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ABSTRACT 42 

Land use and climate change are two of the greatest threats to biodiversity globally. 43 

However, their interactive effects remain poorly understood. In the boreal forest biome, 44 

where species are experiencing increasing pressures from forest management and climate 45 

change, improved understanding of these effects is urgently needed. Here, we assess the 46 

impacts of forest loss and both baseline and changing late spring climatic conditions on the 47 

extinction probability of a threatened boreal forest orchid, Calypso bulbosa. We use a 48 

unique dataset consisting of 1,006 C. bulbosa occurrence sites located in Finland, historical 49 

aerial images, and climatic data spanning the last 60 years. Our results reveal that forest 50 

loss, at the local rather than landscape-scale, and both the site-specific baseline climatic 51 

conditions and their change over time influence the extinction probability of C. bulbosa. 52 

These effects were mainly interactive with greater temporal increase in rainfall ameliorating 53 

and greater baseline rainfall exacerbating the negative effect of forest loss on the species’ 54 

persistence. Furthermore, greater baseline snow depth ameliorated this negative effect. We 55 

also found some statistical support for independent effects of baseline thermal sum and its 56 

change over time, but their ecological relevance was interpreted as minor. Overall, our 57 

results align with the expectation that forest loss can modify the exposure of forest-58 

dependent species to climatic conditions, thus altering their vulnerability to climate change.  59 
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1. INTRODUCTION 83 

Biodiversity is declining at an alarming rate. This decline has been mainly attributed to the 84 

loss, fragmentation, and degradation of habitats caused by land use change (Jaureguiberry 85 

et al., 2022; Semenchuk et al., 2022). However, climate change is increasingly contributing 86 

to the loss of biodiversity by exposing species to novel climatic conditions at a pace that 87 

exceeds their capacity to adjust, adapt, and disperse (Mattila et al., 2024; Román-Palacios & 88 

Wiens, 2020; Thomas et al., 2004). While land use and climate change can contribute to 89 

biodiversity decline independent of one another (individual and additive effects), they may 90 

also have interactive effects (Oliver & Morecroft, 2014). For instance, land use change can 91 

exacerbate the negative impacts of climate change on species persistence by reducing their 92 

ability to track suitable climatic conditions through dispersal. Although the interactive 93 

effects of land use and climate change are increasingly assessed (Auffret & Svenning, 2022; 94 

Northrup et al., 2019; Suppula et al., 2023), the prevalence of such effects, as well as the 95 

mechanisms by which they operate in different ecosystems, remain poorly understood. 96 

The boreal forest biome is experiencing increasing pressures from both land use and 97 

climate change. The area and quality of natural boreal forest is rapidly declining, mainly due 98 

to the expansion and intensification of commercial logging (Burton et al., 2010; Gauthier et 99 

al., 2015). Additionally, the boreal forest biome is warming two to four times faster than the 100 

global average due to its high-latitude location (Rantanen et al., 2022). Importantly, not only 101 

are mean temperatures rising, but climate change is also altering precipitation and snow 102 

patterns (Aalto et al., 2023). Furthermore, extreme weather events are increasing in 103 

frequency and intensity (Aalto et al., 2026; Rao et al. 2023). These land use and climatic 104 

changes can interact with one another in a distinct way. Forest management activities, such 105 

as thinning and clear-cutting, are known to diminish the microclimatic buffering capacity of 106 

boreal forests (Chen et al., 1993; Starck et al., 2025, 2026). Reductions in the forests' 107 

microclimatic buffering capacity, in turn, can expose species inhabiting them to more severe 108 

impacts of climate change compared to those that they would otherwise experience (De 109 

Frenne et al., 2019; Geiger, 1965; Zellweger et al., 2020). 110 

Here, our aim is to assess the individual, additive, and interactive effects of land use 111 

and climate change on the decline of a boreal forest orchid, Calypso bulbosa (L.) Oakes. So 112 

far, the decline of C. bulbosa has been mainly linked to habitat loss and degradation caused 113 

by forest management and construction (Hyvärinen et al. 2019). However, climate change 114 

may increasingly impact the species’ survival, especially if forestry practices diminish 115 

microclimatic buffering. For instance, increasing temperatures, declining snow cover, and 116 

night frosts in spring may negatively influence C. bulbosa by exposing the species to drought 117 

and frost damage (Chen et al., 1993; Hu et al., 2023; Örlander, 1993; Simons et al., 2010; Wu 118 

et al., 2025; Yan et al., 2025). Increases in precipitation, on the other hand, may be 119 

beneficial for C. bulbosa as they may improve the moisture conditions (Koivusaari et al., 120 

2026). However, extensive increases in rainfall could lead to root suffocation and thus 121 

influence the species negatively (Hirabayashi et al., 2013; Irfan et al., 2010; Zhang et al., 122 

2025).  123 
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The degree at which land use and climate change influence C. bulbosa may depend on the 124 

spatial scale at which land use change impacts manifest, as well as on the baseline climatic 125 

conditions in the area. Species with low dispersal ability, such as C. bulbosa, may be more 126 

vulnerable to changes that occur in their close vicinity than those with higher dispersal 127 

ability and thus greater potential to rescue populations and recolonize after local extinctions 128 

(Brown & Kodric-Brown, 1977; Saccheri et al., 1998), although the evidence for such 129 

differences between weak and strong dispersers remains limited (Martin et al., 2023). 130 

Furthermore, climatic changes may have more severe impacts on species at sites where 131 

baseline climatic conditions are already close to their environmental tolerance limits 132 

