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Understanding and predicting biodiversity responses to climate change are vital to inform conservation strategies, but this is not straightforward as climate change responses depend on the landscape context and differ among species. Here, we quantified changes in the distribution and abundance of 30 butterfly species in the Netherlands in relation to climate change and in landscapes that vary in the amount and connectivity of (semi-)natural vegetation (SNV). We obtained yearly counts of well-monitored butterfly species from 327 time series over 27 years (1992–2018). We used these counts to build mixed effect hurdle models to relate species’ occurrence and abundance to temperature and the amount and connectivity of SNV around the sites. For 55% of the butterfly species, an increased amount or connectivity of SNV corresponded with stronger increases or reduced decreases in occurrence in response to warming, indicating that SNV may facilitate range expansion or mitigate extirpations due to climate change. However, for the occurrence of the other species we found no or a negative interaction between warming and SNV. Further, we did not find indications of a mitigating effect of SNV on abundance responses to warming. Our results thus suggest that increasing the amount and connectivity of SNV does not offer a “one-size-fits-all” solution, highlighting the need for additional measures if butterfly diversity is to be conserved.
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INTRODUCTION

Global biodiversity is currently facing unprecedented and increasing human pressures, resulting in major declines in vertebrate and invertebrate species (Butchart et al., 2010; Böhm et al., 2013; Tittensor et al., 2014; Thomas, 2016; Wagner, 2020). Currently, the most important direct drivers of these declines are overexploitation and habitat loss (Maxwell et al., 2016; Cardoso et al., 2020). Climate change is, however, becoming an increasingly important driver of biodiversity change (Pereira et al., 2012; Platts et al., 2019; Sánchez-Bayo and Wyckhuys, 2019; Forister et al., 2021). Depending on their thermal tolerance, species may respond to warming through physiological or phenological adaptations or by shifting their distribution towards higher altitudes or latitudes (Easterling et al., 2000; Bellard et al., 2012; Oliver and Morecroft, 2014; Rodrigues and Beldade, 2020). If species fail to adapt or shift their range, climate change will result in abundance declines (Bowler et al., 2017; Antão et al., 2020; Halsch et al., 2021).

Understanding and predicting biodiversity responses to climate change are vital to inform conservation strategies. This is, however, not straightforward, as responses may depend on context-specific conditions, including landscape characteristics (Opdam and Wascher, 2004; Sirami et al., 2017; Newbold et al., 2019). For example, in landscapes heavily modified by human activities, climate change impacts might be larger because species may be hindered in tracking suitable climates, particularly if they have a low dispersal capacity (Pöyry et al., 2009; Schloss et al., 2012; Habel et al., 2016; Oliver et al., 2017). In landscapes with a heterogeneous topography, climate change impacts on species might be smaller due to the larger variety of microclimates, which promotes population stability (Papanikolaou et al., 2017a; Suggitt et al., 2018). Furthermore, (semi-)natural vegetation may mitigate the effect of climate change on species’ abundance and diversity by modulating the microclimate (Oliver et al., 2016; Papanikolaou et al., 2017b).

Butterflies offer excellent opportunities to investigate species’ responses to climate change, not only because they are ectotherms but also because they are among the best-monitored insect species (Thomas, 2016). Existing studies assessing how butterfly responses to climate change are influenced by landscape characteristics have typically focused on a single species (Delattre et al., 2013; Fourcade et al., 2017) or on responses aggregated across multiple species (Oliver et al., 2017; Fourcade et al., 2021). While aggregated multi-species indicators or models may offer valuable insights in general patterns or trends and potential overarching mechanisms, it is generally acknowledged that this aggregation may mask considerable variability among species (Schipper et al., 2016; Leung et al., 2020). Hence, there is clear added value in comparative analyses of the interactive effects of climate change and landscape characteristics across multiple butterfly species.

