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Abstract:



Two aspects of site suitability were combined, namely species occurrence probability and tree growth as proxies for risk and productivity, aiming to improve climate impact assessments for forests. This measure was used to identify priority regions for climate change adaptation under consideration of current stands. The six most frequent tree species according to German national forest inventory data were used considering repeated measurements. Species distribution and growth models were calculated and combined into one measure. To identify priority regions regarding current forests, we aggregated species-specific negative development of site suitability for stands where a tree species actually occurred. Suitability under climate change increased or remained unchanged for current stands of silver fir, pedunculate oak and sessile oak. European beech and Scots pine showed large area shares with negative changes, but also areas with positive changes in site suitability. For Norway spruce, suitability decreased strongly. Priority regions were concentrated in the federal states Rhineland-Palatinate, Hesse, Baden-Württemberg, Thuringia, Lower Saxony, and Saxony-Anhalt. Certainly, the workflow contained several steps, at which decisions had to be made. Although this work did not resolve all issues of site suitability modeling for climate impact on forests, it provided a more comprehensive view on tree species site suitability in biogeographical modeling.
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1. Introduction


Although Central European forests have great natural adaptive capacity, management support will be needed to adapt to climate change without economic loss [1]. For some forest stands, climate change will affect stability and timber yield negatively. Ideally, economically-oriented management measures reduce risk, increase stability and thereby optimize yield. In Germany, considerable resources for climate change adaptation are available but not enough for forest conversion throughout the whole territory. It is not possible to protect all managed forest from negative climate change impact due to constraints in time and costs. To keep losses as low as possible, one strategy is to concentrate efforts on the most vulnerable areas. Scientific methods are thus needed to identify priority regions for climate change adaptation depending on the information available for the forested area of Germany.



A frequently used proxy for climate change impact on forests is change in site suitability. (Here, we use the term as it is used in macroecology, which is not a direct translation of the technical term `Standorteignung’ used in German forestry. Species distribution models (SDMs) and growth models are macroecological approaches and apply to a coarser scale than site suitability mapping in forestry usually does.) In climate impact research, the outcome of SDMs and derivatives of occurrence probability are often interpreted as site suitability [2,3]. However, productivity of trees is ignored when this method is used for assessing site suitability. Information about how well a tree species grows on a certain site is important to forest managers. Another issue with SDMs for managed species is that models will provide site suitability estimates based on the actual distribution and it is impossible to derive estimates for the natural or even potential distribution [4,5,6], which would perhaps be more useful as a basis for decisions on climate change adaptation. Nevertheless, SDMs contain information about one aspect of site suitability: whether a species can at least tolerate the conditions at a site where it occurs. Because of the inherent limitations of SDMs, Guisan and Thuiller (2005) [5] suggested additionally considering community ecology, demographic processes, and biotic interactions.



The distribution of species is indeed a result of different demographic processes which in turn are influenced by abiotic as well as biotic interactions such as competition [7,8]. Growth is one of the processes which determine species distribution. Growth parameters are also used to estimate species’ ecological demands and responses to climate change [9,10,11,12,13,14]. When competition is considered, tree growth can be assumed to be less influenced by human management than distribution, which is an advantage for determining site suitability. Besides from being less influenced by management, tree and stand growth are also important measures for site productivity.



In recent years, estimates for climatic site suitability focused on risk which is reflected by occurrence probabilities calculated from species distribution [15,16,17,18]. The German national forest inventory (NFI) provided a solid data basis for the calculation of such SDMs [19]. Until now, few studies have compared multiple aspects of site suitability to obtain a more comprehensive picture, e.g., Albrecht et al. (2015) [20] combined two aspects—risk and productivity—by coupling a tree growth model with a storm damage model. Assessments of site suitability in the context of climate change on the basis of species distribution on the one hand and growth on the other hand can lead to contradictory results [21,22]. This shows the disparate information contents and, thus, the importance of considering several properties. Dolos et al. (2015) [22] found discrepancies in modeled tree species’ growth and distribution. In order to consider both—information in species distribution and tree growth—we combined these two attributes into one index of site suitability. The combination of both information sources for site suitability modeling is a step forwards in climate impact modeling in the forest sector.



Spatial projections for species distribution and tree growth provide information on current and future site suitability. Climate change impact assessments often use continuous maps of changes in site suitability to evaluate the potential of species under climate change. However, to assess the severity of climate change impact, a crucial question is what will happen to current forested areas. Which current stands with a certain species composition need to be actively adapted by management measures and which stands will be less affected due to an already suitable species composition? In forest management, information on regions for which strong negative changes can be expected—i.e., vulnerable areas—helps to concentrate resources. On the basis of maps for current and future site suitability, regions can be identified which are expected to show strong negative changes in the next decades [15,16,18]. In consideration of forested area and its current tree species composition and how site suitability for important tree species is likely to change, priority regions for adaptive management can be identified.



In this study, we (1) developed valid SDMs and growth models based on the German national forest inventories for six tree species; (2) suggested a method to combine these two aspects of site suitability into one measure; and (3) identified priority regions for climate change adaptation of forests under consideration of actual current stands.




2. Materials and Methods


2.1. National Forest Inventory Data


The German national forest inventories (NFI) provided information about forest trees from three repetitions. This database is a valuable tool for studying forest dynamics [19]. Primarily, NFI data are used for assessing growing stock and the value of forest stands, but ecological processes, forest state and stability can also be estimated with NFI data. Between 1986 and 1989, the first inventory was conducted in the Old Federal States, the second between 2000 and 2002 for the whole of Germany and the third between 2011 and 2014. The German NFI design follows a regular grid with a 4 km grid point distance. Some federal states use a denser grid (2 km). Each grid point consists of up to four NFI plots which are at a distance of 150 m from each other. We used stand information based on angle count sampling—also known as Bitterlich sampling—with basal area factor 4 m2/ha (for further details, see [19]). Only trees with a diameter at breast height (DBH) of at least 7 cm were recorded. The youngest trees were five years old and the oldest around 700 years (based on estimations; median: 69 years).



Species information about the six most frequent forest tree species (Table A1) was considered—these six species are also the most important species for German forestry. They were Norway spruce (Picea abies), European beech (Fagus sylvatica), silver fir (Abies alba), Scots pine (Pinus sylvestris), sessile oak (Quercus petraea), and pedunculate oak (Quercus robur). Occurrences of silver fir around the northern regions (n = 34) were excluded from the dataset because its reported natural distribution is limited to the southern part of Germany [23,24]. It is unclear to which provenance planted occurrences further north belong to, particularly bearing in mind that silver fir even has a mountainous Mediterranean ecotype [25]. We excluded negative and zero growth as this was presumably attributed to measurement errors.



Table A1. Overview of the number of data points used, broken down by tree species and model.