(Deutsch et al., 2008). Conversely, at sites where climatic conditions are close to the species’ 133 

environmental optimum, populations may remain stable despite equally pronounced 134 

climatic changes (Deutsch et al., 2008). 135 

To assess the interactive impacts of land use change and climate (baseline and 136 

change) on the decline of C. bulbosa, we use a unique dataset consisting of 1006 C. bulbosa 137 

occurrence sites located in Finland, historical aerial images, and climatic data spanning the 138 

last 60 years. We expect forest loss to increase the extinction probability of C. bulbosa while 139 

higher baseline and increasing thermal accumulation and lower baseline and decreasing 140 

snow during early spring would increase, and higher baseline and increasing rainfall 141 

decrease extinction probability. In addition to these individual effects, we anticipate forest 142 

loss to impact the microclimatic buffering capacity of the forest, manifesting as interactive 143 

effects of land use and climate on the extinction probability of C. bulbosa. In particular, we 144 

expect greater baseline and increase in thermal accumulation and lower baseline and 145 

greater decrease snow cover to have exacerbating interactive effects on extinction 146 

probability together with land use, while greater baseline and increased rainfall would have 147 

an ameliorating interactive effect, provided that the conditions are not becoming overly 148 

wet. Finally, we expect forest loss at the site-scale to have a more important impact on C. 149 

bulbosa in comparison to forest loss at the landscape-scale. 150 

 151 

 152 
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2. METHODS 165 

2.1 Study species 166 

Calypso bulbosa (L.) Oakes (Orchidaceae) (Fig. 1A) is a perennial herb with a circumboreal 167 

distribution (Hultén & Fries 1986). In Finland, it usually grows in shady old-growth 168 

coniferous forests with high soil calcium concentration (Abeli et al., 2013; Tuomi et al., 169 

2015). The species flowers soon after snow melt, usually in late May or the beginning of 170 

June (Alexandersson & Ågren, 2000). The reproductive stage of the species forms one flower 171 

which can produce thousands of small, wind-dispersed seeds (Alexandersson & Ågren, 2000; 172 

Boyden, 1982). Like other orchids, C. bulbosa relies on relatively complex biotic interactions: 173 

it obtains organic carbon from its mycorrhizal partner (Currah et al., 1988; Hadley, 1982) 174 

and is pollinated by bumblebee queens (Ackerman, 1981; Alexandersson & Ågren, 1996; 175 

Boyden, 1982; Mosquin, 1970). 176 

 177 

 178 
Figure 1. Illustration of the study species and sites. Panel A shows a picture of the study species C. 179 

bulbosa (photograph by S. Koivusaari). Panel B shows the locations of the extant (black) and extinct 180 

(white) study sites in Finland. 181 

 182 

2.2 Data 183 

2.2.1 Species occurrence data 184 

We obtained species occurrence data from the databases of the Finnish Environment 185 

Institute (HERTTA) and Parks & Wildlife Finland (LajiGIS, Silvia). The data are available from 186 

the Finnish Biodiversity Information Facility (FinBIF, 2023; collection ID MX.40083). The 187 

species data were downloaded in 2020 and 2023. The data consisted of occurrence records 188 

based on visitations at known occurrence sites of C. bulbosa across Finland. At each visit, the 189 



 

6 
 

status of the occurrence site was recorded to be either extant, extinct, or uncertain. An 190 

uncertain status was assigned when an occurrence site that was previously confirmed as 191 

extant was not detected during the current field visit, and the available evidence was 192 

insufficient to conclude that the species had become locally extinct. If an occurrence site 193 

received a different status in different years, we assigned it according to the most recently 194 

recorded status. We omitted occurrence sites for which the status remained uncertain. 195 

For the extinct sites, we also determined the year when the extinction likely 196 

occurred. If an occurrence site had been recorded as extinct in the species data, the year of 197 

extinction was usually reported at an accuracy of one to two decades. For 19 sites, however, 198 

no year of extinction was provided. For these sites, we determined a window of extinction 199 

based on the notes made by the observers. These notes often contained information on 200 

when the species was last observed at the occurrence site (even though these intermediate 201 

observations had not always been added as separate visits to the database), and when it 202 

was first observed as extinct. After this, we assigned the year of extinction by either 203 

assigning a mid-decade year for decadal-level data (e.g. if the occurrence site was recorded 204 

to have gone extinct in the 1990’s, we set the extinction year to 1995) or a mean year for 205 

extinction time window information (e.g. if the extinction window was 2004-2010, we set 206 

the extinction year to 2007). As our climatic data started in 1961 (see Section 2.2.4) and to 207 

allow estimating climatic trends over a minimum of 15 years, we excluded occurrence sites 208 

for which the last observation year (if extant) and extinction year (if extinct) occurred prior 209 

to 1975.  210 

To improve the spatial resolution of the data, we excluded records with coordinate 211 

accuracy of >10 meters. Furthermore, to avoid pseudoreplication, we retained only one 212 

occurrence site per 20 x 20 m cell. This spatial filtering was done simultaneously for extant 213 

and extinct sites, because all the 20 x 20 m cells contained either occurrences deemed as 214 

extant or extinct, and not  both types of states. After this data processing, the data 215 

contained 2575 unique occurrence sites, of which 84 were recorded as extinct and 2491 216 

extant. 217 

 218 

2.2.2 Connectivity data 219 

To capture the spatial structure of the studied C. bulbosa occurrence sites, we used the 220 

measure of population connectivity described by Hanski (1994). This measure accounts for 221 

distance from each occurrence site to all potential source populations and the population 222 

size of all potential source sites, and can be defined through the following equation: 223 

