. Normalized
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growing season, as estimated from the Landsat satellite data, were both negative, while

the interaction between host plantabundance and mean NDVIwas positive (Fig.2). These

effects were similar in direction and magnitude for the models in which NDVI variables

were based on higher resolution Sentinel satellite data, although these covered only a

subset of years (Fig. S2, Table S3).
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Figure 2. Standardized effect sizes of vegetation productivity and heterogeneity on
butterfly patch occupancy and abundance dynamics (2000-2023). Both the
occupancy and abundance models contained five fixed effects previously found to
influence M. cinxia metapopulation dynamics (i.e. covariates highlighted in orange:
population size in the previous year, patch area, connectivity, grazing intensity, and host
plant abundances) as well as fixed effects capturing between-patch variation in
vegetation productivity and within-patch vegetation heterogeneity (highlighted in green),
as estimated from Landsat satellite data by the mean Normalized Difference Vegetation
Index (NDVI), mean NDVI squared and NDVI standard deviation (sd) per patch (see
Methods). For each fixed effect the posterior means are shown with boxes depicting the
80% Credible Intervals [Cl] and whiskers the 95% Cls, colored grey when the 95% Cls did
not overlap with zero (i.e. P<0.05, Table S2).

14



305

306

307

308

309

310

311

312

313

314

315

316

The effect of mean NDVI on patch occupancy followed an inverse U-shape relationship
(Fig.3), where the odds of patch occupancy were maximized at low to intermediate levels
of vegetation productivity but decreased for lower or higher mean NDVI. The significant
interaction between host plant abundance and mean NDVI furthermore meant that the
odds of patch occupancy were maximized at a higher NDVI mean when patches had
higher host plant abundances (Fig.3). For abundance, the effect of mean NDVI did not
differ from zero but we did find a significant negative effect of NDVI squared albeit with a
smaller effect size than the occupancy model (P<0.05, Fig.2), meaning that butterfly
abundances tended to be slightly higher for patches with intermediate levels of
vegetation productivity across years. The effect of within-patch vegetation heterogeneity
on patch occupancy and abundances, measured as the NDVI standard deviation (sd) of

each patch (see Methods), was similarly negative but did not differ from zero (Fig.2).

15



317
318

319
320
321
322
323
324
325
326
327
328
329
330
331
332
333

very low ¥
Tl N = 2411 obs
6.01

4.01

2.01

0.01

2.01 N = 17608 obs
1.51
1.01

0.51

0.01

medium%
2.0 N = 34157 obs

1.51
1.0

0.51

Odds ratio of patch occupancy

0.01

high%
2.01 N = 20857 obs

1.5
1.04

0.51

0.0

0.2 0.4 0.6 0.8

NDVI_mean
Figure 3. Effect of mean Normalized Difference Vegetation Index (NDVI) during the
growing season (May-Aug) on butterfly patch occupancy odds ratios. The posterior
means of the combined effects of mean NDVI, mean NDVI squared, and the interaction
between mean NDVI and host plant abundance (black lines) — found to significantly
impact the chances of patch occupancy (see Fig.2) —are depicted with their 95% Credible
Intervals (Cl, black dashed lines), while keeping all other fixed effects in the model at
reference level (i.e. their average values across years). An odds ratio of one (grey dotted
line) refers to the odds of patch occupancy at reference level. The effect of mean NDVI is
splitinto four groups of host plant abundance levels (measured in the field on an ordinal
scale 0-3: very low, low, medium, and high) to show the interaction between mean NDVI
and host plant abundance: the mean NDVI at which the odds of patch occupancy was
maximized (blue lines) increased for patches with higher host plant abundances. The
numbers of observations (humber of year-patch combinations) underlying the patterns
for each panel are reported in the top right corners. Note the different y-scale for the very
low host plant abundance panel.
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3.2 Vegetation heterogeneity effect size modulation by drought

