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Abstract 36 

Aims. The aim of this study is on the one hand to identify the most determining variables 37 

predicting the site productivity of pedunculate oak, common beech and Scots pine in 38 

temperate lowland forests of Flanders; and on the other hand to test whether the accuracy of 39 

site productivity models based exclusively on soil or forest floor predictor variables is similar 40 

to the accuracy achieved by full ecosystem models, combining all soil, vegetation, humus and 41 

litterfall composition related variables. 42 

Methods. Boosted Regression Trees (BRT) were used to model in a climatically 43 

homogeneous region the relationship between environmental variables and site productivity. 44 

A distinction was made between soil (soil physical and chemical), forest floor (vegetation and 45 

humus) and ecosystem (soil, forest floor and litterfall composition jointly) predictors.   46 

Results. Our results have illustrated the strength of BRT to model the non-linear behaviour of 47 

ecological processes. The ecosystem models, based on all collected variables, explained most 48 

of the variability and were more accurate than those limited to either soil or forest floor 49 

variables. Nevertheless, both the soil and forest floor models can serve as good predictive 50 

models for many forest management practices. 51 

Conclusions. Soil granulometric fractions and litterfall nitrogen concentrations were the most 52 

effective predictors of forest site productivity in Flanders. Although many studies revealed a 53 

fertilising effect of increased nitrogen deposition, nitrogen saturation seemed to reduce 54 

species’ productivity in this region.  55 
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Abbreviations 56 

BRT  Boosted Regression Trees 57 

GAM  Generalized Additive Models 58 

LOI  Loss-On-Ignition 59 

mF  mean indicator value for moisture 60 

mL  mean indicator value for light 61 

mN  mean indicator value for nitrogen 62 

mR  mean indicator value for acidity 63 

R²  coefficient of determination 64 

(r)RMSE (relative) Root Mean Squared Error 65 

VIF  Variance Inflation Factor 66 
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 Introduction 67 

Site productivity is a key-indicator of forest ecosystem services like wood production and 68 

carbon sequestration and hence an important criterion for decision makers in forest 69 

management. It allows foresters to forecast growth and production and hence select the most 70 

suitable tree species for a site. However in many situations direct measurement of the site 71 

productivity is not possible. 72 

Pedunculate oak (Quercus robur L.), common beech (Fagus sylvatica L.) and Scots pine 73 

(Pinus sylvestris L.) are three of the main tree species in north-west European temperate 74 

lowland forests (Masson 2005; Seynave et al. 2008). Adequate understanding of the species-75 

specific site productivity is therefore of great importance in sustainable forest management. In 76 

an ecological context it is the potential net primary production of that location, whereas in 77 

practical forestry terms it is more specifically its potential wood production for a specific 78 

timber species (Skovsgaard and Vanclay 2008). Knowledge of the environmental conditions 79 

that determine species-specific site productivity may help to identify sites for which changes 80 

can be expected in species suitability, especially in the context of climate change and/or 81 

nitrogen deposition (Bergès et al. 2005).  82 

One of the most widely used indicators of species-specific forest site productivity is site 83 

index, i.e. the mean height at a reference age of the dominant trees growing on a site 84 

(Skovsgaard and Vanclay 2008). In homogeneous even-aged forest stands, site index of the 85 

standing species can be directly estimated from measurements of tree height and age, using an 86 

appropriate species-specific dominant height growth model (Skovsgaard and Vanclay 2008). 87 

But in mixed or uneven-aged stands, or in the case of stand conversion to other tree species, 88 

or afforestation of land without forest, or under changing site conditions over time, direct 89 
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estimation is not possible. For such cases site index needs to be estimated indirectly from 90 

environmental factors like climate, topography and soil characteristics, using appropriate 91 

ecological models (Skovsgaard and Vanclay 2008). 92 

Traditional site productivity modelling studies related site index to environmental variables 93 

using basic statistical methods such as linear regression. More recently, an increased use of 94 

non-linear, non-parametric and machine learning methods have been introduced to cope with 95 

the inherent complexity of ecological problems (Aertsen et al. 2010; Moisen et al. 2006). 96 

Boosted Regression Trees (BRT) has been proven a promising technique for site index 97 

modelling, both in terms of accuracy and interpretability of ecosystem processes (Aertsen et 98 

al. 2011). Other advantages are the ability to handle discontinuous response (like in case of 99 

ecological thresholds) and the easy and intuitive visualisation of the results (De'ath 2007). 100 