Here, we aimed to quantify changes in distribution and abundance of multiple individual butterfly species in relation to climate change in landscapes that vary in the amount and connectivity of (semi-)natural vegetation. To that end, we used counts of 30 well-monitored non-migratory butterfly species in the Netherlands, obtained from 327 time series of systematic monitoring data over a period of 27 years (1992–2018). We focused on the Netherlands not only because of the high-quality butterfly monitoring data, but also because of the country’s efforts to improve the connectivity of natural areas in a national ecological network since 1989 (Jongman et al., 2004). We established mixed effect hurdle models to relate species occurrence and abundance to the temperature and the amount and connectivity of (semi-)natural vegetation in the proximity of the site. We then analyzed whether the species’ responses were related to their mobility and thermal niche, which are traits related to species’ responses to temperature change (Fourcade et al., 2021). We also assessed whether the responses were related to the commonness of the species in the Netherlands. By providing insights in the extent to which butterfly responses to climate change depend on landscape and species characteristics, our study helps to understand the effectiveness of landscape-level measures to mitigate potential climate-induced declines of butterfly species (Heller and Zavaleta, 2009; Sirami et al., 2017).



MATERIALS AND METHODS


Species and Site-Level Habitat Data

We retrieved observations of non-migratory butterfly species from the Dutch Butterfly Monitoring Scheme, which started in 1992 and consists of 1,991 fixed transects of around 1 km long distributed across the Netherlands (Supplementary Figure 1; van Swaay et al., 2002; van Strien et al., 2019). In the Dutch Butterfly Monitoring Scheme, all butterflies are counted weekly from April to September within a distance of 2.5 m from each transect. Surveys are performed in favorable weather conditions, i.e., no rain, low wind speed and temperature above 17°C on days with overcast and above 13°C on sunny days (van Swaay et al., 2002). From the resulting database we retrieved for each species the number of butterfly weeks per transect and per year. The number of butterfly weeks is an estimate of the total number of individuals of a species and is equal to the area under the curve of the linearly interpolated weekly counts (van Swaay et al., 2002). We summed the number of butterfly weeks of the first, second and, for several species, third flying period (generation). The number of observed individuals was assumed to be zero at the start and end of each generation of the respective species (van Swaay et al., 2002). The number of butterfly weeks was only determined in years where the transect was observed at least three times per generation and the time between two subsequent observations of the transect was less than half of the duration of the generation. We excluded the first generation of species that hibernate, as these individuals are included in the counts of the previous year (van Swaay et al., 2002). The site-level habitat type of each transect was recorded during the first year of observation (van Swaay et al., 2002). The recorded habitat types of the transects include agriculture, forest, dunes, semi-natural grassland, heathland, urban, and wetland.

Based on monitoring data from 1992 up to and including 2018, we selected transects according to the following criteria: (i) a single habitat type has been recorded on the transect and (ii) the transect has been monitored in at least 5 years (not necessarily consecutive). From the resulting set of transects we then selected only one per 1 km grid cell, choosing the transect with the largest number of monitored years, in order to limit spatial correlation between transects. This selection resulted in 327 transects and a total of 60 species (of the 66 species recorded in the initial dataset) (Supplementary Figure 1). Supplementary Table 1 shows for each species the number of absences and presences and the number of transects recorded within the site-level habitat types.



Environmental Data

To characterize the temperature at each transect and year, we calculated the growing degree days (GDD), i.e., the sum of all daily mean temperature values above 5°C within a year (Hill et al., 2002; Heikkinen et al., 2010). GDD is a commonly used predictor of the distribution and abundance of butterfly species as it influences the development of butterfly larvae (e.g., Heikkinen et al., 2010; WallisDeVries et al., 2011; Pellissier et al., 2012; Aguirre-Gutiérrez et al., 2017; Palmer et al., 2017). We used daily mean temperature measurements of 38 weather stations from 1991 onwards to calculate the GDD per year (KNMI, 2019). We calculated yearly GDD from September of the previous year to August of the year of interest to maximize overlap with a typical butterfly life cycle. Subsequently, we spatially interpolated the GDD measurements of each year to obtain a yearly value for each transect. Following the recommendations of the Royal Netherlands Meteorological Institute, we interpolated GDD by means of universal kriging using the logarithm of the distance to the shore. We used an exponential model with the nugget set to zero (Sluiter, 2012).

