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Abstract 29 

Site productivity, commonly expressed by site index, is a key indicator of the potential of 30 

forested land to deliver ecosystem services like wood production and carbon sequestration. It 31 

is an important criterion for decision makers and managers of both production and multi-32 

purpose forests. In many situations forest site index cannot be directly measured and must be 33 

estimated from site characteristics related to climate, topography and soil, using appropriate 34 

models. A major difficulty herewith is that the models must capture the spatial and temporal 35 

variability of the ecological processes, knowing that the magnitude and the variability of the 36 

driving forces and responses may show scale dependencies. Scale is therefore an important 37 

issue in successful forest site productivity modelling.   38 

In this study, empirical forest site productivity models are evaluated for their scale 39 

dependency whereby reference is made to the threefold concept of ’scale’ (extent, support, 40 

coverage) as proposed by Bierkens et al. (2000). We also addressed the applicability of 41 

models at other extents or other supports than the one they were developed at, i.e. the effect of 42 

scaling’. The results show that meaningful site index models for small extents require higher 43 

resolution support to catch the short-distance variability, whereas for larger extents a coarser 44 

support is sufficient to characterize the variability. Where it regards scaling, it is found that 45 

the validity of empirical site index models is restricted to the scale level for which they are 46 

calibrated. Also the application of site index models on an extent which is adjacent and not 47 

overlapping with the extent at which they were developed proved to result in inadequate 48 

predictions. Although the structure of site index models is scale-dependent and their 49 

applicability limited to the scale of development, it is beyond doubt that such models have the 50 

potential to provide good insight into the biophysical drivers of site productivity and can 51 

result in good predictions at unsampled locations whenever the scale of model establishment 52 
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is adapted to the scale of the studied processes and predictions are restricted to the extent for 53 

which the model is calibrated. 54 

 55 

Keywords: site index, generalized additive models (GAM), extent, support, Fagus sylvatica, 56 

extrapolation, singling out 57 
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1. Introduction 58 

Site productivity, commonly expressed by site index, is a key indicator of the potential of 59 

forested land to deliver ecosystem services like wood production and carbon sequestration. It 60 

is an important criterion for decision makers and managers of both production and multi-61 

purpose forests. It allows foresters to forecast growth and production and hence select the 62 

most suitable tree species for a site. In many situations forest site index cannot be directly 63 

measured and must be estimated from other site characteristics related to climate, topography 64 

and soil, using appropriate models (Aertsen et al., 2011; McKenney and Pedlar, 2003). A 65 

major difficulty herewith is that the models must capture the spatial and temporal variability 66 

of the ecological processes, knowing that the magnitude and the variability of the driving 67 

forces and responses may show scale dependencies. Scale-related issues are common in 68 

environmental sciences, and the scale dependency of spatial heterogeneity has been widely 69 

recognized (Wu, 2004). Spatial heterogeneity, non-linearity of ecological processes and 70 

emerging phenomena are key features to understand biodiversity and ecological complexity, 71 

but also major hurdles for the successful transfer of ecological relations over different scales 72 

(Peterson, 2000; Wu et al., 2006). To study ecological processes in a successful way, 73 

decisions need to be made about the appropriate spatial and temporal scale.  74 

Scale is a widely used but very broad term, with high risks of confusing or ambiguous 75 

interpretations. Traditionally, it is used in cartography as the ratio of a distance on the map 76 

and the actual distance on the earth’s surface. This definition is useful for cartographic 77 

representation, but inadequate for studying the scale-dependent relationships between patterns 78 

and processes in ecology because of its intended rigid connotation (Wu et al., 2006). Clear 79 

definitions are therefore important when dealing with scale in ecological modelling. In an 80 

ecological context, scale usually refers to the spatial, temporal or hierarchical dimensions of a 81 
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phenomenon, whereas scaling is referring to the transfer of information between different 82 

scales (Wu et al., 2006). Bierkens et al. (2000) identified three components of scale along 83 

which scaling can operate. In this article we adhere to Bierkens’ definitions of these 84 

components and scaling operations, as complemented by Wu et al. (2006) and illustrated in 85 

figure 1. As the focus of this study is mainly on spatial scale, the term scale as used in the rest 86 

of this article does not imply the temporal dimension of scale, unless explicitly mentioned.  87 

Bierkens et al. (2000) defined extent as the component of scale which specifies the magnitude 88 

of the territory which is subject to modelling. Increasing the extent is called extrapolation, 89 

whereas reducing the area of interest is called singling out. The support component of scale 90 

(also called ‘grain’ (McBratney, 1998)) is defined as the magnitude of the elementary 91 

observation or modelling units. It is the size of the areal units for which the characteristic of 92 

interest is considered homogeneous. For these support units we only know ‘representative’ 93 

values and not their within variation. Increasing the support (making the units larger) is 94 

termed upscaling, while for decreasing the support the term downscaling is used. The ratio of 95 

the area of the support units, for which the average value is known, to the extent of the study 96 

is the third component of scale and is called the coverage of the study. Increasing the 97 

coverage without additional observations is termed interpolation. Sampling, i.e. taking a 98 

subset of support units and using these for modelling, makes the coverage decrease for a 99 

given extent. In this framework, scaling in environmental modelling is mostly a combination 100 

of two or more of the mentioned operations. Moreover ‘scale level’ points to a specific 101 

combination of extent, support and coverage. Care should be taken using the term resolution 102 

because it can refer to both the support as the coverage (Bierkens et al., 2000). 103 