	
Species Distribution Model






	
Species

	
Data points

Presence/Absence

(Prevalence)

	
Temperature (∘C)

Mean (min–max)

	
Precipitation (mm)

Mean (min–max)

	
Soil Type

(Most Frequent)

	

	

	




	
Norway spruce

(Picea abies)

	
19450/29327 (0.40)

	
7.9 (2.6–10.8)

	
1008 (499–2696)

	
Cambisol

	

	

	




	
European beech

(Fagus sylvatica)

	
16940/31837 (0.35)

	
8.4 (2.6–11.0)

	
908 (454–2503)

	
Cambisol

	

	

	




	
Scots pine

(Pinus sylvestris)

	
14220/34557 (0.29)

	
8.8 (3.5–10.9)

	
733 (471–2300)

	
Cambisol

	

	

	




	
Sessile oak

(Quercus petraea)

	
5716/43061 (0.12)

	
8.8 (6.8–10.9)

	
819 (458–1811)

	
Cambisol

	

	

	




	
Pedunculate oak

(Quercus robur)

	
5291/43486 (0.11)

	
8.9 (6.1–11.0)

	
755 (454–1902)

	
Cambisol

	

	

	




	
Silver fir

(Abies alba)

	
3161/45616 (0.06)

	
7.8 (2.6–10.8)

	
1285 (590–2575)

	
Cambisol

	

	

	




	
Growth model




	
Species

	
Data Points

	
Temperature (∘C)

Mean (min–max)

	
Precipitation (mm)

Mean (min–max)

	
Soil Type

(Most Frequent)

	
Relative Basal

Area Increment

Mean (min–max)

	
Diameter at

Breast Height (mm)

Mean (min–max)

	
Stand Basal

Area (m2/ha)

Mean (min–max)




	
Norway spruce

	
134151

	
8.2 (2.9–11.5)

	
1106 (509–2745)

	
Cambisol

	
0.037 (0–0.976)

	
320 (70–1231)

	
43.8 (4.0–125.0)




	
European beech

	
70235

	
8.9 (2.9–11.5)

	
955 (535–2590)

	
Cambisol

	
0.03 (0–0.707)

	
366 (70–1587)

	
35.4 (4.0–122.8)




	
Scots pine

	
55622

	
9.3 (3.1–11.7)

	
767 (513–2391)

	
Cambisol

	
0.027 (0–1.037)

	
304 (76–899)

	
37 (4.0–108.3)




	
Sessile oak

	
13947

	
9.5 (7.3–11.5)

	
823 (456–1905)

	
Cambisol

	
0.023 (0–0.483)

	
362 (70–1100)

	
34.4 (4.0–97.3)




	
Pedunculate oak

	
10532

	
9.5 (7.1–11.6)

	
777 (509–1890)

	
Cambisol

	
0.026 (0–0.828)

	
439 (70–1432)

	
32.9 (4.0–110)




	
Silver fir

	
14719

	
8.3 (2.9–11.3)

	
1319 (618–2635)

	
Cambisol

	
0.033 (0–0.665)

	
420 (70–1277)

	
43.9 (4.0–107.3)










We used species, position and DBH from three repetitions (reference years: 1987, 2002, and 2012). We calculated the annual relative basal area increment (relBAI; Equations (1) and (2)) which was used as a response variable in the growth models.
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(1)
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(2)
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Additionally, slope-corrected stand basal area (SBA) was calculated and used as an explanatory variable in the growth model to account for light availability and competition (Equations (3) and (4)).
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(3)







	
c: Slope correction factor
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(4)







	
[image: there is no content]: Stand basal area



	
N: Number of trees of an inventory plot



	
k: Basal area factor



	
c: Slope correction factor






We also calculated stand basal area of larger trees. The population of all larger individual trees was calculated individually for each tree [26]. Stand basal area of larger trees is the sum of the basal areas of all trees of a plot which have a larger DBH than the target tree. For this reason, for the smallest individual, it is equal to the stand basal area and zero for the largest individual. Surprisingly, in the variable selection it dropped, because stand basal area was as good as or even better than basal area of larger trees.



SDMs were calculated for the second and third NFI only, because Germany’s Old Federal States were not included in the first NFI. Both periods were used for the growth models.




2.2. Environmental Data


Climatic variables were calculated using data from the German weather service (DWD). Mean annual temperature and annual precipitation were provided in 1 × 1 km2 rasters. Additionally, we calculated 19 BioClim variables with the R package dismo [27].



For SDMs, we chose a long-term average of thirty years for climatic variables. Thirty years is a meteorological standard to characterize climate. This time period also likely covered the time span important for current stands. Moreover, no climate data in sufficient quality were available prior to 1961. Additionally, we assumed that the climatic impact on species distribution during the last ten years was less important for the presence of tree species because of the delayed response of living organisms to the climate. Considering those factors, the resulting time spans were 1961–1990 for NFI 2 and 1984–2002 for NFI 3.



For growth models, we chose the time period between 1984 and 2002 for climatic variables for the period between the first (1986–1989) and the second NFI (2000–2002). Two years prior to the beginning of the growth period were added, because it was found that tree growth reactions to climatic conditions are delayed [28]. Accordingly, for the second growth period between the second and the third NFI (2011–2014), we chose the time period between 1998 and 2014.



For climate change projections, a regionalized RCP 8.5 [29] scenario was used, which was an ensemble of eight members [30,31]. The ensemble median was used for all following calculations. For SDM projections, thirty-year means (2021–2050), and for growth model projections, ten-year means (2041–2050) were used. The resolution was 7 × 7 km2, thus differed from the dataset used for model fitting (which was 1 × 1 km2). We decided to remain with the higher resolution of the DWD climate data to derive the best models for current climatic conditions. Resolution of raster files for the climate change scenario was increased to 1 × 1 km2 to match the resolution of DWD rasters. This increase in resolution was only a necessary step in data handling since we combined rasters, and did not increase the spatial information on the climate. These differences in spatial resolution between data used in model fitting and data used for climate change projections caused the distribution of climatic variables and subsequently model projections to be less extreme because extremes are underestimated in coarser rasters. High as well as low projected values for occurrence probability and growth were attenuated and this needs to be considered in interpretations.



Soil data were taken from the European soil database. Originally, 72 soil types were accumulated to 12 main soil types [32].




2.3. Species Distribution Models


For the selected six species, species distribution models were calculated using generalized additive models (GAM) using thin plate regression splines [33] with a binomial error distribution. The target variable for the SDM was the presence or absence of a tree species. Species occurrence was explained by temperature, precipitation and soil type. An interaction term for temperature and precipitation was included by using a two-dimensional spline. All explanatory variables were scaled. The models followed the structure below (Equation (5)):
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(5)







	
p: Occurrence of a tree species (presence, absence; binary)



	
T: Mean annual temperature or other temperature-related BioClim variable



	
P: Mean annual precipitation sum or other precipitation-related BioClim variable



	
S: Soil type (factor with 12 levels)



	
i: Index of summation
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[image: there is no content]: Thin plate splines with basis dimension k = 3



	
[image: there is no content]: Thin plate spline for interaction with basis dimension k = 5



	
[image: there is no content]: Error (binomial distribution)






First, we assessed the difference among models for the second and third NFI. There were only very little differences in the data of the second and the third NFI and, therefore, in the models. Hence, we remained with the third NFI only in order to save computation time.



The number of NFI plots at each grid point ranged from 1 to 4 depending on whether the area was forested or not. Each plot was intended to make the same contribution to the model. Therefore, the total weight of each plot belonging to the same grid point was divided by the number of plots at the respective grid point. Accordingly, these weights ranged between 1 (one forested plot per grid point) and 0.25 (four forested plots).



An exhaustive search for the best variables was performed. The Akaike information criterion (AIC) [34] and explained deviance were used to identify the best models. We tested all possible combinations of variables, each combination resulting in a model not exceeding one temperature-related and one precipitation-related BioClim variable.



Repeated data splitting was applied with a share of 70% training and 30% test data with 100 repetitions.



We used the statistical environment R [35] with the packages mgcv [36], raster [37], and dismo [27] for all data processing and modeling tasks.