We characterized the landscape characteristics as the amount and connectivity of (semi-)natural vegetation (SNV) around each transect. We retrieved the amount and connectivity of SNV using the 100 m resolution CORINE Land Cover maps (European Union, 2019). We defined SNV as all land cover types other than non-vegetated urban area, arable land, sport, and leisure facilities, pastures, open water, and marine and maritime land cover (Oliver et al., 2017). We considered a single aggregated class of SNV adequate assuming that most butterfly species in our analysis can be considered habitat generalists that use a wide range of (semi-)natural vegetation types (Supplementary Table 2; Essens et al., 2017). For each transect and for each year with a land cover map available (1990, 2000, 2006, 2012, and 2018), we calculated the landscape variables within a square radius of 500, 750, and 1000 m, following earlier studies of butterfly responses to landscape characteristics (Perović et al., 2015; Oliver et al., 2017). We calculated the amount of SNV as the area of SNV within the radius relative to the total area within the radius. We calculated the connectivity of SNV according to the clumpiness index from FRAGSTATS (McGarigal et al., 2012; Fourcade et al., 2021), using the lsm_c_clumpy function of the landscapemetrics package version 0 (Hesselbarth et al., 2019). This index indicates the degree of aggregation independent of the amount of SNV (McGarigal et al., 2012). Clumpiness values range from −1, through 0 to 1, indicating landscapes in which the SNV is fully disaggregated, randomly distributed, and fully aggregated, respectively. We assumed a clumpiness index of 1 (fully aggregated) if the amount of SNV was equal to 1. By means of a linear interpolation between the years, we calculated the amount and connectivity of the SNV for the missing years. An overview of the climate and landscape variables is provided in Table 1.


TABLE 1. Climate and landscape variables included in the analysis and their distributions across all transects and all years.
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Hurdle Models and Variable Importance

For each species we fitted a mixed effects hurdle model with the number of butterfly weeks as response variable and a random intercept for transect to account for transect-specific conditions not represented by any of the other variables. A hurdle model consists of two components: a model that assesses the probability of occurrence (presence vs. absence) and a model that estimates the abundance, given the species is present, whereby the set of predictor variables may differ among the two model components (Zuur et al., 2009; Fourcade et al., 2017). The predictor variables included GDD, the amount and connectivity of the SVN and the interaction between the latter two and GDD, allowing responses to climate to differ among landscapes. For GDD we also included a quadratic term in order to account for possible non-linear responses to temperature change. Moreover, we added as predictors the habitat type at each transect to account for species-specific habitat preferences and the year of each observation to account for temporal trends not covered by trends in GDD or landscape characteristics (Nice et al., 2019; Northrup et al., 2019). For further analyses, we considered only species with a minimum of 160 absences and 160 presences, based on 16 predictor variables (linear and quadratic term of GDD, seven habitat types, year, amount, and connectivity of SNV and interactions between the two terms of GDD and the two landscape variables) and requiring 10 observations per predictor variable (Peduzzi et al., 1996). This left us with 30 species in the analysis (Supplementary Table 1).

We modeled occurrence probability with a binomial GLMM and a logit link function and the abundance with a truncated negative binomial GLMM and a log link function. Thus, we accounted for the excess amount of absences (zero inflation) and the overdispersion in the count data (Zuur et al., 2009; Papanikolaou et al., 2017b). To account for the differences in the lengths of the transects, we included the length as offset in the abundance-models (Zuur et al., 2009). To enhance convergence of the models, we standardized all variables to a mean of 0 and a standard deviation of 0.5 (Gelman, 2008). The Spearman correlation between all pairs of variables was below 0.6 (Supplementary Table 3), hence there was no need to exclude any variables from the model fitting.

For both occurrence and abundance, we generated all possible models from the set of predictors, including the intercept-only model, and compared them by means of the second-order Akaike information criterion (AICc). In the model fitting, the two landscape predictors (amount and connectivity of SNV) were mutually exclusive among the three radii (500, 750, 1000 m), i.e., we only allowed landscape predictors corresponding with one radius. For each model component (occurrence and abundance) and each radius we then selected the models for which the AICc-value differed less than 2 AICc units from the top-supported model (Burnham and Anderson, 2002). For each predictor variable j in each model component for each radius, we calculated the weighted average regression coefficient βj according to the method of Burnham and Anderson (2002):
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with
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Where Δi is equal to the difference between the AICc of the top-supported model and the AIC of model i. We assumed the regression coefficient of variable j in model i (βj,i) to be equivalent to zero when the variable was excluded from model i (Burnham and Anderson, 2002). We also determined the standard error of each weighted average regression coefficient βj, SEj, according to the method of Burnham and Anderson (2002):
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Where SEj,i is the standard error of variable j in model i. The model fitting procedure thus resulted in three consensus models for each model component, i.e., one model for each radius. For further analysis we selected per model component the consensus model with the lowest AICc, based on the mean of the AICc values of the sub-models of the consensus model, weighted by wi.