Changing the extent of analysis might not only affect the variability in forest site productivity, 104 

it might also alter the relative importance of environmental variables explaining the 105 
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variability. At continental extent site productivity is mainly determined by climatological and 106 

geological gradients, whereas at the forest complex extent these determinants have little 107 

explanatory power whereas micro-topographical and soil factors do (Mummery et al., 1999). 108 

As a consequence of this type of scale dependency, models calibrated at a certain extent 109 

cannot be expected to perform well at extents characterised by different environmental 110 

gradients and limiting factors. Although general tree growth variability at large extent can 111 

often be captured by models, their accuracy is found to be lower than those developed for 112 

smaller extents (Chen et al., 2002; Ung et al., 2001). For the prediction of forest soil carbon 113 

stocks Zirlewagen and von Wilpert (2010) observed at large extent (i.e. federal state) no 114 

negative upscaling effect, whereas at smaller extent (i.e. growth region) a decreased model 115 

performance was observed when using a coarser support. Moreover, switching from the large 116 

extent to the smaller extent resulted in models with completely different sets of predictor 117 

variables.  118 

Changes in support (and related coverage) can also introduce serious implications on the 119 

structure and performance of site productivity models. Management planning and control 120 

should often be conducted at the landscape level, whereas the existing observations at plot 121 

scale level are often not appropriate as a basis for decision making (Araujo et al., 2005; 122 

Zirlewagen and von Wilpert, 2010). Upscaling is the enlargement of the support units prior to 123 

model calibration, typically by aggregation of observations or model output available for 124 

smaller units, and can provide a solution in these situations. A variant is to substitute plot-125 

level observations by information retrieved from thematic maps. Pinno et al. (2009) could 126 

however not develop reasonable models for the site productivity of trembling aspen based on 127 

map unit information because the coarse support provided by the map did not correspond to 128 

the site specific predictors. The site specific predictors could however explain the variability 129 

in site productivity properly.  130 
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The concept ‘scale’ in spatial statistical analysis can however still further be refined for each 131 

of the scale components of Bierkens’s framework in observation scales, scales of ecological 132 

phenomena and statistical analysis scale, all of them also having a possible impact on the 133 

performance of empirical models (Dungan et al., 2002).  134 

Obviously, the concept of scale is important in environmental research and should always be 135 

considered, particularly in modelling studies. In an ecological modelling context, inevitably 136 

questions arise about the validity of model descriptions obtained at given scales for other 137 

scales (Anderson et al., 2003). This will not be any different in forest productivity research. 138 

The objective of this paper is therefore to evaluate the concepts of scale and scaling in the 139 

framework of empirical environmental modelling studies, hereby discussing the possible 140 

reasons for the presence of scale effects and the major hurdles for successful scaling 141 

operations. These objectives were achieved by means of a case study, modelling forest site 142 

productivity across a range of scales with explicit reference to Bierkens’s scale and scaling 143 

framework. The influence of extent, support and related coverage on model structure and 144 

performance is verified by comparing the results obtained for each combination of extent and 145 

support level. Where it regards scaling, only the effect of extrapolation and singling out is 146 

tested. To this end, model performance is evaluated (1) at extents and supports different from 147 

the ones applied for calibration, and (2) after model transfer to neighbouring but spatially non 148 

overlapping forest complexes. The latter scaling operation can be considered as a special type 149 

of extrapolation. 150 
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2. Material and Methods 151 

 152 
2.1 Study area and data collection 153 

The study area covers the region of Flanders in the north of Belgium (13,521 km
2
; Fig. 2). 154 

Flanders is a lowland region characterised by a temperate and humid climate and the absence 155 

of major topographic and climatic gradients. The pedology of the region shows a pronounced 156 

north-south gradient of decreasing sand and increasing silt fractions with the occurrence of 157 

local shallow tertiary substrates (clay/sand). 158 

Data collection was carried out in near-homogeneous, even-aged, normally stocked high-159 

forests of common beech (Fagus sylvatica L.) of at least 50 years old. It occurred in two 160 

sampling campaigns within different but overlapping extents carried out between October 161 

2007 and April 2009. In the first campaign 55 research plots (about 1000 m² each) were laid 162 

out over the territory of Flanders, covering the range of productivity strata of beech in 163 