2.4. Growth Models


For growth modeling, we used a GAM with annual relative basal area increment (relBAI) as a response variable and a log-link function with gamma distributed error. Explanatory variables were temperature, precipitation, soil type, SBA, and DBH. We used the following formula (Equation (6)):
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(6)
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T: Mean annual temperature or other temperature-related BioClim variable



	
P: Mean annual precipitation sum or other precipitation-related BioClim variable



	
S: Soil type (factor with 12 levels)



	
i: Index of summation
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Because growth as well as climate differed in periods NFI 1/2 and NFI 2/3, it was reasonable to use both time steps in one model. The challenge of using multiple time steps in one model is correlation among samples—in our study, there were two observations per individual tree. For such a case, mixed effect models would be suitable. In this study, however, there was a huge amount of statistical units (individual trees) with few measurements (NFI time steps). Therefore, computation resources were not enough to fit these models. Hence, instead of mixed effect models, we used marginal models as the second best choice [38]. The correlation matrices with the grouping factor `individual tree’ allowed us to use two measurements per individual tree, taking temporal autocorrelation into account. We did not use this method for both oak species, because they were not recorded separately in the first NFI. Thus, for oaks, normal GAMs and growth between NFI 2 and 3 were fitted.



Additionally, in the growth model, weights were used to account for the sampling design. Weights were calculated the same way as for SDMs. These plot weights were then divided by the number of trees at the respective plot.



Variable selection was done analogously to the procedure for SDMs.




2.5. Combining Distribution and Growth


Predictions for occurrence probability and tree growth were combined in order to reduce complexity and allow the identification of regions with strong expected negative change of site suitability under climate change, i.e., priority regions. This was done in several steps (Figure 1). After model fitting, predictions for the current climate were calculated for NFI sites (point data). Analogously to Hanewinkel et al. (2014) [18], we calculated ecologically meaningful thresholds for occurrence probability (TV1, TV2, TV3). To obtain finer gradations, two additional thresholds (TV1a, TV3a) were added (Table A2). Thresholds for SDMs were calculated for each species based on fitted values for all NFI sites under current climate.


Figure 1. Workflow of how species distribution and growth projections were combined in the happy tree index (HTI) and priority regions were identified. Species distribution and individual growth were projected for current conditions and for the climate change scenario separately. For current conditions and the climate change scenario, respectively, distribution and growth were classified, normalized and summed to obtain the HTI. The difference between HTI for current conditions and HTI for the climate change scenario was used to derive HTI change. Species-specific relevant sites were calculated based on the national forest inventory data. After application of a buffer and applying a forest mask, this raster was used to mask the HTI change map for each species. Strong negative changes for current stands were used to identify priority regions for climate change adaptation.
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Table A2. Thresholds for the formation of ecologically meaningful classes for the modeled occurrence probability and growth (annual relative basal area increment). We used the method of Hanewinkel et al. (2014) [18] for occurrence probability. The three thresholds TV1, TV2 and TV3 were supplemented by two more to allow a more differentiated representation. This proved particularly useful in the calculation of the combined site suitability. According to the number of thresholds for occurrence probability, the thresholds for growth were determined using 1/6 quantiles.







	
Threshold

	
Description

	
Norway Spruce

	
European Beech

	
Silver Fir

	
Scots Pine

	
Sessile Oak

	
Pedunculate Oak






	
Species distribution model




	
tv1

	
Value for which false positive rate <1%

	
0.80

	
0.58

	
0.43

	
0.70

	
0.37

	
0.30




	
tv11

	
Value for which false positive rate <10%

	
0.64

	
0.48

	
0.23

	
0.48

	
0.29

	
0.26




	
tv2

	
Value for which Kappa is maximum

	
0.42

	
0.35

	
0.19

	
0.37

	
0.21

	
0.22




	
tv31

	
Value for which false negative rate <10%

	
0.24

	
0.25

	
0.36

	
0.17

	
0.17

	
0.17




	
tv3

	
Value for which false negative rate <1%

	
0.10

	
0.12

	
0.05

	
0.09

	
0.05

	
0.08




	
Growth model




	
q1

	
1/6 quantile

	
0.0319

	
0.0316

	
0.0298

	
0.0211

	
0.0210

	
0.0213




	
q2

	
2/6 quantile

	
0.0332

	
0.0328

	
0.0310

	
0.0230

	
0.0224

	
0.0222




	
q3

	
3/6 quantile

	
0.0342

	
0.0340

	
0.0323

	
0.0241

	
0.0233

	
0.0226




	
q4

	
4/6 quantile

	
0.0350

	
0.0354

	
0.0332

	
0.0253

	
0.0238

	
0.0231




	
q5

	
5/6 quantile

	
0.0360

	
0.0376

	
0.0341

	
0.0260

	
0.0245

	
0.0239










For growth, the same number of classes as for species distribution was chosen. We derived five thresholds from quantiles of the predictions at NFI plots where the species was present (quantiles = 1/6, 2/6, ... , 5/6). Because SBA and DBH were not available for the whole area but only at NFI sites, we used the medians of these two variables for spatial projections and, therefore, for deriving the thresholds as well.



Class values 1–6 were each normalized to 1 by dividing by the number of classes. By this procedure, the two different variable types were transformed to values between 0 and 1, i.e., were standardized to the same range. Lastly, their sum was formed to obtain the happy tree index (HTI) for each pixel (Equation (7), Figure 1 and Figure A1).


HTI=normalizedclassvalueSDM+normalizedclassvalueGrowth2



(7)






Figure A1. Illustration of how to derive the happy tree index (HTI) from distribution and growth with equal weights of the two variables.
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By calculating the sum, occurrence probability and tree growth were implicitly weighted 1:1—bearing in mind that calculating class thresholds as well as a direct combination already influenced weighting. The HTI was kept in the range between 0 and 1 by dividing by the number of summands.



SDMs and growth models were applied to two different datasets—one with main soil types and current climate conditions and one with main soil types and the climate change scenario [30,31]. These maps were used to derive an HTI map for each species under the current climate and the climate change scenario (Equation (7), Figure 1). Values were projected for the whole of Germany. Thus, spatial projections of site suitability needed to be interpreted carefully because of constraints in habitat availability.



The resulting species distribution, growth, and HTI maps for the current climate and the climate change scenario were masked with forested area (Coordinated Information on the European Environment (CORINE) land cover data [39]). The maps were displayed without masking and in the appendix with the forest mask applied. The forest mask was applied to evaluate site suitability and its changes considering area actually available for forestry. We assumed that the extent of forested area would not change considerably during the next decades [40].




2.6. HTI Changes


Differences in HTI under current and climate change scenario conditions were calculated for each species. Since this study aimed to identify areas for which adaptation of stands is needed under consideration of current stands, areas in which the species actually occurred with a relevant density were identified. All NFI sites with a basal area share of the target species larger than the 75% quantile of its basal area share in the whole NFI dataset were evaluated as positive.



Species-specific selections of NFI sites were rasterized to match the HTI raster data. A buffer of 8 km was applied to the species raster under the assumption that a species is also likely to be important in the area for which no NFI point data were available, even though at neighboring NFI sites the target species was not important. HTI change maps for each species were then masked by these species-specific rasters. Afterwards, additionally, the CORINE forest mask was applied to remain with currently forested areas only. These maps thus showed species-specific changes in HTI—positive and negative—for areas in which the target species was defined as currently important.



Area budgets for minimal, positive and negative HTI changes were calculated. In doing so, minimal changes of HTI were defined as being smaller than the 5% quantile of all absolute values of changes. This was done separately for forest area (CORINE forest mask) and species-specific area (species masks combined with CORINE forest mask). The area budgets were calculated for the whole of Germany and for thirteen federal states excluding the city states Berlin, Hamburg, and Bremen.