  224 

                                                          Si = ∑j≠i exp(−αdij)Nj                                                               (Eq. 1) 225 

   226 

where Si is a measure of connectivity for population ‘i’ to other potential source populations 227 

‘j’; α scales the effect of distance to migration; dij is the distance (in kilometers) from 228 

patch i to j; and Nj is the population size of the potential source population.  229 
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The method assumes that the data contains information on all populations of the species. 230 

However, to calculate the measure of connectivity, we used occurrence data containing 231 

2575 unique occurrence sites filtered based on the rules described in Section 2.2.1. In these 232 

data, abundance was recorded at least once for 1901 of the sites, allowing us to calculate 233 

mean abundance across years per occurrence site to indicate population size. Both the unit 234 

and format of abundance data varied across records. For most records, the unit was the 235 

count of individuals or sprouts, but for some records, it was defined as the total individual 236 

count or the count of flowering individuals or sprouts/tufts. For most records the 237 

abundance value was given as a numerical value, but for 16 sites, abundance was given as a 238 

verbal description, such as “multiple” or “a few”. Furthermore, in 34 sites, abundance was 239 

recorded as 0 at all visits. In cases where the unit was something else than individuals or 240 

sprouts and the abundance value was reported verbally, we assigned a value for abundance 241 

based on the description (e.g. a few was translated to 5 individuals). To handle occurrence 242 

sites with missing or zero mean abundance, we used two alternative methods: we assigned 243 

these occurrence sites 1) a random mean abundance value within the range of the most 244 

common mean abundance values (within 2.5 and 97.5 % quantiles), and 2) a mean 245 

abundance value of 1. Using mean abundance data constructed with these two alternative 246 

approaches, we calculated connectivity according to Equation 1, with α set to 1 based on 247 

the estimation of dispersal ability of C. bulbosa (Lososová et al., 2023) and compared the 248 

results obtained via both approaches (Section 3.2).  249 

 250 

2.2.3 Land use change data 251 

To assess land use changes in the study sites, we used historical aerial images provided by 252 

the National Land Survey of Finland. For each year for which an aerial image was available 253 

for an occurrence site, we visually estimated the percentage of area covered by older forest 254 

(i.e. forest with continuous canopy and no signs of management, e.g. forestry machinery 255 

tracks ) out of the total land area within a 250 m radius from the occurrence site. We then 256 

calculated the change in the older forest cover for each time interval (i.e. % mature forest in 257 

yeari - % mature forest in yeari-1). Finally, we summed the differences across all time 258 

intervals to obtain a measure of cumulative change in the forest cover. For the extant sites, 259 

we included information extracted from aerial images taken during the years before the 260 

occurrence site had been visited for the last time (varying between 1987-2022) and from 261 

the next year after the last visit for which aerial images were available. For the extinct sites, 262 

we included information from the years before the occurrence site was deemed extinct 263 

(ranging between 1975-2019; see Section 2.2.1 on how the extinction year was 264 

determined), and from the next year after the extinction event for which aerial images were 265 

available. Based on this filtering process, two to 14 aerial images per occurrence site were 266 

included in the analyses. 267 

In addition to the percentage of area covered by older forest within the 250 m buffer 268 

area, we recorded information on whether the exact location of the occurrence site was 269 

covered by continuous forest. This information was also collected based on visual inspection 270 
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of aerial images. We then estimated linear change in the presence of mature forest by 271 

calculating Sen’s slope (Sen, 1968) separately for each occurrence site using the sens.slope 272 

function in the ‘trend’ R package (Pohlert, 2023). To make sure that the slope captures the 273 

potential changes that have led to the extinction of the occurrence sites as accurately as 274 

possible, we included only information from 1) the previous available year before the final 275 

observation year (if extant) or the year of extinction the recorded event (if extinct), and 2) 276 

the next year after the final observation year or year of extinction event for which aerial 277 

images were available. We classified the slope values into four classes based on how 278 

suitable the class was expected to be for C. bulbosa (in the order from least suitable): 1) loss 279 

of forest; 2) no forest over the examined temporal span; 3) gain of forest; and 4) continuous 280 

forest over the examined temporal span. We assumed class 1 to be the least suitable for this 281 

species, given that it reflects a disturbance. Class 2 was expected to be more suitable given 282 

that, in some cases, it is possible that the populations occur in less suitable, undisturbed 283 

conditions. Class 3 was assumed to be more suitable for the species, given that mature 284 

forest would have developed, while class 4 was assumed to describe the most suitable 285 

conditions as it reflected situations where forest had been continuously present at the site.  286 

We assessed aerial images for all extinct occurrence sites for which there was aerial 287 

image data available, and for a sample of extant sites. The sample was based on a random 288 

selection of locations, with priority given to locations with <80-year-old forest cover to 289 

reduce age-related sampling bias and improve the geographic representation of sites across 290 

the two main study areas. As a result, we obtained land use change data for 83 extinct and 291 

924 extant sites, totaling 1006 sites. 292 

 293 

 294 

 295 

 296 

 297 

 298 

 299 

 300 

 301 

 302 

 303 

 304 

 305 

 306 

 307 

 308 

 309 

 310 

 311 
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 312 
Figure 2. Illustration of the land use change data. Panel A shows an example of an aerial 313 

image series used to assess changes in land use. The study occurrence site is shown with a 314 

white point in the center of each aerial image. The estimated % of forest cover is given after 315 

the year for each image. Panel B shows values obtained for cumulative change in forest 316 

cover within a 250 m buffer area (%). Panel C shows linear change in the presence of forest 317 

in the exact location of the study occurrence site (Δ). Class 1 refers to the loss of forest, class 318 