Using the yearly fitted random slopes of the vegetation productivity fixed effects (i.e.
Normalized Difference Vegetation Index [NDVI] measures) and their interactions with
host plant abundance from the Landsat occupancy and abundance models (Fig.2), we
tested whether the magnitude of the NDVI effect sizes on butterfly population dynamics
differed between years depending on the magnitude of drought during the growing
season (May-Aug). While between-patch variation in vegetation productivity (mean NDVI)
affected patch occupancy dynamics across years (Fig.2), the effect sizes of mean NDVI
and mean NDVI squared on patch occupancy did not differ between years according to
drought magnitude. Similarly, neither the effect size of within-patch vegetation
heterogeneity (NDVI standard deviation [sd]) nor those of the interactions of NDVI with
host plant abundance were affected by drought magnitude (P>0.10, Fig.S4, Table S5). In
contrast, we did find NDVI effect size modulation by drought of patch abundance
dynamics. While across years, butterfly patch abundances were not significantly
impacted by mean NDVI (Fig.2), the yearly effect sizes showed a trend whereby drier
years had more positive effect sizes and wetter years had more negative effect sizes. The
same linear trend was apparent for mean NDVI in interaction with host plant abundance
(P<0.10in the simple linear models, Fig.4, Table S6). Thus, while higher mean vegetation
productivity led to lower butterfly patch abundances in wetter years, in drier years
butterfly abundances were higher for the same mean vegetation productivity. However,
these modulation effects were not robust to uncertainty in the posterior mean effect
sizes, as the effect of drought magnitude on the mean NDVI effect sizes no longer differed
from zero after accounting for the standard deviations around the posterior means
(P>0.10in the more complex linear models, Fig.4, Table S6).
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Figure 4. Vegetation productivity and heterogeneity effect sizes on butterfly
abundance modulated by drought magnitude. Each panel shows the relationship
between drought magnitude on the x-axis (measured as the cumulative climatic water
balance in mm during the butterfly growing season May-Aug) and on the y-axis the yearly
slope effect sizes of each Normalized Difference Vegetation Index (NDVI) fixed effect and
their interactions with host plant abundance on patch abundance (see Fig.2 for the fixed
effect model coefficients). Points are the posterior mean year slope effect sizes *
posterior standard deviation. Blue lines indicate significant trends of drought magnitude
and/or drought magnitude squared on NDVI effect sizes (P<0.10), with dashed lines
indicating trends that were only found in simple linear models and solid lines indicating
trends that remained when also modelling the uncertainty around the posterior effect
size means (see Methods, Table S6).

In addition to drought modulation of mean NDVI effect sizes, we found an effect of
drought magnitude on the yearly effect sizes of within-patch vegetation heterogeneity

(NDVI sd) on patch abundances, butin the opposite direction. In dry years, NDVI sd effect
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sizes on patch abundances were more negative, thus patches with more within-patch
variation in vegetation productivity tended to have lower butterfly abundances in dry
years, while in wetter years patches tended to have higher abundances for the same
levels of within-patch vegetation heterogeneity (P<0.10, Fig.4, Table S6). This drought
modulation effect was robust both to estimate uncertainty and to the effect of the 2018
extreme event, as the trend remained when accounting for the standard deviations
around the posterior mean effect sizes and when excluding 2018 from the analysis

(P<0.10, Table S6).

4. Discussion

As the frequency and intensity of extreme climatic events are increasing, a pressing
question is what mechanisms could buffer populations from climate change impacts to
ensure their persistence (Milles et al., 2023; Morelli et al., 2016). Such buffering might be
especially important for metapopulations that persist in a precarious balance between
frequent local extinctions and recolonizations of interconnected habitat patches, as
climate change could trigger synchronized local population collapses that drive the
metapopulation to extinction (Hanski, 1999). We investigated whether variation in
vegetation productivity between and within habitat patches can buffer metapopulation
dynamics, and whether these effects differed between years depending on the
magnitude of drought. Using 24 years of data from the Glanville fritillary butterfly
(Melitaea cinxia) as our model system, we found that vegetation productivity affected
occupancy dynamics in a similar way across years, while once patches were occupied,
the effects of vegetation productivity and its within-patch heterogeneity on butterfly