We obtained the hurdle models with the glmmTMB-package version 0.2.3 in the R environment (Brooks et al., 2017; R Core Team, 2018). After model fitting, we retrieved species-specific variable importance values for each variable and model component, following the procedure of the get_variables_importance function from the biomod2 package (Thuiller et al., 2016). According to this method, we calculated the variable importance as 1 minus the Pearson’s correlation between the predictions of the full model and the predictions of the model where the variable of concern was randomized (Supplementary Figure 2).



Butterfly Responses to Climate Change

We used the consensus models of both model components of the hurdle model to calculate for each species the responses of occurrence and abundance to an increasing GDD. To this end, we first applied the consensus models to median and high values of GDD, equal to the 50 and 97.5 percentiles of the GDD values across all transects and all years (Table 1). We used the median rather than a GDD value at the low end of the GDD range, because species may show a unimodal response to warming. We then assessed the response of occurrence to an increasing GDD by calculating the odds ratio (OR), i.e., the ratio between the odds of being present at high (OddsGDDh) and median values (OddsGDDm) of GDD, which is considered an ecologically meaningful method to compare probabilities of occurrence (Rita and Komonen, 2008):
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In a similar way we calculated the response of abundance to an increasing GDD as the abundance ratio (AR) between the abundance modeled at high (AbundanceGDDh) and median values (AbundanceGDDm) of GDD:
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We calculated the response of occurrence and abundance to warming for nine landscape configurations, including all possible combinations of low, median, or high amount and connectivity of SNV. To that end, we set the amount and connectivity of SNV to the 2.5, 50, or 97.5 percentiles of the values across all transects and all years, considering the species-specific radius according to the best-supported consensus model (Table 1). We fixed the habitat type to equal the habitat type with the highest suitability, i.e., the highest model coefficient (βj) in the model component of interest. We fixed the year-variable at the middle of the range (year 2005).



Species Characteristics

Finally, we evaluated potential relationships between species’ responses to climate change and three species characteristics, reflecting mobility, thermal niche, and commonness within the Netherlands. For the mobility and the thermal niche we used a database of life-history traits and climatic niche traits of 397 European butterfly species (Essens et al., 2017). Essens et al. (2017) reduced six life-history traits into three principal components and five climatic niche traits into two principal components. We used the first principal components of both types of traits, which accounted for 33 and 44% of the variation in life-history and climatic niche traits, respectively. The first principal component of the life-history traits is positively correlated to dispersal capacity, voltinism (i.e., the average number of generations per year), and overwintering stage (an ordinal variable indicating how early in the season species can reproduce). We further refer to this trait as “mobility,” in accordance with Essens et al. (2017). The first principal component of the climatic niche traits is negatively correlated with annual mean temperature and the precipitation range (maximum–minimum monthly precipitation) and positively correlated with the temperature range (maximum–minimum monthly temperature). To facilitate a more intuitive interpretation, we multiplied the values of these principal component scores by −1, such that a higher score reflects a more warm-adapted species. We further refer to this trait as “thermal niche.” As an indicator of the commonness of the species within the Netherlands, we estimated the occupancy and mean abundance per species from the monitoring data, while accounting for the differences in monitoring efforts across years and habitat types. To this end, we calculated for each species the occupancy and mean abundance, given the species is present, across the transects per habitat type and per year, and then calculated the mean of each species across the habitat types and years. We used single linear regression analyses to assess the association between the odds ratio or the abundance ratio (response variable) and the mobility, thermal niche and commonness (predictor variables) for the nine landscape configurations. Because of the positively skewed distributions of the odds and abundance ratios we log-transformed them.