Flanders  based on a priori information (Fig. 2; upper window). A second campaign consisted 164 

of an additional 50 research plots spread over a smaller sub-regional extent, to guarantee 165 

enough degrees of freedom to build a reliable model at this extent. Whereas the support for 166 

both campaigns was identical, the coverage for sub-regional campaign was markedly higher 167 

than for the regional extent. Plots of the second campaign were moreover spatially stratified 168 

based on topographical attributes as this region is characterised by short-distance 169 

topographical variability and the influence of topography was hypothesised to be of great 170 

influence in the productivity of beech. The latter plots were spread over the forest complexes 171 

of Hallerbos and Zoniënwoud in the Groenendaal management unit (Fig. 2; lower left window 172 

patches A and B) and Heverleebos-Meerdaalwoud, just outside the Groenendaal management 173 

unit (Fig. 2; patches C)), all located in the ecodistrict “Brabants lemig heuveldistrict”, a 174 

region characterised by loamy soils and hilly topography (Couvreur et al., 2004). 175 
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The measured response variable was site index (meters), a proxy for species-specific site 176 

productivity, defined as the dominant height of a homogeneous even-aged stand at the 177 

reference age of 100 years (Skovsgaard and Vanclay, 2008). Dominant height was calculated 178 

as the mean height of the five thickest trees in each research plot. Tree age was estimated 179 

from ring counts and adjusted by extrapolating for uncounted rings (due to off-pith coring and 180 

to account for rings formed before the 1 m coring height was reached). Site index was 181 

calculated from species dependent dominant height growth models (Jansen et al., 1996). Site 182 

index values ranged from 26.2 m to 43.6m for the extent of Flanders, from 29.4 m to 43.6 m 183 

for the extent of Groenendaal, and from 27.6 m to 40.2 m for the extent of Heverleebos-184 

Meerdaalwoud.  185 

Site quality was assessed through a vegetation survey, humus layer description, physico-186 

chemical analysis of the mineral topsoil and description of soil horizons and is described in 187 

detail in Aertsen et al. (2011). 188 

Additional site quality variables were derived from available geodatasets for the region. Soil 189 

texture (class variable: Loam; Sandloam; Loamy sand; Sand), soil drainage (class variable: 190 

ranging from very good to very poor) and soil profile development (class variable: textural B 191 

horizon (a); degraded Bt horizon (c); weak humus and/or iron Podzol B horizon (f); clear 192 

humus and/or iron Podzol B horizon (g); without profile differentiation (p)) were retrieved 193 

from the digital soil map of Belgium (Cartographic source scale 1:20.000). (Micro) 194 

topographical variables, generating local climatic or pedogenesic variation, can also act as 195 

important site quality determining factors. Elevation, slope, curvature (as the second 196 

derivative of the surface), transformed aspect (TRASP = [1 − cos((π/180)(θ-30))]/2; with θ 197 

the slope azimuth measured from the true north) were derived from both a high resolution 5m 198 

by 5m Digital Elevation Model (DEM) produced from airborne laser altimetry, and a low 199 
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resolution 100m by 100m DEM. N-deposition values were retrieved from a coarse  resolution 200 

N-deposition map (Bleeker and Van Deursen, 2007). Climatic variables were not included in 201 

this study since these variables show very little geographical variability in the lowland area of 202 

Flanders. 203 

2.2 Scale effects and scaling 204 

Scale effects could be investigated by comparing the restrained predictor variables and their 205 

effects as well as the accuracy of empirical site index models built at different extent, 206 

coverage and support. Comparing two different levels for each of the three scale components 207 

(Fig. 1), results in a theoretical comparison of 8 scale levels (2*2*2). The effect of support 208 

and coverage is however often hard to distinguish, since increasing the support for a constant 209 

number of observations automatically results in a higher coverage. Moreover to build a 210 

reliable model at the smaller extent, a higher coverage was necessary compared to the large 211 

extent in order to guarantee enough degrees of freedom. This resulted in the fact that with the 212 

given dataset the effect of coverage could not be investigated and only the effect of extent and 213 

support could be compared, resulting in only four different scale levels. Two extents were 214 

compared: The entire territory of Flanders (the regional extent, 13,521 km
2
, Fig. 2), covering 215 

a strong textural gradient from sandy soils in the north towards loamy soils in the south; and 216 

the Groenendaal forest management unit (the sub-regional extent, 170 km
2
, Fig. 2), 217 

characterised by a more homogenous silt texture, but with larger relative topographical 218 

variability. For both extents models were developed based on 2 different support units. With 219 

‘support’ we refer in this case to the (independent) site characteristics only. The (dependent) 220 

site index is for both support levels determined for plots. Moreover, the site characteristics 221 

available at both support levels are not identical. On the one hand, site index was modelled at  222 

plot-level support from soil, humus and vegetation observations collected at plot level (1000 223 

m²), in combination with topographical variables derived from the high resolution DEM. For 224 
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the map-unit support site index models were built for the same locations from more coarse 225 

support information, retrieved from the general purpose geodatasets covering the region, i.e. 226 

the digital soil map, N-deposition map and low resolution DEM. 227 

The effects of scaling were investigated by validating the models at other scale levels than the 228 

one for which they were calibrated. Similar as for the scale effects our dataset did not allow 229 

comparing all possible scaling operations. Because no models could be made at different 230 

coverage, the effects of interpolation and sampling could not be investigated. And because the 231 

site characteristics retrieved at plot-level are not fully identical to the ones retrieved from the 232 

map units, no fair assessment could be made of the effect of downscaling or upscaling. This 233 

restricted the scaling effects that could be investigated in this study to the effects of 234 

extrapolation and singling out. To investigate the extrapolation effect, models developed at 235 

sub-regional scale are validated with the data collected at regional extent for both the plot-236 

level and the map-unit support. To test the singling out effect, the regional extent models are 237 

validated at sub-regional extent. An overview of the scale components and scaling operations 238 

of which the effects were investigated in this study is provided in Figure 1 by underlining 239 

them.  240 

As a special case of changing extents through extrapolation, also the effect of model 241 

transferability between neighbouring forest complexes was investigated. To this end we 242 

validated the plot-level based model of Groenendaal, based on observations in the Hallerbos-243 