2.7. Priority Regions


To identify priority regions, we were only interested in negative changes and therefore excluded positive changes of HTI. We summed up the negative changes of all six species and standardized absolute values to obtain a maximum of 1. This way, species obtained equal weights. High values indicated high priority. We labeled the values as priority classes from low to high. Areas classified as priority regions were summed up for the whole of Germany and for all federal states.



GeoTIFFs for SDM (current climate), growth model (current climate), HTI (current climate, climate change scenario; including species distribution and growth components separately), HTI change, and priority regions are available online in the Supplemental Materials.





3. Results


Model quality measures AIC and Pearson’s r2 were similar among the best models (Table 1). Therefore, mean annual temperature and annual precipitation sum were used. The reasons for these rather small differences were strong correlations among other BioClim variables and mean annual temperature and annual precipitation sum. Stand basal area of larger trees did not perform better than stand basal area (Table 1). Explained deviance of model quality measures and AIC were generally better with DBH and soil included (Table 1).



Table 1. Criteria used for variable selection. `-’ means that the best model was the standard model. DBH: Diameter at breast height. SBA: Slope-corrected stand basal area. AIC: Akaike information criterion. The × symbol stands for including a single spline for each temperature- and precipitation-related variable as well as their interaction term by using a two-dimensional spline.







	
Species

	
Response

	
Model

	
Formula

	
Explained Deviance

	
AIC






	
Norway spruce

	
Species distribution

	
Best model

	
Mean temperature of coldest quarter × Annual precipitation + Soil

	
23.23%

	
3724.66




	

	
Standard model

	
Annual mean temperature × Annual precipitation + Soil

	
23.17%

	
3747.68




	
Growth

	
Best model

	
Standard model

	
-

	
-




	

	
Standard model

	
Annual mean temperature × Annual precipitation + Soil + DBH + SBA

	
54.58%

	
−5282.82




	
European beech

	
Species distribution

	
Best model

	
Standard model

	
-

	
-




	

	
Standard model

	
Annual mean temperature × Annual precipitation + Soil

	
8.25%

	
4378.61




	
Growth

	
Best model

	
Standard model

	
-

	
-




	

	
Standard model

	
Annual mean temperature × Annual precipitation + Soil + DBH + SBA

	
46.90%

	
−5403.11




	
Scots pine

	
Species distribution

	
Best model

	
Standard model

	
-

	
-




	

	
Standard model

	
Annual mean temperature × Annual precipitation + Soil

	
19.70%

	
3717.81




	
Growth

	
Best model

	
Standard model

	
-

	
-




	

	
Standard model

	
Annual mean temperature × Annual precipitation + Soil + DBH + SBA

	
54.46%

	
−5063.36




	
Sessile oak

	
Species distribution

	
Best model

	
Annual mean temperature + Precipitation of warmest quarter + Soil

	
18.58%

	
2370.84




	

	
Standard model

	
Annual mean temperature × Annual precipitation + Soil

	
17.59%

	
2386.42




	
Growth

	
Best model

	
Standard model

	
-

	
-




	

	
Standard model

	
Annual mean temperature × Annual precipitation + Soil + DBH + SBA

	
47.50%

	
−2089.45




	
Pedunculate oak

	
Species distribution

	
Best model

	
Mean temperature of coldest quarter + Precipitation of driest month + Soil

	
9.97%

	
4214.26




	

	
Standard model

	
Annual mean temperature × Annual precipitation + Soil

	
9.59%

	
4220.1




	
Growth

	
Best model

	
Standard model

	
-

	
-




	

	
Standard model

	
Annual mean temperature × Annual precipitation + Soil + DBH + SBA

	
50.48%

	
−2339.1




	
Silver fir

	
Species distribution

	
Best model

	
Standard model

	
-

	
-




	

	
Standard model

	
Annual mean temperature × Annual precipitation + Soil

	
31.17%

	
929.97




	
Growth

	
Best model

	
Standard model

	
-

	
-




	

	
Standard model

	
Annual mean temperature × Annual precipitation + Soil + DBH + SBA

	
54.36%

	
−650.27










For the final SDMs, Pearson’s r2 ranged between 0.05 and 0.25 (Table 2). The validation with repeated data splitting resulted in a low-average deviation of not more than 0.055 for 100 repetitions per species. In the growth models, Pearson’s r2 was between 0.2 and 0.4. The coefficient of variation ranged between 0.005 and 0.013.



Table 2. Model quality of species distribution models and growth models. Growth models of sessile oak and pedunculate oak used only NFI2/3 data, because they were not identified at the species level in NFI 1. CV: coefficient of variation.







	
Species

	
Species Distribution

	
Growth




	
Pearson’s r2 (CV)






	
Norway spruce

	
0.25 (0.023)

	
0.38 (0.005)




	
European beech

	
0.07 (0.045)

	
0.23 (0.004)




	
Scots pine

	
0.21 (0.032)

	
0.37 (0.007)




	
Sessile oak

	
0.08 (0.044)

	
0.25 (0.009)




	
Pedunculate oak

	
0.05 (0.055)

	
0.31 (0.013)




	
Silver fir

	
0.18 (0.049)

	
0.34 (0.011)










3.1. Species Distribution and Tree Growth


Growth and distribution were weakly correlated, indicating that they were proxies for different aspects of site suitability (Figure A2). For Norway spruce, an occurrence optimum was found in cool and humid conditions. Good growth conditions were modeled for an average precipitation sum of about 1300 mm and a temperature around 7 ∘C. High occurrence probabilities were projected for low mountain ranges and high elevations (Figure 2 and Figure A4). In contrast to high occurrence probabilities at very high altitudes such as in the Alps, growth was very low due to the negative effect of low temperature. Apart from these regions, high occurrence probability was well-suited to good growing conditions.


Figure A2. Species responses for species distribution and growth for Cambisol (brown earth) and the species-specific median of stand basal area. Species responses for other soil types or stand basal areas show the same pattern, but show higher or lower values.
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Figure 2. Maps of Germany for the distribution and growth of six main tree species for the current climate. Patterns in distribution and growth differed. This showed the need to combine different proxies of site suitability in climate impact research. (Gauss Krueger coordinates, Zone 3; EPSG code: 31467).
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Figure A4. Maps of Germany for the distribution and growth of six main tree species for the current climate. Only forested areas according to Coordinated Information on the European Environment (CORINE) land cover data [39] are shown. (Gauss Krueger coordinates, Zone 3; EPSG code: 31467).
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Species distribution and growth were positively correlated for beech for parts of the climatic range (Figure A2). Low values were projected for low temperature and low precipitation relative to the species’ range, whereas high values were projected for high temperature and intermediate precipitation (up to 1400 mm). In more detail, occurrence probability was lower at the dry end of the observed precipitation gradient for the entire temperature range. Beech distribution resembled spruce distribution in wide parts, apart from high mountains (Figure 2 and Figure A4). In some areas with high occurrence probability due to a cool and moist climate, growth was low, but in most parts of Germany, its distribution and growth patterns were largely congruent.



For silver fir, high occurrence probability was modeled for high precipitation and warmer temperatures than spruce (Figure A2). In contrast to occurrence, good growth was predicted for decreasing precipitation. However, at the very dry end of the gradient, silver fir did not occur. The effect of temperature was rather weak but positive. The poor congruence of growth and occurrence also appeared in the spatial pattern: Silver fir distribution did not coincide well with optimal growth conditions (Figure 2 and Figure A4). Growth was low in higher elevations where strong occurrence was projected. A similar spatial distribution pattern was projected for spruce and beech, which was concentrated on mountain regions.