2 to no forest cover at all, class 3 to the gain of forest, and class 4 to continuous forest 319 

cover. 320 
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2.2.4 Climate data 321 

To assess changes in the climatic conditions, we used daily gridded climate data at 1 x 1 km 322 

spatial resolution provided by the Finnish Meteorological Institute (Aalto et al., 2016). We 323 

selected three variables to use in our analyses: 1) rainfall (mm); 2) growing degree days 324 

above 5 °C (GDD5; sum of temperatures exceeding +5 °C); and 3) mean snow depth (cm). 325 

Rainfall and GDD5 were calculated annually for 1961–2019 as the mean of accumulated 326 

rainfall and degree days over April-June, representing average late spring-month rainfall and 327 

GDD5, respectively. Mean snow depth, in turn, was calculated annually for 1961-2020 as the 328 

mean snow depth during April and May. Here, June was excluded to avoid bias caused by 329 

the large number of zero-values (the average site had no snow cover in June during 59 of 330 

the 60 years). Overall, for the climatic variables, these late-spring months were considered 331 

the most relevant for the ecology of the study species, given that it flowers during spring 332 

and early summer. To match the spatial resolution of climatic data to that of the species 333 

data, we resampled the climatic data to a 20 x 20 m resolution using a bilinear interpolation 334 

method and the function project in ‘terra’ R package (Hijmans, 2025). 335 

We estimated linear trends in the climate variables over 1961-2019 (2020 for snow 336 

depth) by calculating Sen’s slope (Sen, 1968) separately for each of the 1007 occurrence 337 

sites for which we also had land use change data, using the sens.slope function in the ‘trend’ 338 

R package (Pohlert, 2023). For the extant sites, Sen’s slope was calculated starting from the 339 

first year of available climatic data (1961) to the final observation year, whereas for the 340 

extinct sites, it was calculated until the year when the population was deemed extinct. 341 

Similarly for forest cover data, the last observation year varied between 1987-2022 for 342 

extant occurrence sites while the extinction designation varied between 1975-2019. The 343 

mean number of years used to estimate climatic trends across all occurrence sites was 50.84 344 

years, while the mean across extant and extinct occurrence sites was 40.01 and 51.21 years, 345 

respectively. We removed one occurrence site where the change in the amount of rainfall 346 

fell clearly outside the range of all other values (i.e. was an outlier or an error in the data), 347 

totaling 82 extinct and 924 extant occurrence sites.  348 

In addition to estimating change in the climatic variables over time, we calculated 349 

the occurrence site-specific average value of each climatic variable across the first 30 years 350 

of the study period (1961-1990). This was done to allow controlling for occurrence site-351 

specific baseline climatic conditions in subsequent analyses and thus to make sure the 352 

potential effect observed from the slope of the linear change would in fact reflect the 353 

impact of change in climatic conditions rather than differences in baseline climatic 354 

conditions between the sites.  355 

 356 

 357 

 358 

 359 

 360 

 361 
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 362 
Figure 3. Illustration of the climatic data. In each panel, the black line shows temporal fluctuations in 363 

climatic conditions across the study period, averaged across all study sites, while the grey areas 364 

show standard deviation in climatic conditions across all study sites. The blue dashed lines show 365 

baseline climatic conditions across the first 30 years of the study period and the blue solid line shows 366 

the linear temporal trend, both averaged across all study sites. The temporal span used to calculate 367 

linear change was adjusted per study occurrence site (see Section 2.2.4). The values in the panels 368 

show change in each climatic variable per year across study sites. The maps in the right side of each 369 

panel show the spatial distribution of climatic conditions in Finland, averaged across the first 30 370 

years in the climatic data (1961-1990). The locations of the study occurrence sites are shown as 20 x 371 

20 km grid squares in the smaller maps. 372 
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2.3 Statistical analyses 373 

All analyses were conducted in R version 4.5.1 (R Core team 2025). 374 

 375 

2.3.1 Model fitting  376 

We used Generalized Linear Models (GLMs) with a binomial error distribution and logit link 377 

function to model the binary status (extinct = 1, extant = 0) of the 1006 occurrence sites of 378 

C. bulbosa. The models were implemented with the glm function from the ‘stats’ R package 379 

(R Core Team, 2025). To assess the additive and interactive effects of land use and climate 380 

on the extinction probability of C. bulbosa, we fitted four different models that varied in 381 

their main predictors: 1) land use change only; 2) climate only; 3) land use and climate; and 382 

4) land use change, climate, and their interactions (Table 1). The climate component always 383 

included both baseline climatic conditions and changes in them. In all models, we included 384 

connectivity to capture the spatial structure of the data, and in model 4. Two alternative 385 

sets of models were fitted using connectivity data calculated with two methods (see Section 386 

2.2.2). The fit of the models with different main predictors, as well as different connectivity 387 

data were compared using AIC and Nagelkerke R2 values. Given the large range of 388 

connectivity values in comparison to the other explanatory variables, connectivity was 389 

square-root transformed prior to modeling. In model 4 (the interaction model), we initially 390 

included all possible interactions between land use change and climate, and land use change 391 

and connectivity, and climate and connectivity. Then, we used a backward-selection 392 

approach to exclude non-significant (p > 0.05) interactions.  393 

 394 

Table 1. The structure of the models and their usage in terms of interpreting the impacts of land use 395 

and climate on the extinction probability of C. bulbosa. In all models, connectivity, estimated with 396 

two alternative approaches, was included to capture the spatial structure of the data. LUC = land use 397 

change, C = climate (baseline and change). 398 

Model 

Number 

Predictors Usage  

1  Used to interpret models 3 and 4.  

2 C Used to interpret models 3 and 4. 

3 LUC + C Used to assess whether land use change and climate (baseline 

and change) have additive effects, i.e. whether including both 

land use change and climate improves model fit compared to 

models including only one of them. This also implied assessing 

whether their effects remained significant when controlling 

for the other.  