RESULTS


Interactions Between Warming and SNV

For 22 out of the 30 species, we found that the odds ratio (OR) was different in sites with a low, median, and high amount or connectivity of SNV (Figure 1 and Supplementary Figure 3). Thus, for these species the response of occurrence to warming was related to the amount or connectivity of SNV. For the amount of SNV, we found positive interactions with warming for nine species (i.e., OR was larger in sites with a high than a low amount of SNV) and negative interactions for seven species (i.e., OR was larger in sites with a low than a high amount of SNV; Figure 1A). For the connectivity of SNV the majority of the interactions were positive (15 positive vs. 4 negative; Figure 1B). The positive interactions with the connectivity of SNV were mostly larger than the negative interactions (i.e., the difference between OR in sites with a low and high connectivity of SNV was generally larger for species with a positive than a negative interaction). Thus, for 55% (17 out of 30) of the species we found that a larger amount or connectivity of SNV corresponded with a larger increase or smaller decrease in the probability of occurrence in response to warming (Figure 1 and Supplementary Figure 3).
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FIGURE 1. Response of occurrence of butterfly species to an increase in growing degree days in sites with a low, median, and high amount (A) and a low, median, and high connectivity (B) of (semi-)natural vegetation (SNV). The values of connectivity (A) and amount (B) of SNV are fixed to their median values. Response values are expressed as odds ratios (OR) thus values below and above 1 reflect negative and positive responses to warming, respectively. Species are ordered according to the sign and magnitude of the interaction with amount (A) and connectivity (B) of SNV, ranging from positive (top) to negative (bottom) interactions. The increase in GDD corresponds with an increase in annual mean temperature from 10.5 to 12.1°C (Table 1). Low, median, and high amount and connectivity represent the 2.5, 50, and 97.5 percentiles of the distributions of the respective variables across the transects and years (Table 1). The partial dependence plots of the species’ responses to warming in the nine combinations of landscape variables can be found in Supplementary Figure 5. Coefficients of the underlying models are provided in Supplementary Table 4. Aio, Aglais io; Aur, Aglais urticae; Aca, Anthocharis cardamines; Ahy, Aphantopus hyperantus; Ale, Araschnia levana; Ani, Argynnis niobe; Aag, Aricia agestis; Cru, Callophrys rubi; Car, Celastrina argiolus; Cpa, Coenonympha pamphilus; Fqu, Favonius quercus; Grh, Gonepteryx rhamni; Hco, Hesperia comma; Hse, Hipparchia semele; Ila, Issoria lathonia; Lme, Lasiommata megera; Lph, Lycaena phlaeas; Mju, Maniola jurtina; Osy, Ochlodes sylvanus; Pae, Pararge aegeria; Pbr, Pieris brassicae; Pna, Pieris napi; Pra, Pieris rapae; Par, Plebejus argus; Pc-, Polygonia c-album; Pic, Polyommatus icarus; Pma, Pyrgus malvae; Pti, Pyronia tithonus, Tli, Thymelicus lineola, Tsy, Thymelicus sylvestris.


For 26 of the 30 species, the response of abundance to warming was related to the amount or connectivity of SNV (Figure 2 and Supplementary Figure 4). For the amount of SNV, we found positive interactions with warming for 11 species and negative interactions for 8 species (Figure 2A). For the connectivity of SNV we found positive interactions for 6 species and negative interactions for 9 species (Figure 2B).
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FIGURE 2. Response of abundance of butterfly species to an increase in growing degree days in sites with a low, median, and high amount (A) and a low, median, and high connectivity (B) of (semi-)natural vegetation (SNV). The values of connectivity (A) and amount (B) of SNV are fixed to their median values. Response values are expressed as abundance ratios (AR), thus values below and above 1 reflect negative and positive responses to warming, respectively. Species are ordered according to the sign and magnitude of the interaction with amount (A) and connectivity (B) of SNV, ranging from positive (top) to negative (bottom) interactions. The increase in GDD corresponds with an increase in annual mean temperature from 10.5 to 12.1°C (Table 1). Low, median, and high amount and connectivity represent the 2.5, 50, and 97.5 percentiles of the distributions of the respective variables across the transects and years (Table 1). The partial dependence plots of the species’ responses to warming in the nine combinations of landscape variables can be found in Supplementary Figure 5. Coefficients of the underlying models are provided in Supplementary Table 5. Aio, Aglais io; Aur, Aglais urticae; Aca, Anthocharis cardamines; Ahy, Aphantopus hyperantus; Ale, Araschnia levana; Ani, Argynnis niobe; Aag, Aricia agestis; Cru, Callophrys rubi; Car, Celastrina argiolus; Cpa, Coenonympha pamphilus; Fqu, Favonius quercus; Grh, Gonepteryx rhamni; Hco, Hesperia comma; Hse, Hipparchia semele; Ila, Issoria lathonia; Lme, Lasiommata megera; Lph, Lycaena phlaeas; Mju, Maniola jurtina; Osy, Ochlodes sylvanus; Pae, Pararge aegeria; Pbr, Pieris brassicae; Pna, Pieris napi; Pra, Pieris rapae; Par, Plebejus argus; Pc-, Polygonia c-album; Pic, Polyommatus icarus; Pma, Pyrgus malvae; Pti, Pyronia tithonus; Tli, Thymelicus lineola; Tsy, Thymelicus sylvestris.