The temperate lowland of Flanders (northern Belgium) is characterised by little climatic and 101 

topographic variation. As a consequence it can be expected that the combination of soil, 102 

humus, vegetation and litterfall characteristics will explain the major part of variation in site 103 

productivity (Bergès et al. 2006; Seynave et al. 2005). Since litterfall nutrient concentrations 104 

are only available for sites where the target species is already present, and large amount of 105 

environmental variables are needed, the use of models based on all these variables is not 106 

recommended for predictive modelling (Chen et al. 1998). Simplified models based on 107 

subsets of variables, like soil or forest floor predictors are in that respect preferred. Although 108 

the combination of both floristic and abiotic models resulted in best empirical models for the 109 

estimation of sessile oak in France, Bergès et al. (2006) conclude that understory vegetation 110 

and abiotic site characteristics separately could explain the same part of variance in site index. 111 

Forest floor predictors have proven to be good site quality indicators (Bergès et al. 2006; 112 
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Dzwonko 2001; Gégout et al. 2003) and are moreover much easier and cheaper to collect than 113 

most abiotic counterparts.  114 

In this study, soil predictors encompass the physical and chemical properties of the mineral 115 

soil, which are often in close physiological relationship with the species’ critical growth 116 

factors (Chen et al. 1998). Moreover, most of these characteristics hold little temporal 117 

variability, making them representative for a stand’s growing history. Forest floor factors are 118 

defined as the living biomass (vegetation) and its decomposition (humus) and are the result of 119 

both physicochemical and biological interactions (Ponge et al. 2002).  120 

For common beech, Rogister (1978) developed an ecogram based on the floristic indices mR 121 

x mN (humus indicator) and mF (moisture indicator) to assess the site quality for beech in 122 

Flanders, concluding that mesophilic sites with a mull humus form were the most productive. 123 

Pedunculate oak was characterised in France by its relatively large nutrient and water 124 

requirements (Lévy et al. 1992). For Scots pine, finally, a negative effect of soil water 125 

capacity on tree growth  was observed in Finland, without a significant effect of nutrient 126 

availability (Wall and Heiskanen 2009).  127 

The aim of this study is: (1) to identify the most determining variables predicting the site 128 

productivity of pedunculate oak, common beech and Scots pine in temperate lowland forests 129 

of Flanders; and (2) to test whether the accuracy of site productivity models based exclusively 130 

on soil or forest floor predictor variables is similar to the accuracy achieved by full ecosystem 131 

models, combining all soil, vegetation, humus and litterfall composition related variables. 132 



 8 

Materials and methods 133 

Study area and sampling design 134 

The study area covers the region of Flanders in the north of Belgium (13521 km2; Fig. 1). 135 

Flanders is a lowland region with a temperate and humid climate and no major topographic or 136 

climatic gradients. The pedology of the region is characterised by a pronounced north-south 137 

gradient of decreasing sand and increasing silt fractions and by the occurrence of local 138 

shallow tertiary substrates (clay/sand).  139 

Spread over the territory of Flanders, 186 research plots (about 1000 m² each) were laid out in 140 

near-homogeneous, even-aged, normally stocked high-forests of the target species of at least 141 

50 years old (76 plots of pedunculate oak (Quercus robur L.) (54 - 183 years), 55 of common 142 

beech (Fagus sylvatica L.) (60-168 years) and 55 of Scots pine (Pinus sylvestris L.) (50-120 143 

years)) (Fig. 1). Sampling occurred according a two-step approach: The first step consisted of 144 

a stratified random selection of stands of the three species, evenly distributed over five 145 

productivity classes based on a-priori determination of the site index from height 146 

measurement and age estimation. In the second step additional plots were selected to fill gaps 147 

in common forest soil types and in geographical coverage (Kint et al. 2011). Data collection 148 

was carried out between October 2007 and April 2009. 149 

Site productivity 150 

The measured response variable was site index, a proxy for species-specific site productivity 151 

and defined as the dominant height of a homogeneous even-aged stand at the reference age of 152 

100 years (Skovsgaard and Vanclay 2008). The use of the dominant height of the stand in 153 

stead of the volume, is based on the fact that dominant height growth in pure and even-aged 154 

stands is, in contrast to standing volume, nearly independent of silvicultural techniques as 155 
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stand density and thinning (Assmann 1970; Skovsgaard and Vanclay 2008). Dominant height 156 

was calculated as the mean height of the five thickest trees in each research plot (Jansen et al. 157 