This model was also used to interpret model 4. 

4 LUC + C + LUC:C Used to assess whether land use change and climate (baseline 

and change) have interactive effects, i.e. whether the impacts 

(or explanatory power of the model) of land use change or 

climate is stronger or weaker under different land use change 

and climate conditions.  

 399 
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2.3.2 Model assessment 400 

We assessed multicollinearity of our predictors using the Variance Inflation Factor (VIF). The 401 

VIF values, which were calculated based on model 3 (see Table 1) to exclude influence of the 402 

interaction terms, were generally low (below 1.7), but for baseline GDD5 and baseline 403 

rainfall, the VIF values indicated moderate multicollinearity (VIF = 4.02 and 5.48, 404 

respectively using connectivity approach 1 and 5.07 and 6.13, respectively using 405 

connectivity approach 2). This multicollinearity was taken into account with cautious 406 

interpretation of the model estimates for these two variables. To assess residual spatial 407 

autocorrelation, we used the testSpatialAutocorrelation function from the ‘DHARMa’ R 408 

package (Hartig, 2024) with residuals simulated with the simulateResiduals function. The 409 

test, performed on model 4, did not reveal spatial autocorrelation in the residuals (Moran's I 410 

= 0.01, p = 0.43 using connectivity approach 1 and Moran's I = 0.01, p = 0.52 using 411 

connectivity approach 2). To assess the performance of the models, we used the Receiver 412 

Operating Characteristic (ROC) curve and Area Under the Curve (AUC) value produced with 413 

the roc and auc functions from the ‘pROC’ R package (Robin et al. 2011), as well as QQ-plots 414 

and residuals vs. fitted values plots (Fig. S1) created with the plot function and simulated 415 

residuals from the ‘DHARMa’ R package. The ROC curve and AUC values indicated excellent 416 

discriminatory performance (Fig. S2). The QQ-plots and residuals vs. fitted values plots did 417 

not indicate deviations from the normality of residuals and homogeneity of variances 418 

assumptions (Fig. S2). We used the ggpredict function from the ‘ggeffects’ R package 419 

(Lüdecke, 2018) to plot partial effects of all variables used in the best performing models 420 

(i.e. those with the lowest AIC and highest R2 value). 421 

 422 

3. RESULTS 423 

3.1 Land use and climate change 424 

The cover of forest in the landscape surrounding the occurrence sites decreased (within the 425 

timespan that was adjusted per site), on average, by 32 % (Table 2). Across sites, changes 426 

ranged from a 100% decrease to an 80% increase. The categorical changes in the presence 427 

of forest cover at the exact location of the occurrence site varied between loss of forest 428 

cover, no change (forest cover was either continuously present or absent), and gain of forest 429 

cover. Specifically, in 6.95 % of sites, forest had disappeared, in 20.18 % of sites forest cover 430 

was not present during the entire study period, in 6.46 % of sites forest had recovered 431 

during the study period, and in 66.40 % of sites it was continuously present. Rainfall 432 

increased on average by 0.18 mm per year (-0.74 - +0.43 mm per year), while snow depth 433 

decreased on average by 0.17 cm per year (-0.43 - +0.31 cm per year), and GDD5 increased 434 

on average by 0.57 days per year (-0.99 - +1.77 °C per year). 435 

 436 

 437 

 438 

 439 

 440 
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Table 2. Summary statistics of the explanatory variables. Status = the status of the occurrence site 441 

(extant/extinct), CMP = change in mature forest presence, CMC = change in mature forest cover, CRF 442 

= change in rainfall, CGDD = change in GDD5, CSD = change in snow depth, MRF = baseline rainfall, 443 

MGDD = baseline GDD5, MSD = baseline snow depth, CON1 = connectivity method 1, CON2 = 444 

connectivity method 2. 445 

Variable Min Mean Median Max SD 

Status 0 0.08 0 1 0.27 

CMP 1 3.32 4 4 1.02 

CMC -100 -31.53 -30 80 35.65 

CRF -0.14 0.18 0.20 0.43 0.08 

CSD -0.43 -0.17 -0.17 0.31 0.08 

CGDD -0.99 0.57 0.60 1.77 0.29 

BRF 29.56 37.36 36.02 47.94 3.32 

BGDD 219.34 291.12 293.71 435.79 31.81 

BSD 10.16 31.62 33.92 45.99 6.56 

CON1 0 1808.68 969.77 6290.77 1909.68 

CON2 0 432.08 359.41 3273.91 437.8 

 446 

3.2 Comparison of models fitted with different connectivity-calculation approaches 447 

Based on a comparison of AIC values, models fitted using the two different approaches to 448 

estimate connectivity values did not significantly differ in their performance (ΔAIC < 2; Table 449 

3; Table S1). Similarly, there were only minor differences in the amount of variation 450 

explained by the models (R2 = 0.58 and R2 = 0.57 for approach 1 and 2, respectively). 451 