Responses to Warming in Relation to Species Characteristics

Overall, we found weak but mostly positive relationships between species’ responses to warming and their mobility (Figure 3). Thus, mobile species tend to show stronger increases or less pronounced declines in response to warming than less mobile species (Figure 3). We further found slightly more pronounced relationships (i.e., slightly steeper slopes and lower p-values) between the response of species’ occurrence and mobility for sites with medium to high as opposed to low connectivity of the SNV (Figures 3A–C). This indicates that mobile species profit slightly more from increases in connectivity than less mobile species. We also found less pronounced relationships (i.e., shallower slopes, higher p-values, and a higher intercept) between the response of species’ occurrence and mobility for sites with high as opposed to low amounts of SNV (Figures 3A–C). This indicates that less mobile species profit slightly more from increases in the amount of SNV than mobile species. For abundance, we did not find this differentiation with connectivity and amount of SNV (Figures 3D–F).
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FIGURE 3. Response of occurrence, expressed as the odds ratio (OR) (A–C), and abundance, expressed as the abundance ratio (AR) (D–F), of butterfly species to an increase in growing degree days in relation to their mobility for nine combinations of amount and connectivity of (semi-)natural vegetation (SNV). The increase in GDD corresponds with an increase in annual mean temperature from 10.5 to 12.1°C (Table 1). The mobility is represented by the species’ scores on the first principal component of a PCA based on six life-history traits, retrieved from Essens et al. (2017). The score is positively correlated to dispersal capacity, voltinism, and overwintering stage. The p-values refer to the significance values of the slopes of the trend lines, which are calculated with linear regression analyses.


We found more positive relationships (i.e., larger slopes and lower p-values) between species’ responses of occurrence to warming and their thermal niche for sites with a median and high amount and connectivity of SNV than for sites with a low amount or connectivity of SNV (Figures 4A–C). This indicates that warm-adapted species show stronger increases or less pronounced declines in occurrence in response to warming in sites with a median to high as opposed to a low amount and connectivity of SNV. We did not find a relationship between species’ response of abundance to warming and their thermal niche (Figures 4D–F).
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FIGURE 4. Response of occurrence, expressed as the odds ratio (OR) (A–C), and abundance, expressed as the abundance ratio (AR) (D–F), of butterfly species to an increase in growing degree days in relation to their thermal niche for nine combinations of amount and connectivity of (semi-)natural vegetation. The increase in GDD corresponds with an increase in annual mean temperature from 10.5 to 12.1°C (Table 1). The thermal niche is represented by the species’ scores on the first principal component of a PCA based on five climatic niche traits, retrieved from Essens et al. (2017). The score is positively correlated with the annual mean temperature and precipitation range (maximum–minimum monthly value) and negatively correlated with the temperature range (maximum–minimum monthly value). The p-values refer to the significance values of the slopes of the trend lines, which are calculated with linear regression analyses.


Finally, we found more positive relationships (i.e., larger slopes and lower p-values; Figures 5A–C) between species’ responses of occurrence to warming and their commonness for sites with a high amount and connectivity of SNV than for sites with a low amount and connectivity of SNV. This indicates that the commonest species in our dataset benefit more from a high amount and connectivity of SNV than the less common species. We did not find a relationship between species’ response of abundance to warming and their commonness (Figures 5D–F).
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FIGURE 5. Response of occurrence, expressed as the odds ratio (OR) (A–C), and abundance, expressed as the abundance ratio (AR) (D–F), of butterfly species to an increase in growing degree days in relation to their commonness for nine combinations of amount and connectivity of (semi-)natural vegetation. We estimated the commonness in occurrence and abundance from the monitoring data. The p-values refer to the significance values of the slopes of the trend lines, which are calculated with linear regression analyses.