The other three species—Scots pine, sessile and pedunculate oak—were distributed in warmer areas. For Scots pine, stronger growth as well as a higher occurrence probability were modeled for warmer and drier conditions (Figure A2). Regions with higher occurrence probability also showed good growth (Figure 2 and Figure A4). Main occurrences were at low altitudes such as the North German Plain, the Upper Rhine Valley, or Central Franconia. Scots pine can be considered the most drought tolerant out of the six considered tree species.



For sessile oak, high occurrence probability was modeled for warm conditions and low to intermediate precipitation (Figure A2), not reaching the very dry end of Germany’s climatic gradient. The distribution ranged over the entire German mid-elevation area, the Southwest German Escarpments and the foothills of the Alps (Figure 2 and Figure A4). This pattern was similar to that of European beech, but sessile oak occurred less in the southern regions and with the higher low range mountains being spared. Under warm conditions, stronger growth for sessile oak was modeled. Growth was best at intermediate precipitation, but it did not show any clear optimum across the climatic gradient examined. Growth was particularly strong on the Lower Rhine, but was relatively high in the entire area.



Pedunculate oak distribution showed similarities to that of Scots pine. However, its occurrence optimum was shifted towards warmer temperatures (Figure A2). For the whole North German Plain and the river valleys of the alpine foothills and the Rhine-Main area, high occurrence probabilities were projected (Figure 2 and Figure A4). The distribution optimum of pedunculate oak was more congruent with good growth conditions than that of the sessile oak. Strong growth was largely in line with high occurrence probability, although relatively strong growth was also found in the Palatinate-Saarland Escarpment, the Main catchment area, and the state of Baden-Württemberg in the Neckarland. In spite of similar responses, there were great differences in the spatial pattern of the sessile oak and the pedunculate oak occurrence probabilities.




3.2. Happy Tree Index and Climate Change Projections


The HTI was used to combine occurrence probability and tree growth projections (Figure 2, Figure 3, Figure A3 and with forest mask Figure A4, Figure A5, Figure A6). According to the HTI, Norway spruce found the best conditions in the low range mountains and in northwestern Germany. The entire area of Germany, except very low areas, was marked as suitable. In the climate change scenario, only the low mountain ranges remained suitable. For most of Germany, conditions turned out to be unsuitable under climate change.


Figure 3. Projections of the happy tree index (HTI) which combined species distribution and growth model projections. Regions in Germany can be identified, which are suitable or unsuitable under current and climate change scenario conditions. (EPSG code: 31467).
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Figure A3. Maps of Germany for the distribution and growth of six main tree species for the climate change scenario RCP 8.5 [29] until 2050. (Gauss Krueger coordinates, Zone 3; EPSG code: 31467).
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Figure A5. Maps of Germany for the distribution and growth of six main tree species for the climate change scenario RCP 8.5 [29] until 2050. Only forested areas according to Coordinated Information on the European Environment (CORINE) land cover data [39] are shown. (Gauss Krueger coordinates, Zone 3; EPSG code: 31467).
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Figure A6. Projections of the happy tree index (HTI) which combined species distribution and growth model projections. Regions in Germany can be identified, which are suitable or unsuitable under current and climate change scenario conditions. Only forested areas according to Coordinated Information on the European Environment (CORINE) land cover data [39] are shown. (EPSG code: 31467).
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Suitable areas for European beech were found almost everywhere in Germany, except in northeastern Germany (Figure 3 and Figure A6). For the climate change scenario, we found lower suitability in northeastern Germany and generally at lower elevation. Contrary to spruce, for European beech, the German low mountain ranges and parts of northwest Germany remained favorable or improved sightly.



For silver fir, which co-occurs with spruce and European beech, intermediate conditions were identified all across Germany with the exception of some low mountain ranges. Under climate change, this pattern remained largely unchanged. This was caused by the contrary pattern and also the contrary development of the occurrence probability and growth (Figure 3). Occurrence probability increased for higher and decreased for lower elevations, whereas growth behaved contrarily.



Scots pine showed the opposite pattern to spruce, European beech and silver fir (Figure 3 and Figure A6). Best conditions were projected for the northwestern lowlands whereas mountainous regions were unsuitable. Pedunculate oak, known to often accompany Scots pine, followed this pattern. Under climate change, Scots pine was not heavily affected, but HTI was decreasing in parts of the northwestern lowlands. Conditions for pedunculate oak, in contrast, improved for most areas classified as suitable today.



Regarding current conditions for sessile oak, low elevated areas were most suitable with a focus on central and western Germany, largely following the pattern of European beech. In the climate change scenario, we found a clear improvement of certain low elevated areas such as the Alpine foothills and some valleys. Some parts of the already unsuitable North German Plain became even worse.




3.3. Current Stands under Climate Change


For Norway spruce, a large part of Germany showed negative changes of HTI (Figure 3). Isolating important stands showed indeed negative changes in site suitability, but not as dramatic as without the species mask, e.g., large parts of the very unsuitable North German Plain disappeared (Figure 4). At the highest elevations of mountain ranges and in the Alps, the modeled changes were close to zero. For species distribution, growth, and HTI, in about 90% of Germany’s forest area and current spruce stands, site suitability decreased under climate change (Figure 5). Remarkably, no clear positive changes were found. All federal states showed high negative changes in HTI (Table 3).


Figure 4. Changes in the happy tree index under climate change for actual stands. The presence of species with species-specific high basal area share was considered. The maps show changes in site suitability for these species-specific occurrences within forests (according to Coordinated Information on the European Environment (CORINE) land cover data [39]). (EPSG code: 31467).
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Figure 5. Changes of site suitability between the current climate and climate change scenario until 2050 (RCP 8.5 [29]), separately displayed for distribution, growth, and happy tree index (HTI). Left bars represent forest area (according to Coordinated Information on the European Environment (CORINE) land cover data [39]) and right bars represent areas with species-specific high basal area share within forests (according to CORINE land cover). Minimal changes were defined as being smaller than the 5% quantile of all absolute values of changes.
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Table 3. The proportion of happy tree index change per federal state between current conditions and the climate change scenario RCP 8.5 [29] until 2050 for each tree species. Change is displayed for the species-specific area within the forest area (according to Coordinated Information on the European Environment (CORINE) land cover data [39]). The three numbers indicate negative change/minimal change/positive change with minimal change being a 5% share of the smallest absolute change. City federal states were not displayed.