However, as we only wanted to include one connectivity estimate, we chose to use 452 

approach 2 given its slightly better performance in terms of AIC (Table 3) and our 453 

assumption that it was more ecologically meaningful than approach 1, which was more 454 

likely to produce unrealistically high connectivity values given that a random mean 455 

abundance value was given to all sites with 0 or NA mean abundance. 456 

 457 

3.3 Comparison of models with different main predictor set 458 

The model that included both land use change and climate (baseline and change), in 459 

addition to connectivity, explained a greater proportion of variation in extinction probability 460 

(R2 = 0.50; Table 3) than the models including only land use change (R2 = 0.30) or climate (R2 461 

= 33), in addition to connectivity (Table 2). However, extinction probability was best 462 

explained by the model that included also the significant interaction between land use 463 

change, climate, and connectivity (R2 = 0.57). This model performed the best also based on 464 

the comparison of AIC values (ΔAIC < 2; Table 3). Thus, this model was used for inference.  465 

 466 

3.4 The effects of land use change, climate, and connectivity 467 

The baseline growing degree days above 5 °C (GDD5), as well as temporal change in GDD5 468 

were associated with extinction probability on their own. Extinction probability was greatest 469 

at sites characterized by higher baseline GDD5 and greater decrease in GDD5 (Est. = 0.03, p 470 



 

15 
 

< 0.05; and Est. = -1.24, p < 0.05 for baseline and change in GDD5, respectively; Table 3). Yet, 471 

the effect of baseline GDD5 should be inferred with caution due to the moderate 472 

multicollinearity it showed in the models. Interactive effects, in turn, were found among 473 

forest loss, changes in rainfall, baseline rainfall, and baseline snow depth. Extinction 474 

probability was greatest at occurrence sites that had experienced forest loss and the 475 

smallest increase in the amount of rainfall (Est. = -8.60, p < 0.001). Furthermore, extinction 476 

probability was greatest for occurrence sites that had experienced forest loss and were 477 

characterized by the highest baseline rainfall (Est. = -0.30, p < 0.01) and lowest snow depth 478 

conditions (Est. = 0.13, p < 0.01). Similarly to baseline GDD5, the effect of baseline rainfall 479 

should be inferred with caution due to the moderate multicollinearity it showed in the 480 

models. Connectivity was weakly associated with extinction probability in interaction with 481 

climate: extinction probability was greatest for occurrence sites that had the highest 482 

connectivity and the highest baseline snow depth (Est. = 0.01, p < 0.001). However, in all 483 

other models (land use change only, climate only, land use change and climate, Table 1), 484 

connectivity decreased extinction probability (Esti. = -0.07, p < 0.001; -0.11, p < 0.001; -0.07, 485 

p < 0.01 for LUC, C, and LUC + C models respectively).  486 

 487 

Table 3. Model comparison results for two sets of four models fitted using connectivity data either 488 

estimated with approach 1 or 2.  In connectivity estimation approach 1, random mean abundance 489 

values were given to occurrence sites with NA and 0 mean abundances, and in connectivity 490 

estimation approach2, a mean abundance value of 1 was given to these sites. LUC = land use change, 491 

C = climate (baseline and change). 492 

Connectivity method  Model R2 AIC ΔAIC 

1 LUC 0.27 449.38 135.27 

1 C 0.25 467.70 153.59 

1 LUC + C 0.48 355.69 41.58 

1 LUC + C + LUC:C 0.58 314.11 0.00 

2 LUC 0.30 434.55 122.19 

2 C 0.33 428.43 116.07 

2 LUC + C 0.50 345.95 33.59 

2 LUC + C + LUC:C 0.57 312.36 0.00 

 493 

 494 

 495 

 496 

 497 

 498 

 499 

 500 

 501 

 502 
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Table 4. Summary statistics for the four models used to understand the independent, additive, and 503 

interactive effects of land use and climate on the extinction probability of C. bulbosa. LUC = land use 504 

change, C = climate (baseline and change). CMP = change in mature forest presence, CMC = change 505 

in mature forest cover, CRF = change in rainfall, MRF = baseline rainfall, CGDD = change in GDD5, 506 

MGDD = baseline GDD5, CSD = change in snow depth, MSD = baseline snow depth, CON = 507 