DISCUSSION

We assessed responses to warming of 30 non-migratory butterfly species in the Netherlands in relation to landscape characteristics. We found that the amount and connectivity of (semi-)natural vegetation (SNV) in the surrounding landscape may have a positive effect on warming-related changes in the distribution of 55% of the assessed butterfly species, in particular the warm-adapted and most common ones. Similar positive interactions between warming and the amount and connectivity of the SNV have been found for the distributions of bird, mammal, and other invertebrate species (Oliver et al., 2016; Gaüzère et al., 2017; Papanikolaou et al., 2017b; Platts et al., 2019; Gaget et al., 2020). However, for the occurrence of the remaining butterfly species in our dataset, we found no or negative interactions between warming and SNV (Figure 1), highlighting the relevance of studying species-level responses. Similarly, the modifying effects of the amount and connectivity of SNV on abundance responses to warming differed among species (Figure 2).

The positive interactions we found between warming and SNV on butterfly distribution may reflect colonization and extinction dynamics. Colonization rates increase with the area and connectivity of SNV, as individuals are more likely to encounter nearby suitable patches and the costs of dispersal to other sites are smaller (Kuussaari et al., 1996; Hill et al., 2001; Dover and Settele, 2009; Bonte et al., 2012). This could facilitate the colonization of new sites where the climate has become suitable and recolonization of sites after extirpation (Estrada et al., 2016; Oliver et al., 2017; Poniatowski et al., 2020). Our results indicate that mobile species having multiple generations per year and hibernating as adult or pupae may particularly profit from SNV connectivity. These traits may favor the dispersal of mobile species through connected sites of SNV, even if low amounts of SNV are available, as these traits could increase the odds of an individual to colonize or recolonize a site (Bocedi et al., 2014; Estrada et al., 2016). Our results seem in contrast with the results of Fourcade et al. (2021), who found an overall negative relationship between the response of warm-adapted and mobile butterfly species occurrence to warming and the connectivity of SNV. However, Fourcade et al. (2021) considered landscape configuration at larger spatial extents (1–50 km from the monitoring sites) and included sites at much higher latitudes (Finland) than our study. As such, their observations may reflect that scattered habitat can facilitate range expansion across large unsuitable areas at species’ leading edge of their distribution range (Crone et al., 2019; Fourcade et al., 2021). Our results may reflect species’ responses closer to the center or trailing edge of their ranges, as the optimal annual mean temperature of 29 of the 30 studied species is below 10.5°C, the median annual mean temperature observed in the transects, which indicates that their distribution extends northward from the Netherlands (Table 1 and Supplementary Table 6; Schweiger et al., 2014).

We found negative interactions between the response of occurrence to warming and SNV in particular for the amount of SNV (Figure 1). This may reflect responses of species with more specific habitat requirements that therefore not necessarily benefit from more SNV. Although all the species in our dataset can be considered habitat generalists within Europe, the species for which we found a negative interaction were generally characterized by somewhat higher habitat specificity scores (SSI), with a median (25th–75th percentile) SSI of 20.4 (17.7–24.2), compared to species with a positive interaction, which had a median (25th–75th percentile) SSI of 13.4 (12.6–18.4) (Supplementary Table 2; Essens et al., 2017). Moreover, for some species the habitat specificity for Europe as a whole may differ from the habitat specificity in parts of their range or may change in time (Warren et al., 2001; Oliver et al., 2009). For example, Issoria lathonia, for which we found a negative interaction, is a habitat generalist in Europe (Supplementary Table 2; Essens et al., 2017), but has a preference for specific dune habitats and increasingly also for arable field margins specifically in the Netherlands. Thus, the species for which we found negative interactions between warming and the amount of SNV often have a stricter dependency on particular types of (semi-)natural or man-made vegetation types in the Netherlands compared to the species for which we found positive interactions. The negative interactions may therefore reflect that a larger amount of SNV goes on the expense of particular vegetation types required to establish new populations (Aguirre-Gutiérrez et al., 2016; Platts et al., 2019; Warren et al., 2021). Specifically, after colonization or recolonization of a site butterflies depend on the availability and density of larval host plants and nectar supply to reproduce and establish (Van Dyck et al., 2009; Fourcade and Öckinger, 2017). While habitat generalist species can often find a sufficient amount of host plants and nectar in the most common vegetation types in the Netherlands, establishment of species with a more specific habitat preference may be hampered by a lack of suitable host plants and nectar.