Zoniënwoud forest complex on a similar amount of observations in the neighbouring forest 244 

complex of Heverleebos-Meerdaalwoud. Similarly we also calibrated a model based on the 245 

plot-level data of Heverleebos-Meerdaalwoud and validated this with the Hallerbos-246 

Zoniënwoud forest complex data. Although the area covered by both forest complexes is very 247 

similar, this model transfer can be seen as a special case of extrapolation, in the way that 248 
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predictions are made outside the extent for which the model is calibrated while support and 249 

coverage are comparable. 250 

2.3 Modelling techniques and performance 251 

Based on our earlier experiences in modelling site index (Aertsen et al., 2011; Aertsen et al., 252 

2010), Generalized Additive Models (GAMs) have been preferred as technique for predictive 253 

site index modelling. GAMs are especially recommended when emphasis is not only on 254 

accuracy of the models and on providing insight into ecosystem processes, but also on the 255 

predictive power (Aertsen et al., 2010). GAMs were built by means of R-software, version 256 

2.10.1 (R Development Core Team, 2009), using the GRASP (Generalized Regression 257 

Analysis and Spatial Prediction) software, an extension for the R package ‘gam’ that 258 

combines the algorithms of GAM with spatial predictions (Lehmann et al., 2002). A simple 259 

Gaussian family was specified as a link function for the continuous response data. Predictor 260 

variables entered the models individually using a smoothing spline with only 2 degrees of 261 

freedom to avoid overfitting. 262 

All reported models passed the test for acceptable level of multicollinearity (i.e. Pearson 263 

correlations between predictors <0.7, individual variance inflation factor (VIF) <5 and median 264 

VIF <3) between predictor variables. Model fit and predictive performance after 10-fold 265 

cross-validation were quantified by the coefficient of determination (R²) and the root mean 266 

squared error (RMSE). Predictor contributions have been used to allow the assessment of the 267 

relative importance of the predictor variables in explaining the variability of the response 268 

variable, whereas the response to an individual predictor could be visualised using the 269 

predictor’s partial dependence plots. 270 
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3 Results  271 

3.1 Scale effects 272 

Since the focus of this study is more on the effect of scale and scaling and less on the specific 273 

environmental drivers, partial dependence plots are only visualized for the models developed 274 

for the regional extent (Fig 3-4). For all models predictor variables and their contributions to 275 

the model are summarized in Table 1. Predictive performances of all developed models can be 276 

compared based on the goodness-of-fit indicators (R² and RMSE (meters)) after 10-fold cross-277 

validation (Table 2). 278 

Although the use of site index as a quantitative measure of site productivity assumes that sites 279 

are invariant over time (Skovsgaard and Vanclay, 2008), we observed a strong correlation of 280 

site index with the age of the stand (Age). As a consequence no adequate models could be 281 

built without including age as a predictor variable. But since the more constant productivity-282 

influencing site factors were of particular interest in this study, predictor contributions are 283 

calculated both including and omitting the contribution of age (Table 1) to highlight more the 284 

effect of the environmental predictors. 285 

Predictors for site index at the regional extent are all soil-related, of which texture variables 286 

are the most important. For the model derived with plot-level support, the silt fraction of the 287 

soil and the depth of a clay enriched horizon, predictor variables which can both be 288 

categorized as texture variables, are contributing for around 50% in the model. The other half 289 

is attributed to the organic matter content of the soil (SoilOM) and the soil pH (Fig. 3; Table 290 

1). Similarly, in the model based on map unit support, soil texture (class variable) contributes 291 

for around 50% in the model, whereas the other predictor variables are the soil profile 292 

development class and drainage class (Fig. 4; Table 1).  293 
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Reducing the extent to the sub-regional extent of Groenendaal (singling out according to 294 

Bierkens et al., 2000) has a large impact on the predictor variables. Given that the sub-295 

regional extent is characterized, in contrast to the largest part of Flanders, by more local 296 

topographical variability, one would expect that topographical variables would explain a 297 

larger amount of variability in site index at this scale level, the more since the sampling at this 298 

extent was established covering the main topographical gradients. Remarkably, none of the 299 

topographical variables entered the models for this sub-regional extent, except for topographic 300 

elevation in the model with map unit support. Even then it is more likely that elevation acts as 301 

a proxy for a soil, geology or climate related variable, since on the higher plateau situations, 302 

soils with more pronounced profile development can be found or trees were less affected by 303 

late frost than in the valleys. Moreover is the performance of the latter model very weak. 304 