connectivity.  508 

Model Term Estimate Std. Error Statistic p-value 

LUC (Intercept) 1.48 0.43 3.46 <0.01 

 CMP -1.06 0.13 -7.92 <0.001 

 CMC 0.00 0.00 -0.06 >0.1 

 CON -0.07 0.02 -3.82 <0.001 

C (Intercept) 8.00 3.13 2.55 0.011 

 CRF -10.64 1.74 -6.10 <0.001 

 CGDD -1.10 0.45 -2.47 <0.05 

 CSD 2.28 1.79 1.28 >0.1 

 BRF -0.23 0.06 -3.85 <0.001 

 BGDD 0.01 0.01 0.87 >0.1 

 BSD 0.01 0.05 0.16 >0.1 

 CON -0.11 0.02 -6.19 <0.001 

LUC + C (Intercept) 8.06 3.81 2.12 <0.05 

 CMP -1.28 0.17 -7.56 <0.001 

 CMC 0.00 0.00 -0.02 >0.1 

 CRF -14.11 2.17 -6.50 <0.001 

 CGDD -0.54 0.48 -1.11 >0.1 

 CSD 2.79 1.83 1.52 >0.1 

 BRF -0.10 0.07 -1.42 >0.1 

 BGDD 0.01 0.01 0.65 >0.1 

 BSD -0.04 0.06 -0.70 >0.1 

 CON -0.07 0.02 -3.00 <0.01 

LUC + C + LUC:C (Intercept) -18.17 9.44 -1.92 <0.1 

 CMP 7.11 2.44 2.92 <0.01 

 CMC 0.00 0.00 -0.26 >0.1 

 CRF 3.22 4.42 0.73 >0.1 

 CGDD -1.24 0.53 -2.35 <0.05 

 CSD 1.12 1.80 0.62 >0.1 

 BRF 0.75 0.27 2.79 <0.01 

 BGDD 0.03 0.01 2.37 <0.05 

 BSD -0.51 0.14 -3.71 <0.001 

 CON -0.50 0.13 -3.98 <0.001 

 CMP:CRF -8.60 2.09 -4.11 <0.001 

 CMP:BRF -0.30 0.09 -3.45 <0.01 

 CMP:BSD 0.13 0.04 2.97 <0.01 

 BSD:CON 0.01 0.00 3.51 <0.001 

 509 
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 510 
Figure 4. Predicted extinction probabilities across the observed ranges of the land use change, 511 

climate change, and connectivity variables. Predictions are based on the model with the lowest AIC 512 

and highest R² values, which included all land use change and climate variables (baseline and 513 

change), connectivity, and their significant interactions (LUC + C + LUC:C). p < 0.001 = ***, p < 0.01 514 

**, p < 0.5 *. The actual values of the variable in the x-axis are shown as lines in the bottom of the x-515 

axis. 516 
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4. DISCUSSION 517 

Understanding how land use and climate change jointly influence the persistence of boreal 518 

forest species is increasingly important as these pressures intensify simultaneously 519 

(Gauthier et al., 2015). Here, we examined their individual, additive, and interactive effects 520 

on a declining boreal forest orchid, Calypso bulbosa, using a 60-year dataset spanning 1006 521 

occurrence sites across Finland. Our results provide evidence that both baseline climatic 522 

conditions and climatic changes modify the effect of forest loss on the persistence of the 523 

species. More specifically, we find that the strength of the negative effect of forest loss on 524 

the persistence of the species is different at sites with different rainfall and snow conditions. 525 

These results highlight that the consequences of habitat loss and degradation cannot, in this 526 

case, be understood independently of climatic conditions, and vice versa. These results are 527 

consistent with the idea that the loss and deterioration of forests is likely to modify the 528 

exposure of species to changing climatic conditions (Zellweger et al., 2020). We also find 529 

that the effects of forest loss originate mainly from the local rather than the landscape 530 

scale. This result aligns with the general understanding that the effects of habitat loss and 531 

degradation are often scale-dependent (Banks-Leite et al., 2020).  532 

 533 

4.1 Rainfall can ameliorate or exacerbate the effect of forest loss on species persistence 534 

We found that greater temporal increases in rainfall ameliorated the negative effect of 535 

forest loss on C. bulbosa persistence. This finding was in line with our hypothesis, and could 536 

indicate that increasing rainfall compensates for the loss of microclimatic buffering 537 

associated with forest loss. Several studies, including one focusing on the occurrence sites of 538 

C. bulbosa specifically (Koivusaari et al., 2026), have shown that forests can provide 539 

different microclimates compared to ambient conditions due to forest structural elements 540 

that regulate, e.g., the amount of solar radiation and rainfall penetrating the canopy (Chen 541 

et al., 1993; Frey et al., 2016; Meeussen et al., 2021). When the area or quality of a forest is 542 

reduced, this buffering capacity can decline and expose forest-inhabiting species to, e.g., 543 

drier soil moisture conditions (Chen et al., 1993; Kemppinen et al., 2024; Menge et al., 2023; 544 

Senior et al., 2017). Increase in the amount of rainfall, however, could compensate for 545 

reductions in the soil moisture level, as suggested by our results. These results highlight that 546 

climatic changes may not simply add to the effects of habitat loss but can also modify the 547 

ecological consequences of forest degradation. To our knowledge, such interaction has 548 

received little attention in the context of plant species persistence in forest habitats. 549 

On the other hand, we observed that greater baseline rainfall level exacerbated the 550 

negative effect of forest loss on C. bulbosa persistence, although we acknowledge that the 551 

effect of baseline rainfall should be inferred with caution given its moderate 552 

multicollinearity with the other explanatory variables. These results suggest that although 553 

increases in rainfall may, to a certain extent, have a positive effect on C. bulbosa populations 554 

that experience drought due to forest degradation, there may be a threshold after which 555 

exceedingly wet conditions start to reduce the survival of the species by causing flooding 556 

and root suffocation (Hirabayashi et al., 2013; Irfan et al., 2010; Zhang et al., 2025). These 557 
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results highlight that the ecological consequences of the interactive effects of land use and 558 

climate change may also depend on how much climate is changing. When assessing the 559 

interactive impacts of land use and rainfall, it is also noteworthy that the temporal trend in 560 

rainfall varied across the sites of C. bulbosa. While most of the sites had experienced 561 

increases in rainfall (987), rainfall decreased over time in 19 sites. It is therefore possible 562 

that the interactive effects of rainfall and forest loss also depend on the direction of rainfall 563 

change. However, our data was not sufficient to assess such bidirectional effects. 564 

Nevertheless, these findings illustrate the complexity of the simultaneous efficacy of land 565 

use and climatic changes, and the consequent need for ample data for predicting species 566 

responses under such conditions.  567 

 568 

4.2 Future reductions in snow cover may weaken buffering against the negative impacts of 569 

forest loss 570 

We found that deeper baseline snow cover ameliorated the negative impact of forest loss 571 

on the persistence of C. bulbosa. Snow cover offers insulation for overwintering C. bulbosa 572 

plants, and the result may indicate a buffering effect of deeper snow cover at sites 573 

increasingly exposed to frost due to forest loss and weakened microclimatic buffering 574 