abundances differed between years depending on drought magnitude.
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In line with our expectations, across years, patches with higher vegetation productivity
consistently had lower chances of butterfly occupancy, with this effect being modulated
bythe number of host plants available in the patch (Fig. 2 and 3). Between-patch variation
in vegetation productivity thus seems to decrease habitat suitability for M. cinxia. Indeed,
in the Aland islands, M. cinxia butterflies tend to occur more in open meadows than
overgrown ones (Ojanen et al., 2013) and females preferentially oviposit in microhabitats
with higher host plant abundances (Salgado et al., 2020). More homogeneous habitat is
generally considered to be beneficial for species that are sensitive to habitat quality, such
as specialist species with strict habitat requirements and species with low dispersal
capability (Donaldson et al., 2017; Ye et al., 2013) and diversification of such habitats can
lead to local extinctions of specialist species (Habel et al., 2019). Interestingly, however,
while vegetation heterogeneity effects on occupancy dynamics did not differ between
years depending on drought magnitude, we found the opposite to be true for patch
abundances (Fig. 4). Thus, in both dry and wet years, oviposition preferences and/or
establishment success of the butterfly were highest for patches with low to intermediate
vegetation productivity levels, but once occupied, the effects of between and within
patch vegetation heterogeneity on butterfly abundances differed between years

depending on drought magnitude.

Our a priori expectation was that vegetation heterogeneity would promote population
survivalin drier years, but the effects of between- and within-patch variation in vegetation
productivity on butterfly abundances in fact showed opposite trends (Fig. 4). In line with
our expectations, vegetation productivity had a more positive effect on butterfly
abundances in drier years. The same trend was also found for the interaction between

vegetation productivity and host plant abundances, meaning that more productive
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patches tended to have higher butterfly abundances than less productive patches in dry
years. While not robust to uncertainty in the annual estimates, this pattern suggests that
in drier years more productive patches were more likely to retain sufficient (high quality)
host plants and/or beneficial microhabitats to support larval development. Thus,
variation in vegetation productivity between patches could buffer the metapopulation by

ensuring butterfly survival in at least some patches in years of more extreme drought.

In contrast, within-patch vegetation heterogeneity had a more positive effect on butterfly
abundance not in drier but in wetter years, meaning that butterfly abundances tended to
be higherin more heterogeneous patches in wetyears. This effect was robust to estimate
uncertainty and opposite to our a priori expectation that within-patch variation might
similarly promote butterfly survival in dry years by providing microhabitats that support
larval development. It may be that this effect instead captures the effect of within-patch
variation in vegetation height, for example mediated by the presence of more rocky terrain
or shade, which might be more important in wet years than dry years. Indeed, in wetter
years, we expect the vegetation to grow higher, leading to more overgrown habitat that is
considered to be poor habitat for species whose egg and larval development rely on
warm microclimates (WallisDeVries & van Swaay, 2006). Previous work found that M.
cinxia not only prefers more open microhabitats, but also drier microhabitats in the Aland
islands, preferentially laying eggs on host plants with signs of drought stress, which might
be attributed to the fact that the butterfly occurs at its most northern range edge in this
archipelago and thus might select warmer microhabitats for egg laying to facilitate larval
development (Salgado et al., 2020). These results thus suggest that variation in

vegetation productivity within patches may buffer the metapopulation on the opposite

21



445

446

447

448

449

450

451

452

453

454

455

456

457

458

459

460

461

462

463

464

465

466

467

468

end of weather extremes. In wet years, when high vegetation productivity causes patches

to become overgrown, more open microhabitats could help ensure butterfly survival.

Habitat heterogeneity has been previously associated with more stable population
dynamics, suggesting that heterogeneous landscapes can buffer populations against
climatic variation (Oliver et al., 2010). Our results provide insight into when, i.e., under
which conditions, habitat heterogeneity can buffer populations against such climatic
perturbations. Specifically, we found that the type and degree of heterogeneity that is
optimal may differ between average, wet and dry years. Importantly, our results
corroborate that in average years, homogeneous low-productive seminatural grasslands
are essential for the preservation of species relying on warm microclimates
(WallisDeVries & van Swaay, 2006; Warren et al., 2021). But our results also show that
more heterogenous habitats, which in average years are less suitable for population
persistence and survival, can become important during climatic perturbations and
extreme events. This is likely to apply not only to Lepidoptera species but also to other
drought-sensitive taxa, such as crickets, frogs, and caddisflies [e.g. (Kindvall, 1996; Piha
et al., 2007; Shama et al., 2011)]. Moreover, our results suggest a potential mismatch
between patch occupancy and patch abundance dynamics, with patch (re)colonization
success nhot responding to variation in the conditions that promote population growth
during more extreme years. Such a mismatch might be the result of oviposition behavior,
with females unable to predict or respond to variation in the habitat conditions that best
support larval growth and survival later in the season, as previous work found that female
habitat preference for oviposition did not differ between an average and an extremely dry
year, while the type of habitat that best supported larval survival differed between these