Rather than topographical predictor variables, soil trophic variables are the most contributing 305 

at the sub-regional extent. In comparison with the model at regional extent, textural variables 306 

are replaced by the thickness of the humus layer and the soil C/N ratio. Organic matter 307 

content still is a predictor at this extent with a similar effect as on the regional extent. 308 

Although it was not possible to adequately model the variation of site productivity for the 309 

sub-regional extent using the available geodatasets, soil texture class is still selected as a 310 

predictor variable. This can be explained by the presence of 3 (out of 40) observations located 311 

on more sandy soils, with a reduced site index as result. The rest of the variability could not 312 

be explained for this support. 313 

Based on the predictive performance measures (Table 2), the models developed for the 314 

regional extent are performing better than those for the sub-regional extent, especially when 315 

the evaluation is based on R². Hereby it should be noted that the standard deviation of the 316 

measurements at the regional extent is larger than the one of the sub-regional extent, making 317 

it easier to explain a larger part of the variation. The RMSE’s of the models developed for 318 
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both extents are very similar. For models developed for the same extent but with a different 319 

support (plot-level vs. map unit), a similar performance is observed at the regional extent, 320 

whereas at the sub-regional extent a large difference in performance is recorded. At the 321 

regional extent, hardly any improvement is observed by using plot-level support which is hard 322 

and expensive to obtain, for the prediction of site productivity compared to the use of 323 

information retrievable from available geodatasets. For both models soil texture is the most 324 

important predictor variable and apparently the map unit’s texture class is accurate enough to 325 

predict site productivity at this extent. Moving towards the sub-regional extent, characterized 326 

by a more homogeneous loamy texture, the digital soil map and other available geodatasets 327 

are not informative enough to explain the variability in site productivity. Only 27 % of the 328 

variation (of which Age has the biggest contribution) is explained while the RMSE is only 329 

slightly better than the standard deviation of the measurements (Table 2), indicating that it is 330 

nearly as good to estimate the site index by using the mean observed value rather than by 331 

applying the model. 332 

3.2 Scaling effects 333 

Performance indices of validating the models at different extent than the one for which they 334 

were calibrated are summarized in Table 3. For all models the RMSE of validation at the 335 

other extent is much higher than the standard deviation of the validation dataset. This 336 

indicates that it is even better to use the mean observed site index than apply the ‘foreign’ 337 

model to predict site index. None of the models can therefore be successfully applied to 338 

predict site index at another extent. Although none of the models perform well at another 339 

extent than the one for which they were developed, a distinction in performance can be 340 

observed after extrapolating on the one hand and singling out on the other hand. After the 341 
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singling out action, still 36% to 44% of the variability in site index is explained, whereas 342 

extrapolation results in a maximum of only 12% of explained variability (Table 3). 343 

Model transferability, interpreted as a special case of extrapolation, has been investigated 344 

between two nearby forest complexes, located in the same ecodistrict. Applying the model 345 

developed with observation of Hallerbos-Zoniënwoud forest complex to the nearby 346 

Heverleebos-Meerdaalwoud forest complex, characterized by a more heterogeneous soil 347 

texture, showed a very poor performance (R²=0.17 and RMSE > St dev; Table 4). Reversely, 348 

a model developed for the Heverleebos-Meerdaalwoud forest complex validated in the 349 

Hallerbos-Zoniënwoud forest complex performed remarkably better (R²=0.48 and RMSE < St 350 

dev; Table 4). 351 
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4 Discussion 352 

4.1 Age effect 353 

Stand age (‘Age’) is a very significant predictor in all developed models (contribution of 32-354 

49%; Table 1). Omitting stand age resulted in notably weaker models, although it would 355 

partly be replaced by the thickness of the humus layer, which often increases with the age of 356 

the stand under beech. This might partially be related to an unbalanced sampling design, with 357 

older trees being sampled more often on less productive sites (Becker et al., 1995; Raulier et 358 

al., 2003), but this effect is probably low since the vast majority of sample trees is younger 359 

than the common rotation time at the most fertile sites (120 years) and the effect is observed 360 

consistently in all models (i.e. also in Groenendaal, with average high productivity). This 361 

suggest that site productivity in the last century was not constant as is assumed when 362 

quantifying it by the use of site index curves (Skovsgaard and Vanclay, 2008). An accelerated 363 

increase in growth rate of beech has also been observed in north-eastern France, reaching 364 

+50% over the 20th century (Bontemps et al., 2009). Whereas Charru et al. (2010) showed an 365 

overall increase in site index of beech of 22.4% between 1977 and 2004 in north-eastern 366 

France, with a rapid increase between 1977 and 1985, and a smaller decrease until 2004.  367 

The issue of site variation in space and its effect on growth and productivity historically led to 368 

the development of yield models in forestry. Environmental changes as a cause for temporal 369 

changes in site productivity recently received renewed interest of forest researchers and 370 

managers, regarding the representation of environment in such models. Here, the prevailing 371 

paradigm of constant site factors needs to be replaced, and it is actually already evolving 372 

towards making explicit the underlying environmental factors (temperature, water and 373 

nutrient availability) (Fontes et al., 2010). However, to formulate statistical models suitable 374 

for explicitly predicting site index under non-constant conditions, i.e. climate change, 375 
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environmental gradients encompassing a considerable fraction of the species’ growth range 376 

should be covered, including northern and southern margins (Albert and Schmidt, 2010; 377 