(Örlander, 1993; Simons et al., 2010). Such a connection of baseline snow cover with the 575 

impacts of forest loss could indicate potential future effects of climate change: greater 576 

decreases in snow depth may have an exacerbating effect on the extinction probability of C. 577 

bulbosa together with land use change. Thus, although our data did not reveal an effect of 578 

temporal change in snow cover on extinction probability, we expect that accumulating data 579 

with proceeding climate change may come to identify such effects. Our results, together 580 

with e.g. Aalto et al. (2023) show that on average, snow depth is decreasing in many areas in 581 

Finland, although there is regional variation in the direction of the trend. Thus, declining 582 

snow depth appears to be an ongoing component of climate change in Finland, likely posing 583 

increasing pressures on species that rely on snow. 584 

 585 

4.3 Separate effects of climate were weak compared to the stronger interactive effects of 586 

climate with forest loss 587 

In addition to the interactive effects of land use change and climate, we found some 588 

indications of separate effects of climate. Baseline GDD5 and temporal change in GDD5 589 

were both associated with extinction probability, although the effects were relatively 590 

statistically weak. Extinction probability was somewhat higher at sites with higher baseline 591 

GDD5 and in sites with greater decrease in GDD5. Moreover, it should be acknowledged 592 

that baseline thermal accumulation showed moderate multicollinearity, due to which its 593 

effects should be inferred with caution. Notwithstanding, such opposing associations of 594 

baseline GDD5 and its temporal change could be explained by increased drought effects at 595 

sites with higher baseline thermal accumulation (Wu et al., 2025; Yan et al., 2025), whereas 596 

greater decrease in thermal accumulation may negatively influence survival, e.g., through a 597 

shorter growing season.  598 
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4.4 The current impact of forest loss originated from local scale but landscape scale forest 599 

loss may also matter 600 

We only found significant effects of forest loss on the extinction probability of C. bulbosa at 601 

the local, rather than the landscape scale. This result is in line with the general 602 

understanding that the effects of habitat loss, fragmentation and degradation are scale-603 

dependent (Banks-Leite et al., 2020). This scale-dependent effect of forest loss suggests that 604 

currently, forest loss is primarily influencing the persistence of C. bulbosa through the loss of 605 

suitable microsites (Eriksson & Ehrlén, 1992). However, in the long run, forest loss could also 606 

influence the species at the landscape-scale through seed limitation (Eriksson & Ehrlén, 607 

1992). This is because landscape-scale forest loss may lead to the loss of neighboring 608 

populations, and thus connectivity of the remaining populations. Reduced connectivity, in 609 

turn, can influence the persistence of populations through reducing seed exchange between 610 

populations and recolonization of suitable habitats (Moilanen & Hanski, 2001). This kind of a 611 

negative effect of connectivity reduction on the persistence of C. bulbosa was supported by 612 

our intermediate models (i.e. those that did not include interactions), showing that higher 613 

connectivity decreased the extinction probability of C. bulbosa. In addition to this effect, we 614 

also observed an interactive effect between baseline snow conditions and connectivity 615 

(such that extinction probability was greatest in well-connected sites with deep baseline 616 

snow cover). However, this effect is likely a spurious finding driven by a lack of observations 617 

at the extreme ends of baseline snow depth. While interactions of connectivity with land 618 

use and climate change remain inconclusive, our data indicates that connectivity can 619 

independently increase the probability of the species to persist. 620 

 621 

4.5 Additional factors that may explain extinction probability 622 

Overall, our results highlight the importance of land use change and climate in explaining 623 

variation in the extinction probability of C. bulbosa. At the same time, the results indicate 624 

that several factors not considered in our analyses are likely to play a role in explaining the 625 

extinction probability of this species. One such potentially important factor could be soil 626 

composition, as C. bulbosa is known to favor soils with high calcium concentrations 627 

(Hyvärinen et al. 2019). Others include factors connected to biotic interactions with 628 

pollinators and symbiotic partners, as suggested by a previous analysis of the drivers of 629 

occurrence and abundance patterns of C. bulbosa (Koivusaari et al., 2026). Finally, while we 630 

focused on climatic conditions during and preceding the flowering season of C. bulbosa, 631 

conditions during other seasons may also impact the species’ performance and viability. For 632 

example, autumn leaf production and winter dormancy may affect its persistence over the 633 

dormant period and thus its regenerative potential in spring. Future studies should assess 634 

the effects of conditions throughout the year, interactions with other species, soil 635 

conditions and their changes over time when assessing the extinction probability of C. 636 

bulbosa. 637 

 638 

 639 
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5. CONCLUSIONS 640 

Land use and climate change are two of the greatest threats to biodiversity globally, but the 641 

mechanisms by which they affect species persistence in boreal forests, a globally vital 642 

ecosystem, remain poorly understood. Our results show that land use change, baseline 643 

climate and climate change interact strongly in shaping extinction risk for a boreal forest 644 

orchid, jointly explaining 57% of the variation in extinction probability. We also find that the 645 

effects of forest loss are scale-dependent, originating mainly from the local rather than the 646 

landscape-scale. These findings highlight that land use and climate change do not act in 647 

isolation in driving biodiversity responses, and emphasizes the need to consider their 648 

interactions when predicting species’ persistence under environmental change.  649 
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