years (Salgado et al., 2020).
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Our analyses test the hypothesis that the severity of climate change effects on
metapopulation dynamics are mediated through vegetation productivity, whereby
variation in vegetation productivity promotes microclimatic variation that can buffer
butterfly survival and development during periods of extreme weather, likely through their
effects on host plant quality and abundance (Kahilainen et al., 2022; Rytteri et al., 2021;
Salgado et al., 2020). While our results support a role of vegetation heterogeneity in
buffering populations from climate change, further work is needed to determine what
drives between- and within-patch vegetation heterogeneity [e.g., soil type, topographic
variation, or presence of trees, shrubs, and forest edges that provide shade (Ojanen et
al., 2013; Salgado et al., 2020)]. Other factors outside the scope of our study, such as
variation in topography or solar radiation, may also create microclimatic heterogeneity

independently of vegetation structure and cover (Suggitt et al., 2018).

5. Conclusion

A major concern for metapopulation persistence under climate change is increased
synchrony in local population declines, which reduces the number of local populations
that sustain the extinction-recolonization balance to prevent metapopulation extinction
(Hanski, 1999; Kahilainen et al., 2018). Our results indicate that while, on average,
vegetation heterogeneity is not necessarily beneficial for population persistence and
growth, variation in vegetation productivity both between and within habitat patches
could introduce sufficient variation in local population dynamics to buffer the
metapopulation during extreme years. The type of vegetation heterogeneity required for
buffering, however, seems to depend on the climatic perturbation. As extreme events are

expected to keep increasing in frequency and intensity with ongoing climate change
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(IPCC, 2022), conservation practices should thus not only focus on maintaining and
increasing the availability of high-quality habitat but also on maintaining and promoting
a degree of habitat heterogeneity. Based on our results, we suggest that for drought-
sensitive species that depend on warm microclimates for development (WallisDeVries &
van Swaay, 2006; Warren et al., 2021), high quality habitat includes low-productivity, well-
connected meadows with high host plant abundances. In addition, our results indicate
that landscape elements that promote open habitat features, and thus within-patch
variation in vegetation height, may promote population survival especially in wet years.
In contrast, in dry years, the availability of drought-resilient habitat patches with higher
vegetation productivity, for example, mediated by soil type, topographic variation, or the

presence of shade, may be essential for population growth.
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S1. Model output and additional results

Temporal patterns in drought magnitude

Table S1. ANOVA results for linear models testing short- and long-term temporal
trends in drought magnitude. We tested for the effect of year and year squared on
drought magnitude (i.e. cumulative climatic water balance in mm from May-Aug each
year, see main text). We report model estimates with standard errors (SE) the sum of
squares (SumSq) and mean squares (MeanSq), degrees of freedom (DF), F-value, and P-
value (P<0.10 in bold). As there was no support for a nonlinear trend on the short-term,

we dropped year squared from the final model for 2000-2023.

Model parameter Estimate (SE) SumSqg/MeanSq DF F- P-
value value
Short-term (2000-2023) - full
Year 1,238.79(1,344.00) 17,338.18/17,338.18 1 3.54 0.07
Year"2 -0.31(0.33) 4,184.26/4,184.26 1 0.85 0.37
Residuals 102,782.79/4894.42 21
Short-term (2000-2023) - reduced
Year -3.88(2.06) 17,338.18/17,338.18 1 3.57 0.07
Residuals 106,967.04/4,862.14 22
Long-term (1959-2023)
Year 191.89 (107.26) 4,895.85/4,895.85 1 1.05 0.31
Year”2 -0.05(0.03) 15,023.10/15,023.10 1 3.22 0.08
Residuals 289,636.21/4,671.55 62
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Fig S1. Nonlinear long-term trend in drought magnitude on the Aland islands,
Finland. Drought magnitude per year (black points) for the time period 1959-2023 was
measured as cumulative climatic water balance during the butterfly’s growing season
(May-Aug, see Methods). The grey dashed line and shaded area give the long-term
average + 1 standard deviation (std.dev) and the blue line gives the long-term trend in
drought magnitude (Table S1). Note that 2018 is the driest year on record, and no wetter
than average years (>1 std.dev of the mean) were observed in the last 8 years.
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Landsat model coefficients