	
Federal State

	
Norway Spruce

	
European Beech

	
Silver Fir

	
Scots Pine

	
Sessile Oak

	
Pedunculate Oak






	
Germany

	
0.79/0.16/0.04

	
0.44/0.25/0.31

	
0.22/0.51/0.27

	
0.46/0.34/0.2

	
0.31/0.17/0.52

	
0.1/0.22/0.68




	
Baden-Württemberg

	
0.79/0.14/0.07

	
0.26/0.3/0.44

	
0.23/0.47/0.3

	
0.12/0.61/0.27

	
0.36/0.17/0.47

	
0.14/0.34/0.52




	
Bavaria

	
0.72/0.22/0.06

	
0.35/0.29/0.37

	
0.21/0.47/0.32

	
0.12/0.46/0.42

	
0.25/0.15/0.6

	
0.03/0.2/0.77




	
Brandenburg

	
0.52/0.48/0

	
0.93/0.07/0

	
-

	
0.86/0.13/0.01

	
0.43/0.31/0.26

	
0.01/0.08/0.91




	
Hesse

	
0.87/0.1/0.03

	
0.56/0.22/0.22

	
-

	
0.28/0.27/0.45

	
0.2/0.16/0.64

	
0.17/0.16/0.67




	
Lower Saxony

	
0.86/0.12/0.03

	
0.54/0.29/0.18

	
-

	
0.68/0.28/0.04

	
0.11/0.14/0.76

	
0.03/0.16/0.81




	
Mecklenburg-West Pomerania

	
0.9/0.1/0

	
0.9/0.1/0

	
-

	
0.32/0.5/0.18

	
0.91/0.06/0.03

	
0/0.15/0.85




	
North Rhine-Westphalia

	
0.83/0.14/0.03

	
0.25/0.29/0.46

	
-

	
0.24/0.65/0.11

	
0.18/0.21/0.6

	
0.38/0.31/0.31




	
Rhineland-Palatinate

	
0.78/0.18/0.04

	
0.43/0.26/0.32

	
0.15/0.8/0.05

	
0.2/0.54/0.26

	
0.29/0.15/0.56

	
0.15/0.3/0.55




	
Saarland

	
0.81/0.13/0.06

	
0.28/0.22/0.5

	
-

	
0.92/0.07/0.01

	
0.49/0.1/0.41

	
0.38/0.05/0.57




	
Saxony-Anhalt

	
0.89/0.1/0.01

	
0.55/0.2/0.25

	
-

	
0.84/0.16/0

	
0.5/0.25/0.25

	
0.02/0.17/0.8




	
Saxony

	
0.75/0.23/0.02

	
0.4/0.21/0.4

	
-

	
0.75/0.12/0.13

	
0.29/0.21/0.5

	
0/0.18/0.82




	
Schleswig-Holstein

	
0.94/0.06/0

	
0.67/0.3/0.03

	
0/1/0

	
0.32/0.59/0.09

	
0.2/0.12/0.68

	
0/0.18/0.82




	
Thuringia

	
0.83/0.14/0.03

	
0.48/0.2/0.32

	
-

	
0.04/0.24/0.71

	
0.42/0.22/0.36

	
0.01/0.2/0.79










Just like Norway spruce, European beech showed the lowest HTI values in the climate change scenario where it was currently not important—particularly large parts of northeastern Germany (Figure 3). Most of the low mountain ranges remained unchanged and some even improved (Figure 4). Only European beech stands located at low elevation areas, especially in the northeast, showed strong negative changes. For beech, there was hardly any difference in considering forested area and species-specific area (Figure 5). Occurrence probability increased for half of the European beech stands. This differed from growth, for which negative changes predominated (60%). In terms of HTI, about 20% of the area improved and 40% declined, but absolute changes in HTI were rather small. Eight federal states showed more negatively and four showed more positively changing area, regardless of the intensity of the changes (Table 3).



Silver fir was the rarest species and had intermediate HTI values all over Germany (Figure 3). Therefore, stands in which it was considered to be an important species were also fewest. However, this species was modeled to experience mostly positive changes in site suitability under climate change (Figure 4). Its main occurrences were located in the Black Forest (Figure 4). For 30% to 55% of the area, occurrence probabilities decreased, depending on the considered subset (Figure 5). Negative changes were not very pronounced. For the species-specific area, negative changes were less than considering the whole forest area. In contrast, for growth, negative changes were larger for the species-specific area than considering the whole forest area (50% and 20%). Counter-intuitively, most of the area remained unchanged in terms of HTI. Considering the species-specific area, HTI increased in approx. 30% of the area, whereas for the forested area it increased only in 10% of the area. For Bavaria and Baden-Württemberg, 30–32% of the species-specific area improved in HTI (Table 3). Silver fir did not occur in the northern federal states.



For Scots pine, site suitability in terms of HTI in the North German Plain hardly changed in the northern half and changed negatively in the southern part (Figure 4). For the forested area, the share of improving versus decreasing conditions for occurrence and growth was balanced (Figure 5). The proportion of positively changing area declined by refining the considered area subset from the forested area to the species-specific area. Surprisingly, for more than half of the Scots pine stands, site suitability decreased. With 71%, Thuringia showed the largest positive HTI change for current Scots pine stands (Table 3). High positive changes were also found in Bavaria and Hesse with 42% and 45%. The largest negative change of 86% was found in Brandenburg. In Saarland, the negative change was 92%, but the species only had few important stands there and this federal state is quite small.



In southwestern and western Germany, where sessile oak was relatively frequent, there were areas with positive and areas with negative changes in HTI (Figure 4). Growth and occurrence conditions improved for around 60% of the forest as well as the species-specific area (Figure 5). More than 50% of the species-specific area increased in HTI. Approx. 20% remained unchanged. Eight federal states showed more positively than negatively changing area (Table 3). The largest negative changes were found in Saarland and Mecklenburg-West Pomerania with 49–91%, but in Mecklenburg-West Pomerania it was not very common. The largest positive changes were found in Bavaria, Hesse, North-Rhine Westphalia, Schleswig-Holstein, and Lower Saxony with up to 76%, but it was not very frequent in the latter two. In total, 52% of the forest area in Germany improved in site suitability (HTI).



The species-specific area of pedunculate oak was almost equally distributed across Germany (Figure 4). Most of these stands showed positive or no changes. About 75% of the area improved, whereas only about 10% declined in growth and occurrence conditions for both area subsets (Figure 5). Only 10% of the area changed negatively in HTI. In almost all federal states, the share of negative change in HTI was very low (Table 3). The highest positive changes were found in Brandenburg, Saxony, Mecklenburg-West Pomerania, and Schleswig-Holstein with up to 91%. The highest negative change with 38% was found in North-Rhine Westphalia as well as in Saarland, but it was not very important in the latter.



In summary, when only actual occurrences were considered, most of the species-specific relevant stands improved or remained unchanged for silver fir and both oak species and became worse for spruce. For European beech and Scots pine, there were positive as well as negative changes, thus, a spatially explicit assessment is mandatory.




3.4. Priority Regions


Priority regions were defined by expected strong negative change of site suitability (HTI) under climate change, summed up for all species and under consideration of current stands and forested area. Priority regions for climate change adaptation in Germany were mainly found in mid to low elevation regions, whereas higher areas such as the low mountain ranges showed less priority regions. Accordingly, central, western, and southwestern Germany were projected to experience stronger negative changes than the other regions (Figure 6). The largest absolute areas of priority regions were found in Rhineland-Palatinate, Hesse, Baden-Württemberg, Thuringia, Lower Saxony, and Saxony-Anhalt (Figure 7). By far the largest area with negative changes was found in Bavaria, however, with only a small share of priority regions. Most of the negatively changing area changed only weakly. Additionally, Bavaria is a large federal state with plenty of forest area. In contrast, Rhineland-Palatinate and Hesse do not belong to the largest federal states, but they had the largest absolute area of priority regions and the share of strong negative changes was greater.


Figure 6. Priority regions for climate change adaptation in German forests derived from negative changes in happy tree index (HTI). The map shows priority classes for species-specific occurrences within forests (according to Coordinated Information on the European Environment (CORINE) land cover data [39]). Areas with high priority (highlighted in red) were considered priority regions for climate change adaptation. (EPSG code: 31467).
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Figure 7. Absolute area of priority classes within forests per federal state in km2. In determining priority classes, the expected negative change of site suitability and species-specific area were considered. High priority (highlighted in red) indicates priority regions for climate change adaptation. The bars are sorted in descending order according to the total summed area of the priority regions in the respective federal state.
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Norway spruce strongly influenced the pattern of priority regions (Figure 4 and Figure 6). Additionally, low elevated European beech stands had a noticeable influence on the classification as priority regions. In the northern part of Baden-Württemberg, sessile oak contributed to priority regions to some extent. The other tree species contributed less to the priority regions since they were far less frequent and changes in site suitability were positive, neutral or only slightly negative.