Fontes et al., 2010; Thuiller et al., 2003). The models developed in this study are covering 378 

only a very narrow climatic range and are moreover located far from beech’s range limits 379 

(Seynave et al., 2008), making these models hardly useful for the prediction of site index in 380 

the context of climate change. There is no doubt that at least some of the relationships used in 381 

empirical models will change in a changing environment. However, very little information is 382 

available regarding how these changes will materialize, particularly since changes in multiple 383 

variables and under partly novel conditions need calibration data that are not easily available 384 

(Fontes et al., 2010). Including stand age as a predictor variable was in this situation 385 

recommended to filter out the environmental change from the more constant productivity 386 

influencing site factors, in which we were particularly interested.  387 

4.2 Scale effects 388 

The ultimate goal of modelling is to reconstruct patterns and processes by abstracting and 389 

incorporating just enough detail. It exists in balancing the level of detail that can be ignored 390 

without producing results that contradict specific sets of observations, on particular scales of 391 

interest (Levin, 1992). Applying this to our results, we found that soil information available 392 

from the digital soil map provides enough support detail to accurately predict the site 393 

productivity for the regional extent. Adding more detail, by means of plot-level soil samples, 394 

hardly improved the model accuracy or the process comprehension. Reducing the scale level 395 

to the sub-regional extent, an area with a more homogeneous soil texture distribution, 396 

revealed that at this extent the information of the digital soil map is not supportive enough to 397 

accurately predict the site productivity, whereas plot-level soil samples did provide added 398 

value to explain the variability. Similar patterns were observed by Zirlewagen & Von Wilpert 399 
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(2010) who found that at large extent applying a fine and a coarse support DEM reached the 400 

same accuracy to characterize the topographic variability, whereas at a small extent a clear 401 

improvement was observed applying a finer support DEM. The effect of support and coverage 402 

is often hard to distinguish. Increasing the support for a constant number of observations 403 

automatically results in a higher coverage. The results of this study show a high interaction 404 

between support and extent. To come up with meaningful site index models, small extents 405 

require a small support, whereas at larger extent similar prediction is possible with a coarser 406 

support. This suggests that the support can increase (become coarser) proportionally with 407 

increasing extent. To check the effect of coverage a much larger sampling design would be 408 

necessary so that reliable models based on the full dataset and a subset could be compared and 409 

evaluated. Although we expect that the performance will decrease with a decreasing coverage. 410 

Comparison of the models developed for the regional and sub-regional extents revealed that 411 

different groups of variables explain the variability in site index for both scale levels. At 412 

regional extent site productivity is explained by a combination of soil trophic and –hydric 413 

variables (silt fraction, pH, depth of clay horizon, organic matter content), whereas for the 414 

sub-regional extent variability is explained by soil trophicity only (humus thickness, soil C:N 415 

ratio, organic matter content). The fact that at these extents almost all plots are located on a 416 

loamy soil (texture class ‘A’ on the soil map) with a good drainage (drainage class ‘b’ on the 417 

soil map), confirms the little variability in hydric conditions. This is probably also the reason 418 

why at this scale level the soil map information is not able to explain much of the variability 419 

in site index. All of this reinforces the recognition that there is no single correct scale at which 420 

ecosystems must be studied. In principle, the relevant pattern is revealed only when the scale 421 

of analysis approaches the scale of the phenomenon under study (Wu, 2004). For empirical 422 

models, both response variables and predictor variables should be preferably sampled or 423 

scaled at the same support level, which is however rarely the case and resulted in the  424 
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distinction of observational, phenomenon and analysis scale in empirical spatial modelling 425 

(Dungan et al., 2002). Discrepancies among these three dimensions applied to response and 426 

predictor variables might also alter the performance of the statistical models. Whereas in this 427 

study the support of the response variable was fixed to the same plot size for all developed 428 

models, the support of the predictors was various from point observations to relatively large 429 

map-units, not always matching for accurate modelling.   430 

4.3 Scaling effects 431 

Models developed for a specific extent were shown to fail when applied to predict the site 432 

index at both a smaller and a larger extent. Scaling or the transfer of relations across scales is 433 

central to ecology and is often extremely complex. It appears often unfeasible across a too 434 

broad range of scales (Peterson, 2000). Scaling models from a small extent to a large extent 435 

implies extending and incorporating many detailed relationships to a wider extent and finding 436 

ways to simplify these extended models so they can be exercised usefully at larger extents 437 

(Urban, 2005). Simple extrapolation of models rarely results in meaningful predictions (Table 438 