Table S2. Model coefficients for the full occupancy and abundance models using
Landsat satellite data (2000-2023). The full model included five covariates known to

majorly contribute to Melitaea cinxia metapopulation dynamics (i.e. patch habitat area,

population connectivity, host plant abundance, patch population size in the previous

year, and grazing intensity; see main text), as well as fixed effects capturing between-

patch and within-patch vegetation heterogeneity estimated using Normalized Difference

Vegetation Indices (NDVI) per patch — the mean NDVI, mean squared (mean”2), and

standard deviation (sd), and their interactions with host plant abundance. Posterior
means, sd, and 95% Credible Intervals (Cl) are given, with 95% Cls that did not overlap

with zero in bold (i.e. P<0.05).

Fixed effect Posterior mean Posterior sd 95% CI
occupancy
intercept -2.92 0.23 -3.37 - -247
area 0.32 0.02 0.28 - 0.37
connectivity 0.84 0.02 0.80 - 0.88
grazing intensity -0.28 0.02 -0.31 - -0.24
hostplant 0.92 0.03 0.87 - 0.97
previous popsize 0.50 0.01 048 - 0.53
NDVI_mean -0.28 0.03 -0.35 - -0.21
NDVI_mean”2 -0.11 0.02 -0.15 - -0.08
NDVI_sd -0.05 0.03 -0.10 - 0.01
hostplant:NDVI_mean 0.12 0.03 0.06 - 0.19
hostplant:NDVI_mean”2 0.01 0.02 -0.03 - 0.04
hostplant:NDVI_sd -0.05 0.03 -0.10 - 0.005
abundance

intercept -0.47 0.13 -0.73 - -0.21
area 0.28 0.02 0.24 - 0.33
connectivity 0.22 0.02 0.19 - 0.25
grazing intensity -0.06 0.02 -0.10 - -0.02
hostplant 0.32 0.03 0.26 - 0.38
previous popsize 0.26 0.01 0.24 - 0.28
NDVI_mean -0.04 0.04 -0.12 - 0.03
NDVI_mean”2 -0.06 0.02 -0.10 - -0.01
NDVI_sd -0.04 0.04 -0.12 - 0.03
hostplant:NDVI_mean 0.06 0.04 -0.02 - 0.13
hostplant:NDVI_mean”2 0.02 0.02 -0.08 - 0.07
hostplant:NDVI_sd -0.02 0.04 -0.10 - 0.06
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Standardized effect size

Figure S2. Standardized effect sizes of vegetation productivity and heterogeneity on
butterfly patch occupancy and abundance dynamics (2016-2023). Both the
occupancy and abundance models contained five fixed effects previously found to
influence M. cinxia metapopulation dynamics (i.e. covariates highlighted in orange:
population size in the previous year, patch area, connectivity, grazing intensity, and host
plant abundances) as well as fixed effects capturing between-patch and within-patch
vegetation heterogeneity (highlighted in green), as estimated from Sentinel satellite data
by the mean Normalized Difference Vegetation Index (NDVI), mean NDVI squared and
NDVI standard deviation (sd) per patch (see Methods). For each fixed effect the posterior
means are shown with boxes depicting the 80% Credible Intervals [Cl] and whiskers the
95% Cls, colored grey when the 95% Cls did not overlap with zero (i.e. P<0.05, Table S3).



52 Table S3. Model coefficients for the full occupancy and abundance models using
53 Sentinel satellite data (2016-2023). Posterior means, sd, and 95% Credible Intervals
54  (Cl) are given for included covariates (patch habitat area, population connectivity, host
55 plant abundance, patch population size in the previous year, and grazing intensity) and
56 fixed effects (Normalized Difference Vegetation Indices [NDVI] per patch); with 95% Cls
57  thatdid not overlap with zeroin bold (i.e. P<0.05). See Fig.2 and Table S2 for model results
58 using Landsat satellite data (2000-2023).