1996). Tree age was estimated from ring counts and adjusted by extrapolating for missing 158 

rings (due to off-pith coring and to account for rings formed before the 1 m coring height was 159 

reached). Site index was calculated from species dependent dominant height growth models 160 

(Jansen et al. 1996). 161 

Site quality 162 

Site quality was assessed by vegetation survey, humus quality description, physicochemical 163 

analysis of the mineral topsoil, description of soil horizons and litterfall analysis. The set of 164 

variables is summarized in Table 1. 165 

Forest floor variables 166 

The vegetation survey was carried out during spring and summer on a 10mx10m subplot. 167 

Based on species abundance in the herb and shrub layers, mean indicator values for moisture 168 

(mF), light (mL), acidity (mR) and nitrogen (mN) were calculated (Hill et al. 1999), as well as 169 

the combined mR x mN index of soil trophicity (Muys and Granval 1997). Hill’s indicator 170 

values are a recalibration of Ellenberg’s indicator values (Ellenberg et al. 1992) for the 171 

Atlantic region and are assumed to reflect more accurately the species’ ecological behaviour 172 

in our study area  (Godefroid et al. 2005). 173 

Humus has been characterized by the humus form and the thickness of ectorganic and 174 

endorganic horizons. Humus form was determined according to Jabiol et al. (2007) and 175 

converted to the humus index of Ponge and Chevalier (2006) with values ranging from 1 176 

(eumull) to 8 (mor) (Ponge et al. 2011), and was determined as an average of 16 177 

measurements in each plot.  178 
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Soil variables 179 

A bulked topsoil sample (0-30cm, 16 sample points mixed) has been analysed for soil 180 

granulometric fractions (laser diffraction: Clay 0-6µm, Silt 6-50 µm, Sand > 50 µm), pH-181 

CaCl2, carbon content (LOI), total nitrogen content (Kjeldahl) and plant available phosphorus 182 

content (Bray and Kurtz 1945). Bulk density was derived using the pedotransfer function of 183 

De Vos et al. (2005).  Available water capacity (AWC), air capacity (AC) and permanent 184 

wilting point (PWP) were estimated with help of the transfer functions developed by Teepe et 185 

al. (2003). 186 

The deeper soil horizons were investigated in each plot by augering to a depth of 120 cm. The 187 

soil features recorded were horizon depth, occurrence of clay accumulation , occurrence of 188 

gleyic properties (rust spots, a proxy for winter groundwater table), and presence of a reduced 189 

horizon (a proxy for permanent groundwater table) or compacted horizon.  190 

Rootable depth was determined with a penetrologger measurement and averaged for 16 points 191 

in each plot. Measurements were carried out before the growing season of 2008 when soils 192 

were near field capacity. A compaction limit of 3 MPa has been assumed to be the maximal 193 

resistance tree roots can overcome (Håkansson and Lipiec 2000). 194 

Ecosystem variables 195 

Ecosystem variables group both forest floor and soil variables completed with litterfall 196 

nutrient variables. A set of five litterfall traps was installed in a subset of 96 stands. Litterfall 197 

was collected and weighed every two weeks from September to December and analysed for 198 

several macro- and oligoelements (N, P, K, Ca, Mg, Fe, Mn, Na, Al). Different ratios were 199 

derived from the elementary concentrations. For stands encompassing more than one plot, 200 

identical litter values were attributed to these plots. Reducing sample size to these 96 plots 201 
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would result in a too small sample size for meaningful analysis, therefore this nestedness has 202 

been accommodated in the cross-validation procedure as described further in this section. 203 

Modelling techniques and performance 204 

Based on our earlier experiences in modelling site index (Aertsen et al. 2011), the Boosted 205 