4. Discussion


The aims of this study were to suggest a transparent and reproducible way to combine two aspects of site suitability, namely model projections for species distribution and tree growth, and to use this measure to identify priority regions for climate change adaptation under consideration of current stands. This was one of the first attempts to further develop the concept of site suitability in the field of climate impact modeling, and research should not be limited to these two proxies only [20]. Certainly, there were several steps in the workflow—starting at single species models and ending in a map of priority regions—at which we made decisions to be discussed. Nevertheless, we successfully calculated valid SDMs and growth models for the six main tree species of Germany and, thus, were able to provide spatial projections of changes in site suitability. Finally, we identified priority regions for climate change adaptation.



4.1. Current Site Suitability


The first step in providing an index for site suitability was the development of reliable models for its aspects; here, they were species occurrence probability as a proxy for risk, and species-specific tree growth as a proxy for productivity. Naturally, maps for the combined site suitability in terms of HTI differed from species distribution maps as well as from growth maps. Thus, a naïve interpretation of each type of map for species site suitability would differ, e.g., for spruce in the Alps, the influence of low growth was also visible in the HTI and resulted in a low or intermediate site suitability, whereas occurrence probability showed high values, which could be interpreted as good site suitability. Another example is the current site suitability of European beech in the Southern Alpine Foreland. Although beech was not broadly represented there and subsequently modeled occurrence probability was moderate, species growth was modeled to be strong. A rather positive evaluation of site suitability according to the HTI of that region was a result of strong growth combined with intermediate occurrence probability. Where only one of the two components was high, the resulting HTI was not exceeding intermediate values. Only for sites for which both the distribution and growth model gave high values did the HTI approach its maximum. Our results showed that depending on the aspects of site suitability considered, evaluations of species suitability under climate change and subsequently management recommendations differed.



The way in which `importance’ was defined here was very simple and certainly influenced results, but at least followed a reproducible and transparent definition. Importantly, this step in processing priority regions is open to adaptation, similarly to the weighting of risk and productivity. The two variables could also be combined differently, e.g., by a two-dimensional color scheme. Such alternative methods would conserve more information, but at the same time they were more complex to interpret.



Integrating even more aspects of site suitability into the calculation of the HTI in the future is feasible and easy to implement as additional summands or slightly more complex in terms of a Bayesian belief network. Such consideration of more aspects will enable informed decisions. Derivation of a summarizing measure such as the HTI reduced complexity and made weighting of aspects transparent and reproducible. With the produced maps for each aspect of site suitability, it is easy to customize the weighting of the aspects, which is important for practical use. In this way, an index for site suitability such as the HTI can be dynamically created according to management objectives—whether risk- or productivity-oriented.




4.2. Winners and Losers under Climate Change


Considering species-specific occurrences, the comparison between HTI projections for the current climate and the climate change scenario showed large areas of negative change, especially for Norway spruce and also for European beech and Scots pine. Silver fir did not show large changing areas. The largest positively changing areas were found for sessile oak and pedunculate oak. Regarding only currently occurring species resulted in less dramatic maps than when the entire forested area or even the non-forested area of Germany was considered, which demonstrated the importance of masking forested area as well as species-specific occurrences. The consideration of the total forest area is useful since this area is available for forestry as a potential planting area. For the assessment of management effort needed, actual species occurrences need to be considered.



Less dramatic maps as a result of using the forest or species mask is good news since this means that species selection by foresters was already reasonable in the past. However, many areas in which Norway spruce was important were deceasing in suitability in the climate change scenario. European beech also showed considerable decrease for current stands. Most experts agree with a diminishing suitability of spruce in Germany in the course of climate change (e.g., [41]). With its high competitiveness and tolerance to soils with low water storage capacity, European beech could still remain an important tree species in German forestry despite the expected negative development of site suitability under climate change [41,42]. The decline of areas in which spruce and beech currently occur poses a major challenge as large shares of the German timber production derive from these two species [43].



Also in earlier studies, a lower risk potential than for beech and spruce was found for silver fir [41]. This indicated that current stands with important shares of silver fir were thus well within its climatic range. Most of the area where silver fir was not identified to be important today showed low site suitability (HTI). However, the current distribution of this rare species showed a spatial pattern which was influenced by its postglacial migration [44], which is supported by paleontological findings [45], and by the silvicultural history in Germany. Hence, we assume that the current distribution of silver fir is not identical to its ecologically possible distribution. These facts make silver fir distribution and also growth difficult to model and, thus, the climatic niche was likely underestimated. Using other European NFIs could largely resolve this issue. Silver fir can be assumed to be a promising species also outside its current geographical range, because it is less susceptible to drought than spruce due to its deep root system and it is more resistant to storm damage [46]. Therefore, we conclude that silver fir has potential under climate change. However, other approaches such as long-term planting experiments need to be applied to provide final results. Most importantly, the influence of competitors, pathogens, or limitations in natural regeneration at sites where it grows well need to be considered.



For Scots pine, site suitability changed negatively in large areas. However, there were also areas with no or positive change. Negative changes of site suitability (HTI) were concentrated mainly in eastern Germany. Scots pine is an important species in German timber production, although this species does not grow as fast as spruce [40]. Its share of the German forest area has decreased slightly in recent years [40]. Furthermore, there are hints that Scots pine already experienced severe problems in dry areas [47], which was also found in our study. Some forest experts therefore re-evaluated the suitability of Scots pine in warm and dry areas [48,49]. However, the area that remained unchanged under climate change was larger for the whole forest area than for species-specific stands which means that the potential of Scots pine for climate change adaptation is not fully exploited yet.



Similar to Scots pine, the positive evaluation of both oak species in this study must be seen alongside their low yield which makes them unpopular for the German timber market. According to today’s opinion, oaks are well adapted to future conditions but are less competitive and do not show natural regeneration [49,50,51]. Additionally, pathogens for oaks could become more important in the face of climate change and, therefore, turn oaks into unfavorable species. A combination of different biotic and abiotic factors has already led to a decline in Central Europe during the last decades [52]. Nevertheless, we found a larger area with decreasing HTI for current stands than for the whole forest area for sessile oak. Hence, some more eligible sites might be found in the future for this species.




4.3. Priority Regions


Priority regions were mainly defined by decreasing site suitability of Norway spruce and European beech. The mid-range mountains were less affected than lower regions in general. Priority regions were not equally distributed across Germany, which was caused by different climatic conditions, but also determined by current stand forming species. Considering the absolute area classified as priority regions, the federal states Rhineland-Palatinate, Hesse, Baden-Württemberg, Thuringia, Lower Saxony, and Saxony-Anhalt were projected to be most affected. In Bavaria, Mecklenburg-West Pomerania, North-Rhine Westphalia, Saxony, Brandenburg, Schleswig-Holstein, and Saarland, less area was classified as priority regions compared to the other federal states. The total area with negative changes followed the order of total forest area to some extent, but with irregularities. This means that the share of negatively changing forest area of a federal state was not totally proportional to its forest area.