Fixed effect Posterior mean Posterior SD 95% CI
occupancy
intercept -2.97 0.56 -4.06 - -1.88
area 0.34 0.04 0.26 - 0.41
connectivity 0.79 0.03 0.72 - 0.86
grazing intensity -0.17 0.03 -0.23 - -0.11
hostplant 0.86 0.06 0.74 - 0.98
previous popsize 0.48 0.03 042 - 0.55
NDVI_mean -0.35 0.08 -0.50 - -0.20
NDVI_mean”2 -0.16 0.04 -0.23 - -0.09
NDVI_sd -0.09 0.07 -0.22 - 0.04
hostplant:NDVI_mean 0.31 0.10 0.12 - 0.50
hostplant:NDVI_mean”2 0.10 0.05 0.003 - 0.19
hostplant:NDVI_sd 0.04 0.07 -0.11 - 0.18
abundance

intercept -0.58 0.30 -1.18 - 0.02
area 0.30 0.05 0.21 - 0.39
connectivity 0.19 0.03 0.12 - 0.25
grazing intensity -0.05 0.04 -0.13 - 0.03
hostplant 0.42 0.08 0.26 - 0.58
previous popsize 0.31 0.02 0.26 - 0.36
NDVI_mean -0.16 0.10 -0.35 - 0.04
NDVI_mean”2 -0.07 0.05 -0.17 - 0.02
NDVI_sd -0.05 0.07 -0.18 - 0.09
hostplant:NDVI_mean 0.1 0.13 -0.14 - 0.37
hostplant:NDVI_mean”2 0.001 0.07 -0.13 - 0.13
hostplant:NDVI_sd -0.09 0.09 -0.28 - 0.09
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Figure S4. No drought magnitude modulation of vegetation productivity and
heterogeneity effect sizes on butterfly occupancy dynamics. Each panel shows the
relationship between drought magnitude on the x-axis (measured as the cumulative
climatic water balance in mm during the butterfly growing season May-Aug) and on the y-
axis the yearly slope effect sizes of each Normalized Difference Vegetation Index (NDVI)
fixed effect and their interactions with host plant abundance on patch occupancy (see
Fig.2 and Table S2 for the fixed effect model coefficients). Points are the posterior mean
year slope effect sizes + posterior standard deviation. No significant trends of drought
magnitude and/or drought magnitude squared on NDVI effect sizes were found (P>0.10,
Table S5).
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Table S5. ANOVA results for linear models testing whether drought magnitude
impacts the effect size of vegetation heterogeneity on occupancy dynamics. We
tested for the effect of drought magnitude (WAB58) and drought magnitude squared
(WAB58"2), measured as cumulative climatic water balance during the butterfly’s
growing season (May-Aug). Drought magnitude squared was dropped from the final
modelwhen not significant (P>0.10). Annual random effect sizes (i.e. posterior means) of
each vegetation heterogeneity fixed effect and their interaction effects were obtained
from the full occupancy model (Fig. 2 and Table S2). For each fixed effect, we ran a simple
linear model as well as a more complex linear model that took into account the
estimation error around the vegetation heterogeneity effect sizes (i.e. * posterior
standard deviation). Estimates are given for the simple linear models, including the
degrees of freedom (DF) and residual DF, F-value and p-value, reported for models
including and excluding the year of the extreme event 2018. For the more complex
Bayesian models we only included the 90% Credible Intervals (Cl) here, as in all cases
the estimates were in the same direction and of similar magnitude as the simple linear
models. No effects of drought magnitude on vegetation heterogeneity effect sizes were
observed (also see Fig.S4).

Fixed effect Estimate 90% CI DF F- P-value
(excl. 2018) (resDF) value (excl.2018)
NDVI_mean
WAB58 -0.01(-0.01) -0.03 - 0.02 1(21) 0.24 0.63(0.64)
WAB58"2 <-0.001 (<0.001) -0.02 - 0.02 1(21) 0.01 0.94(0.94)
reduced model:
WAB58 -0.01 (-0.01) 1(22) 0.25 0.62(0.63)
NDVI_mean”"2
WAB58 -0.002 (-0.002) -0.01 - 0.01 1(21) 0.54 0.47(0.57)
WAB58"2 <0.001 (0.001) -0.01 - 0.01 1(21) 0.09 0.76(0.66)
reduced model:
WAB58 -0.003 (-0.002) 1(22) 0.56 0.46 (0.56)
NDVI_sd
WAB58 0.01(0.01) -0.01 - 0.03 1(21) 1.68 0.21(0.35)
WAB58"2 -0.003 (-0.005) -0.02 - 0.01 1(21) 0.36  0.55(0.47)
reduced model:
WAB58 0.01 (0.01) 1(22) 1.73 0.20(0.34)
hostplant:NDVI_mean
WAB58 -0.003 (<0.001) -0.02 - 0.02 1(21) 0.21 0.65(0.90)
WAB58"2 -0.001 (-0.006) -0.01 - 0.01 1(21) 0.16 0.69(0.18)