Regression Trees (BRT) modelling technique was selected for site index modelling. BRT is 206 

especially recommended when emphasis is not only on accuracy of the models but also on 207 

providing insight into ecosystem processes (Aertsen et al. 2010). BRT incorporates important 208 

advantages of regression tree-based methods, including the capacity of handling predictor 209 

variables of different types and distributional characteristics, the automatic detection of 210 

interactions between predictors and of incorporating missing values in an elegant fashion 211 

based on ‘surrogate’ splitting. The method is invariant to monotonic transformations of 212 

predictors and insensible to outliers as they are isolated into a node and so have no effect on 213 

splitting. The biggest drawback of regression trees, their poor predictive performance, has 214 

been overcome by the boosting algorithm. Boosting is a numerical optimization technique for 215 

minimizing the loss function by calculating a sequence of regression trees. At each step, a 216 

new tree is added that best reduces the loss function. The final BRT model is a linear 217 

combination of all calculated trees (hundreds to thousands) that can be thought of as a 218 

regression model where each term is a tree (De'ath 2007; Elith et al. 2008; Schapire 2003).  219 

For the three species, site index models were developed with a set of (i) soil predictors (soil 220 

physical and chemical variables), (ii) forest floor predictors (humus and vegetation variables) 221 

and (iii) ecosystem predictors (the combination of soil and forest floor predictors completed 222 

with litterfall variables), further termed soil, forest floor and ecosystem models. For 223 

completeness also models based on the combination of soil and forest floor predictors, 224 

without inclusion of litterfall variables, were built.  225 
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BRT models were built by means of R-software, version 2.10.1 (R Development Core Team 226 

2010), using the ‘gbm’ package (Ridgeway 2006) and its extensions developed by Elith et al. 227 

(2008). Models were fitted using the gbm.step function and a Gaussian response type (aimed 228 

at minimising squared error), with most effective settings for learning rate (0.001-0.005) and 229 

bag fraction (0.5-0.7) as found by repeated trial-and-error. Tree complexity, i.e. the number of 230 

nodes in a tree, was set to 3, according to recommendations by Elith et al. (2008) for small 231 

datasets. Models were simplified by reducing the number of explanatory variables with the 232 

gbm.simplify function. This simplification process is run within a 10-fold cross-validation 233 

procedure, progressively simplifying the model fitted to each fold, and using the average 234 

cross-validation error to decide how many variables can be removed from the original model 235 

without affecting predictive performance (Elith et al. 2008). 236 

All reported models passed the test for acceptable level of multicollinearity (i.e. Pearson 237 

correlations between predictors <0.7, individual variance inflation factor (VIF) <5 and median 238 

VIF <3) between predictor variables, as well as for normality and homoscedasticity of 239 

residuals. Model fit and predictive performance after 10-fold cross-validation were quantified 240 

by the coefficient of determination (R²), the root mean squared error (RMSE) and the relative 241 

RMSE (rRMSE = RMSE / mean site index). Predictor contributions were calculated as 242 

proportional contributions to the total error reduction over all underlying regression trees, and 243 

can be interpreted as a measure for a predictor’s importance within the model. Predictor 244 

effects indicate how much the response is affected by a certain predictor value and are 245 

visualised in partial dependence plots. To account for the nestedness of the litterfall 246 

concentration of plots located in the same stand, cross-validation groups were carefully 247 

chosen, including all or none of the observations of the same stand in a subsample to avoid an 248 

over-optimistic estimation, as proposed by De’ath (2007). 249 
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Results  250 

A total of twelve site index models were built, using 4 sets of potential predictor variables for 251 

each of the three species (Table 2). The ecosystem models achieved the highest performance 252 

on the fitted data as well as after cross-validation, whereas soil models achieved for all 253 

species a higher performance than forest floor models (Table 3). Models based on the 254 

combination of soil and forest floor predictors, without inclusion of the litterfall variables, 255 

were intermediate between the ecosystem models and the soil models. When the species were 256 

compared among each other, models for beech performed best, irrespective of the variables 257 

sets, while those for pine were the weakest, except for the ecosystem model (Table 3). 258 

Ecosystem models 259 

Litterfall nutrient concentrations and soil textural variables were the most important 260 

predictors. Especially litterfall nitrogen concentration (oak, pine) and litterfall N:P ratio 261 

(beech) had strong model effects and contributions (20-60%) (Figs 2-4). Predictors related to 262 

litter N showed a strong negative effect on the site index, i.e. low site index at high predictor 263 

values. For all tree species, soil texture was represented in the ecosystem models by the silt 264 

fraction. Especially for oak and beech there was a strong positive effect of silt fraction on site 265 

index. For pine this effect was weaker and showed rather a threshold behaviour, i.e. a higher 266 

productivity level was observed starting at a 10% threshold of silt in the soil (Fig. 4).  267 