3). Reversely, applying large extent models to sub-regions is more straightforward and 439 

successful. But even then are these large extent models often too general to catch short 440 

distance variability and sub-regions specific relevant environmental patterns. As the available 441 

environmental variables of the plot-level observations and the geodatasets were not fully 442 

matching, models could only be validated for different extents at equal support and not for 443 

different supports at a given extent. On the other hand, Wu (2004) observed for landscape 444 

pattern analysis more difficulties with changing extent than with changing support, 445 

concluding that the effect of changing spatial support is generally more predictable than the 446 

one of changing extent.  447 
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Applying empirical models to other scale levels than the one at which they are developed is 448 

obviously a risky affair. Peterson (2000) attributes this to the non-linearity and environmental 449 

heterogeneity, dominance of different processes at different scales, cross-scale connections, 450 

and emergent properties. However as our study is restricted to the spatial scale, with the same 451 

response variables at each scale level, i.e. site index of a stand, cross-scale connections and 452 

emergent properties are believed not to cause the main scaling problems here. In general these 453 

problems become manifest in the framework of variable levels of organisation which is not 454 

really the case in our study as we observed at each scale level the productivity of a stand. 455 

Non-linearity and environmental heterogeneity are probably the main drivers of the observed 456 

scaling failures. Local non-linearity combined with spatial heterogeneity makes the aggregate 457 

large-extent behaviour of local processes hard to predict (Peterson, 2000). Moreover, also the 458 

dominance of different processes at different scales introduces problems in scaling of site 459 

productivity models. This is illustrated by comparing the models of different extent. Whereas 460 

at the regional extent site productivity is mainly determined by soil textural variables, at the 461 

sub-regional extent variability is mainly explained by soil trophic predictors.  462 

Model transferability between two neighbouring forest complexes appears also highly 463 

dependent on the heterogeneity of the investigated area. The model developed for Hallerbos-464 

Zoniënwoud forest complex did not perform very well for the Heverleebos-Meerdaalwoud 465 

forest complex, whereas the Heverleebos-Meerdaalwoud model explained an acceptable part 466 

of almost 50% of the variation in site productivity of the Hallerbos-Zoniënwoud complex. 467 

Although both forest complexes are neighbouring, have a similar size and are at first sight 468 

subject to similar environmental conditions, they are characterized by some important soil 469 

textural differences. Whereas the surface of Hallerbos-Zoniënwoud is covered with a more or 470 

less homogeneous thick silt layer, the silt layer covering the surface of Heverleebos-471 

Meerdaalwoud has a more variable depth, as it was partly or totally eroded on hill tops and 472 
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steep slopes, resulting in an outcropping of the underlying tertiary sands. Models fit for an 473 

area with an important productivity influencing gradient, such as the texture gradient in 474 

Heverleebos-Meerdaalwoud, are better suited to be transferred to neighbouring situations 475 

lacking this gradient than the other way around. The relation between site productivity and 476 

environmental characteristics can strongly depend on scale but also the geographical location 477 

by itself has implications, as not all location are affected by the same limiting factors (Chen et 478 

al., 2002). Similarly, it has been shown that models predicting soil attributes lose 479 

predictability when they are applied to more distant sites (Heuvelmans et al., 2004; 480 

Thompson et al., 2006). Comparing the results of an extrapolation from the sub-regional to 481 

the regional extent with those of an extrapolation between the neighbouring forest complexes 482 

confirms more or less these findings, with a better performance of applying a model to a 483 

nearby forest complex (Table 4) than to the wider surroundings of Flanders (Table 3). 484 

Although in general the results suggest that the transferability of site index models is rather 485 

limited. 486 

Process-based models (PBMs), in which both spatial and temporal dimensions of scale might 487 

be explicitly expressed, are theoretically better suited to deal with these scaling effects 488 

(Rastetter et al., 2003; Ratzé et al., 2007). Rather than being based on empirical relationships 489 

between productivity and environmental variables at a particular scale level, they rely upon 490 

the modelling of underlying processes that are believed to directly determine the rates of 491 

productivity and forest development (Fontes et al., 2010). Since PBMs more easily integrate 492 

temporal scale effects they would be better able to integrate changing environmental 493 

conditions, which we attributed in our empirical models by adding stand age to as a predictor. 494 

However PBMs are often regarded as overly complex, requiring estimates of too many 495 

parameter values and variables for model initialization to be used as practical forest 496 

management tools (Bartelink and Mohren, 2004). Moreover, in practice PBMs are facing 497 
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hierarchical scaling problems like cross-scale connections and emergent properties. They have 498 

to deal with a range of processes that take place at very different scales, i.e. from the 499 

chloroplast and cell to the stand and landscape level. PBMs are therefore recommended not to 500 

bridge too many levels of biological organization (Fontes et al., 2010). Choosing the most 501 

appropriate modelling approach, forest managers face always a trade-off between biological 502 

realism, model accuracy, and generality (Levins 1966, Guisan and Zimmermann 2000). 503 

Hereby can concluded that although empirical models can face problems of scaling, they are 504 

not only easier to build and apply but moreover they reach in many cases higher predictive 505 

accuracy than PBMs, as they are less complex and require only plot information which is 506 

relatively easy to obtain. On the other hand are empirical models restricted to the area for 507 

which they are calibrated and are also often inadequate under conditions of changing 508 

environment.  509 

5 Conclusion 510 

Scale is an important issue in successful forest site productivity modelling and the framework 511 

provided by Bierkens et al. (2000) was found useful for reasoning about scale and scaling. 512 

The extent, support and coverage of the site index (dependent variable) and site characteristics 513 