reduced model:
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WAB58 -0.002 (<-0.001) 1(22) 0.21  0.65(0.90)

hostplant:NDVI_mean"2

WAB58 0.003(0.001) -0.01 - 0.01 1(21) 0.30 0.59(0.64)
WAB58"2 0.002 (0.004) -0.01 - 0.01 1(21) 0.44 0.52(0.29)

reduced model:
WAB58 0.002 (0.002) 1(22) 0.31 0.58(0.64)

hostplant:NDVI_sd

WAB58 0.004 (<0.001) -0.01 - 0.02 1(21) 0.56 0.46(0.80)
WAB58"2 <-0.001(0.003) -0.01 - 0.01 1(21) 0.05 0.82(0.59)

reduced model:
WAB58 0.004 (0.001) 1(22) 0.58 0.45(0.79)

Table S6. ANOVA results for linear models testing whether drought magnitude
impacts the effect size of vegetation heterogeneity on abundance dynamics. We
report the effects of drought magnitude (WAB58), and drought magnitude squared
(WAB5872) on each vegetation heterogeneity fixed effect included in the full abundance
model (see Fig. 2 and Table S2). Drought magnitude squared was dropped from the final
model when not significant (P>0.10). Estimates are given for the simple linear models
(see Table S5 legend for details), including the degrees of freedom (DF) and residual DF,
F-value and p-value, reported for models including and excluding the year of the extreme
event 2018. For the more complex Bayesian models we only included the 90% Credible
Intervals (Cl) here, as in all cases the estimates were in the same direction and of similar
magnitude as the simple linear models. Significant trends are in bold (P<0.10), with
robust results highlighted in grey (i.e. cases where drought magnitude was significant
both in the simple and more complex linear models).

Fixed effect Estimate 90% CI DF F- P-value
(excl. 2018) (resDF) value (excl.2018)
NDVI_mean
WAB58 -0.02 (-0.02) -0.04 - 0.004 1(21) 6.42 0.02(0.02)
WAB58"2 -0.004 (-0.002) -0.02 - 0.01 1(21) 0.71 0.41(0.74)
reduced model:
WABS58 -0.02 (-0.02) 1(22) 6.50 0.02(0.02)
NDVI_mean”"2
WAB58 -0.002 (-0.004) -0.02 - 0.01 1(21) 0.08 0.78(0.47)
WAB58"2 -0.003 (<0.001) -0.01 - o0.01 1(21) 0.50 0.49(0.92)
reduced model:
WAB58 -0.002 (-0.004) 1(22) 0.08 0.78(0.46)
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NDVI_sd

WAB58 0.02 (0.02) 0.003 0.05 1(21) 4.44
WAB58"2 0.01(0.01) -0.01 0.03 1(21) 2.47
reduced model:
WAB58 0.02 (0.02) 1(22) 4.16
hostplant:NDVI_mean
WAB58 -0.01 (-0.01) -0.083 0.01 1(21) 3.23
WAB58"2 <0.001 (0.002) -0.01 0.01 1(21) 0.004
reduced model:
WAB58 -0.01 (-0.01) 1(22) 3.39
hostplant:NDVI_mean”2
WAB58 0.003 (0.002) -0.01 0.02 1(21) 0.47
WAB58"2 -0.003 (-0.002) -0.01 0.01 1(21) 0.44
reduced model:
WAB58 0.004 (0.002) 1(22) 0.48
hostplant:NDVI_sd
WAB58 0.03(0.02) -0.01 0.06 1(21) 2.59
WAB58"2 0.02(0.03) -0.01 0.04 1(21) 1.87
reduced model:
WAB58 0.03 (NA) 1(22) 2.49

0.05 (0.03)
0.13 (0.30)

0.05 (0.03)

0.09 (0.13)

0.95(0.75)

0.08 (0.13)

0.50 (0.81)

0.51(0.77)

0.50(0.80)

0.12 (0.14)
0.19 (0.06)

0.13 (NA)