The lack of a consistent positive effect of SNV on the abundance response to warming contrasts with various studies that reported a buffering effect of an increased amount of SNV on the impact of climate change on abundance, including butterflies (Oliver et al., 2015, 2017) as well as other insect and bird species (Oliver et al., 2016; Papanikolaou et al., 2017b; Northrup et al., 2019). In general, a larger amount of SNV is expected to support a larger population, which is more persistent during stochastic extinctions caused by climate change (Opdam and Wascher, 2004; Oliver and Morecroft, 2014; Oliver et al., 2017). Our results suggest, however, that mitigating effects of SNV on distribution do not necessarily correspond with benefits in terms of abundance (Figures 1, 2). Differences between distribution and abundance trends have been reported by Van Dyck et al. (2009) for several common butterfly species in the Netherlands. Uncorrelated trends for abundance and distribution have also been reported for more than 170 species of moth in Scotland by Dennis et al. (2019). These differences suggest that the distribution and abundance of butterflies respond differently to environmental drivers (Fourcade and Öckinger, 2017; Fourcade et al., 2017; Dennis et al., 2019).

Possibly, the inconsistent results for abundance reflect differences in characteristics of the SNV other than mere amount or connectivity, for example the habitat quality and the microclimate (Freckleton et al., 2005; Fourcade and Öckinger, 2017; Oliver et al., 2017). The quality of the habitat within the SNV is considered to be an important driver of abundance changes in Lepidoptera (Van Dyck et al., 2009; Dennis et al., 2019). Abundance trends of butterfly species may vary across different types of (semi-)natural vegetation, possibly due to differences in nitrogen pollution levels and the availability and diversity of host plants and nectar (Van Dyck et al., 2009). Microclimate is also an important determinant of the population growth rate of butterflies (WallisDeVries et al., 2011; Oliver and Morecroft, 2014; Bladon et al., 2020) and varies strongly with vegetation type, soil type, patch size, and the distance from the edge of the patch (Morecroft et al., 1998; Herbst et al., 2007; Suggitt et al., 2011; De Frenne et al., 2019). Local environmental conditions may alter the effect of macroclimatic warming on the microclimatic conditions (WallisDeVries and van Swaay, 2006; De Frenne et al., 2021). Moreover, abundance may be impacted more strongly by warming in more homogeneous landscapes with a low environmental quality (McLaughlin et al., 2002; Oliver and Morecroft, 2014).

Many butterfly species across Western Europe, including common ones, have declined in distribution and abundance over the past decades and century (Van Dyck et al., 2009; Habel et al., 2016; van Strien et al., 2019; Warren et al., 2021), and climatic warming may lead to further declines (Supplementary Figures 3, 4; Settele et al., 2008; WallisDeVries et al., 2011; Wessely et al., 2017). Our results indicate that increasing the amount or connectivity of SNV may facilitate range expansion or mitigate extirpations in response to warming in particular for the most common and warm-adapted butterfly species in Netherlands. However, these measures are not necessarily effective for all butterfly species. Moreover, the effect of warming on abundance is not necessarily ameliorated by increasing the amount and connectivity of SNV. Consequently, increasing the amount and connectivity of SNV does not provide a “one-size-fits-all” strategy for preventing warming-induced declines in butterflies distribution and abundance. We recommend to combine an increase in the amount and connectivity of SNV with other conservation measures, such as increasing the quality of the habitat. Moreover, further declines of butterfly species can be prevented by limiting future warming through actions to mitigate climate change (Schweiger et al., 2012; Warren et al., 2021).
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The gradient in GDD observed across all years and transects corresponds with a variation in annual mean temperature from 9.0 to 12.1°C (2.5p-97.5p), with a median
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