(independent variables) underpinning the models should be carefully evaluated before 514 

applying the models for prediction. Moreover are empirical site index models scale-dependent 515 

and their applicability is limited to the scale of development 516 

Although process-based models (PBMs), in which both spatial and temporal dimensions of 517 

scale might be explicitly expressed, are theoretically better suited to deal with these scaling 518 

effects, they are often regarded as overly complex, and less accurate. Further development of 519 

hybrid forest models, trying to exploit the advantages of both modelling approaches, would 520 

therefore provide great perspectives for practical forest management and other ecological 521 
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applications. However this is a difficult task, since few features of any model have only 522 

advantages or only disadvantages. 523 
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Tables 626 
 627 

Table 1. Contributions of predictor variables for the site index models developed for 

different extents with different support units. Contributions are presented including both 

‘Age’ and standardised after omitting ‘Age’ as a predictor variable. 

Extent Support Predictor variable 
Contribution 

(%) 
Relative contribution 
without Age (%) 

Regional Plot Age  40.98 - 

(Flanders)  Silt fraction (%) 20.35 34.48 

  Soil pH 13.04 22.09 

  Depth of clay horizon (cm) 7.78 13.18 

  Soil OM (%) 17.85 30.24 

Regional Map unit Age 48.93 - 

(Flanders)  Soil texture 27.3 53.46 

  Soil drainage 7.66 15 

  Soil profile 16.11 31.54 

Sub-regional Plot Age 32.37 - 

(Groenendaal)  Humus thickness (cm) 26.09 38.58 

  Soil OM (%) 20.45 30.24 

  Soil C:N 21.08 31.17 

Subregional Map unit Age 40.81 - 
(Groenendaal)  Soil texture 36.13 61.04 
  Elevation (m) 23.05 38.94 
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 630 

 631 

Table 2. Model performance indices for the site index models developed for different extents 

with different support units. Performance indices are provided both for the calibration data as 

for the cross-validation data (cv.) and completed with the standard deviation of the site index at 

that scale level (St. dev.). 

Extent Coverage Support 

R²  RMSE  

(m) 

R² cv. RMSE cv. 

(m) 

St. dev. 

(m) 

Regional 

(Flanders) 

Low Plot 0.87 1.57 0.82  1.89  4.45 

Regional 

(Flanders) 

Low Map unit 0.85 1.72 0.74  2.27  4.45 

Sub-regional 

(Groenendaal) 

High Plot 0.75 1.46 0.58 1.89 2.95 

Sub-regional 

(Groenendaal) 

High Map unit 0.58 1.89 0.27 2.53 2.95 
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Table 3. Model performance indices for the scaling of site index models validated (val.) at 

different extent than for which they were developed, completed with the standard deviation 

of the site index of the validation data (St. dev.). 

Scaling 

operation 

Calibration 

extent 

Validation 

extent 

Support R²  

(val.) 

RMSE 

(val.)  

St. dev. 

(val.)  

Singling out Flanders Groenendaal Plot-level 0.44 4.05 2.95 

Singling out Flanders Groenendaal Map unit 0.36 4.34 2.95 

Extrapolation Groenendaal Flanders Plot-level 0.12 5.97 4.45 

Extrapolation Groenendaal Flanders Map unit 0.10 10.43 4.45 
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Table 4. Model performance indices for the site index models validated (val.) at a 

neighbouring forest complex, completed with the standard deviation of the site index of the 

validation data (St. dev.). 

Calibration 

extent 

Validation 

extent 

Support R²  (val.) RMSE (val.) 

(m) 

St. dev. (val.) 

(m)  

Hallerbos-

Zoniënwoud 

Heverleebos-

Meerdaalwoud 
Plot-level 0.17 5.94 2.98 

Heverleebos-

Meerdaalwoud 

Hallerbos-

Zoniënwoud 
Plot-level 0.48 2.74 2.95 
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Figures 636 
 637 

 638 

Figure 1: Framework for defining scale and scaling based on Bierkens et al. (2000). The scale 639 

components and scaling operations of which the effects were investigated in this study are 640 

underlined.  641 
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 642 

Figure 2: Location of the plots within the regional extent of Flanders (upper window; one site 643 

may indicate multiple research plots)and within the sub-regional extent of Groenendaal 644 

(lower left window; containing the forest patches (grey) of Hallerbos (A) and Zoniënwoud 645 

(B)) and the neighbouring forest complex of Heverleebos-Meerdaalwoud (C). 646 
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 647 

Figure 3: Partial dependence plots of the five predictor variables in the site index model of 648 

common beech for the regional extent of Flanders based on plot-level support. Each response 649 

curve represents the additive contribution of that variable using non-parametric smoothing 650 

methods (s( ,1) is a first order smoother, whereas s( ,2) indicates a second order smoother). 651 

Dashed lines represent upper and lower twice-standard-error curves. Rug plots at inside 652 

bottom of plots show distribution of sample plots along that variable. 653 
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 654 

Figure 4: Partial dependence plots of the four predictor variables in the site index model of 655 

common beech for the regional extent of Flanders based on map unit support (cf. Fig. 3 for 656 

details and section 2.1 for explanation of soil profile class codes)  657 
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