Comparing priority regions with results from other studies is challenging, because most studies on climate change projections of site suitability did not mask their maps—if any. Different methodologies in assessments of federal states render impossible a comparison of climate impact vulnerability over the whole area of Germany. Other studies, e.g., silvicultural risk maps [17], indeed focused on actually forested area but still did not consider species-specific occurrences. Some studies did not consider climate change scenarios but focused on currently already unsuitable sites which they expected to become worse earliest [53]. However, the relative area which was used to derive summaries on changes of species suitability under climate change differed depending on the area subset referred to. Projections for the entire area ignore the presence of other land cover types than forests. In contrast, projections masked by forested area provided information on actually available area for forestry under current constraints by other land cover types such as agronomy. Our approach to use a mask of species-specific important occurrences did not provide information on where to plant species today to adapt to future climatic conditions. Yet, it provided spatially explicit information on which regions in Germany need special attention due to strong negative projected changes for current stands.



Nevertheless, all federal states did regional assessments examining the vulnerability of their forests. Current forests of Baden-Württemberg were widely rated as vulnerable in a former study [54]. In this study, one of the largest area shares of priority regions was in fact found for Baden-Württemberg. However, not the whole forest area was affected equally. A large area with high priority was found in the Black Forest.



For Rhineland-Palatinate, contrary to us, a regional study evaluated the period until 2050 as not particularly severe [55]. Only a small area in the Rhine valley was considered as risky in this study, whereas we classified a larger area as priority regions concentrated in the central and southern parts of Rhineland-Palatinate. For a time period until 2070, the regional study found more risky areas in central and east parts of the federal state than for the time period until 2050.



For Bavaria, a regional study suggested focusing on warm and dry areas for forest conversion [56]. Priority regions followed this pattern, but were additionally identified in cold and humid areas.



For Hesse, low vulnerability of European beech, Scots pine and oaks, but great vulnerability for Norway spruce was projected [57], as also indicated by the priority regions in this study. However, we found a large share of priority regions in the northern part of Hesse which were characterized by European beech.



Due to an expected decline in water availability, high vulnerability was reported for northeastern Thuringia [58]. This area was also identified as a priority region by our analysis, and additionally, there were priority regions located in the east and in the west of Thuringia.



For Mecklenburg-West Pomerania, the lowest vulnerability was assessed for Scots pine, sessile oak and pedunculate oak; relatively low vulnerability was assumed for European beech; high vulnerability was assessed for Norway spruce [59]. However, priority regions for Mecklenburg-West Pomerania were characterized not only by the high vulnerability of spruce, but also by European beech. Furthermore, Scots pine contributed to priority regions in the south and sessile oak in the east.



Low vulnerability was assessed for the Scots pine- and pedunculate oak-dominated forests of Brandenburg [60]. In contrast, we found few priority regions in Brandenburg, which were mainly characterized by European beech and to a small extent by Scots pine.



A rather positive evaluation of North-Rhine Westphalia was concordant with regional studies, which predicted an improvement of beech in high elevation areas and a generally unproblematic trend for Scots pine and sessile oak [61]. The few priority regions were mainly characterized by pedunculate oak, which was considered a rather unproblematic species in the regional study. Norway spruce also contributed to the priority regions for North-Rhine Westphalia, which was in accordance with the regional study.



Both the location of our priority regions as well as, to a small extent, the causative species spruce and also beech agreed with a vulnerability assessment for Lower Saxony [62].



For Schleswig-Holstein, local studies declare spruce as the most vulnerable, beech as less vulnerable, and oaks and Scots pine as the least vulnerable [63], which was concordant with our findings.



It is highly appreciated that German federal states carry out studies to explore the vulnerability of their forests to climate change. The regional studies applied a variety of methods and approaches to estimate the vulnerability of forests to climate change. However, progress is slowed down by each state’s costly development of its own method. Despite the consistencies that occurred, the priority regions in this study did not always agree with the vulnerability analyses of the federal states and sometimes even contradicted them. This suggested that the selected method might have influenced the results. Some regional studies vaguely made general statements regarding certain species which may provide initial indications but they must be refined in order to effectively support management decisions. In our study, e.g., a single tree species could show quite a differentiated expected future suitability. A methodological standardization is desirable for better comparability among studies. Furthermore, a simple and reproducible method would be ideal.




4.4. Validity of HTI and Priority Regions


In this study, priority regions were defined on the basis of two models for proxies of site suitability (SDM and growth model), a concept for integration of their values (HTI), and a definition of `important species occurrences’ (Figure 1). At each of these steps in the workflow, decisions have been made and changes are possible.



At the first step, the decision to calculate SDMs and growth models instead of using tree abundance (number of stems, stem density), site index [14] or other variables which could be calculated based on NFI data, presumably influenced the results. Additionally, regardless of the response variables used, the definition of the model, i.e., how to consider repeated measurements and the nested sampling design of the German NFI, needed careful attention. Using weights and a marginal model is not the best way from the statistical point of view, but considering the size of the dataset and constraints in terms of the lack of an effective algorithm and computation resources, it was the best choice.



The second step was a reduction of the information to only one dimension. In doing so, implicit weighting was applied in the way that thresholds for classes were calculated. One could argue that this step was not necessary. However, before combining occurrence probabilities—depending on the prevalence of the species in the study region—and growth—which strongly differs among species—some kind of `standardization’ needs to be applied to avoid an uncontrolled different weighting depending on species-specific ranges of values. We decided to use a method based on thresholds which was previously used in tree species site suitability modeling [18] and applied an analogous approach for growth. Nevertheless, an ecologically meaningful standardization and remaining with a continuous variable would be preferable. Alternatively, one could stay with the two dimensions and deal with the complexity in interpretation.



Less complex is the implementation of a flexible weighting for each aspect of site suitability. For combination of SDM and growth model predictions, we used the mean of the two. However, a weighted mean could also be applied. Weights could be set individually and even be species-specific. This enables each user to decide individually. Additionally, the prediction uncertainty of each aspect could be included as up- or down-weighting according to the uncertainty of the information. Thereby, large differences in model reliability due to, e.g., data availability, could be accounted for.



Not of minor importance is the way in which important occurrences of species were defined. In this study, the 75% quantile of a species’ basal area share in the NFI data was used. Selecting another threshold, another dataset, or another concept will change the spatial pattern. The method of marking areas as important occurrences for one species with the help of species-specific basal area share up-weighted the influence of rare species compared to, e.g., using dominance.



Finally, priority regions depend on the selected climate change scenario and the methodology with which the data were produced. A more optimistic scenario or the usage of other algorithms might influence results.



However, we feel confident about the modeled tendencies and the usefulness of this approach. The idea to combine several sources of information and to mask change maps by important occurrences for each species in order to identify priority regions for climate change adaptation is a step forward in climate impact modeling as a management support.





5. Conclusions


Good estimates for climate-dependent site suitability are the basis for forest management under climate change. We suggested considering both species occurrence probabilities derived from its current distribution as a proxy for risk, and individual, species-specific tree growth as a proxy for productivity. Our results emphasized that the use of different proxies for site suitability changes management recommendations. A simple index such as the HTI can be easily extended with any number of other aspects of site suitability by adding more layers, e.g., disturbances such as wind throw or bark beetle risk. A consideration of more aspects will enable informed decisions. The derivation of a summarizing measure such as the HTI reduces complexity and makes weighting of aspects transparent and reproducible.



It is important to consider current stands to estimate the actual need for action. For Germany, our estimates of the exposure of actual stands to negative climate impacts were less dramatic than those suggested by studies on the potential changes in site suitability. Identifying priority regions under consideration of actual stands using a transparent index provides the opportunity for cost- and time-efficient adaptation of forest in the face of climate change. Its geographically broad application enables a comparison and prioritization of adaptation measures all over Germany, and among federal states.
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