The importance of the water regime for tree growth was further indicated in the ecosystem 268 

models by the depth to a gleyic horizon for oak and the vegetation humidity indicator mF for 269 

beech and pine. Site quality of oak was negatively influenced when the winter groundwater 270 

table rose above 40cm, indicating that hydromorphic sites were unfavourable. For beech and 271 
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pine, based on mF, dry sites showed low productivity. It has to be noted though, that beech 272 

was not found on hydromorphic sites. 273 

Both the thicknesses of ectorganic and endorganic horizons were present in the ecosystem 274 

models of oak and beech with respectively a negative and a positive threshold effect. In the 275 

pine model, no humus variables were present but a strong positive mR x mN effect was 276 

observed, which has been demonstrated to be a sensitive humus quality indicator (Godefroid 277 

et al. 2005; Rogister 1978).  278 

Soil models 279 

While soil texture was already an important predictor in the ecosystem models, it was 280 

definitely the case in the soil models. Not only was the relative contribution of soil texture 281 

variables higher in the soil models compared to the ecosystem models, but also their effect 282 

was stronger (Table 2, Figs S4-S6). Since sand, silt and clay fractions were highly correlated, 283 

only one of these fractions should enter a model at a time. For oak, the textural effect of silt 284 

from the ecosystem model was replaced in the soil model by the sand fraction with an inverse 285 

effect. 286 

A remarkable predictor in the soil models of oak and beech was the soil pH. For both species 287 

it entered the models with the same threshold value of 3.6, meaning that a sharp decrease in 288 

productivity was observed when the soil pH (CaCl2) dropped below this value. In the 289 

ecosystem model, soil pH was present for oak but not for beech. 290 

Forest floor models 291 

Alike the soil models, the forest floor models retain most corresponding predictors of the 292 

ecosystem models and the combined soil + forest floor models. For all three species the 293 
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importance of water supply was indicated by the soil humidity indicator of the vegetation mF 294 

in the forest floor models (Table 2, Figs S7-S9). Similar as the negative influence of a high 295 

rising winter groundwater table in the ecosystem model, mF indicated a reduced growth of 296 

oak at hydromorphic sites. 297 

The importance of humus predictor variables could already be observed in the ecosystem 298 

models, in which they were strongly present. In the forest floor models this was even more 299 

explicit. A reduced growth for oak was observed on sites from eumoder (6) onwards to mor 300 

(8) humus forms, whereas for pine a reduced site index was observed on the poorest sites with 301 

a mor humus form only. For beech, similar as for pine, a positive effect of the product mR x 302 

mN was observed. However, the threshold for beech was remarkably higher than the one for 303 

pine, indicating a higher trophicity need for beech than for pine. 304 
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Discussion 305 

Species’ optimal environmental conditions 306 

Vegetation indicators 307 

Floristic indices are often excellent indicators of site quality, as they are more informative 308 

about the plant available nutrients compared to soil analysis results. Their high correlation 309 

with various soil nutrients, soil physical and/or climatic variables makes them often cost-310 

effective and accurate diagnostic indicators for site quality assessment (Bergès et al. 2006; 311 

Rogister 1978; Seynave et al. 2005; Wilson et al. 2001).  312 

The ecogram developed for beech by Rogister (1978) is to a great extent confirmed in our 313 

study (Table 2), assigning highest productivity to sites with high mR x mN values (mull 314 

humus) with intermediate moisture content (mesophilic). The predictors of Rogister’s 315 

ecogram are also the most contributing in our forest floor model of beech, and a model 316 

reduced to those two variables was only slightly weaker (results not presented). There is an 317 

increase of site productivity of beech in Flanders with increasing moisture availability 318 

reaching an optimum at mF 5.4 to 6.2 (moist to dampness sites according to Hill et al. (1999). 319 

Wetter soils are probably less suitable but were not observed as beech is rarely planted on wet 320 

sites in Flanders because of its assumed vulnerability to fluctuating and stagnating 321 

groundwater (Masson 2005). For mR x mN an abrupt threshold value of 24 is identified, 322 

separating low from high productive sites. This threshold corresponds well with the boundary 323 

between eumoder and mull (Muys and Granval 1997) and underlines beech’s preference for 324 

nutrient rich soils.  325 

Humus indicators 326 
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Humus forms reflect the rate at which nutrients are cycled within terrestrial ecosystems. They 327 

are considered, similar to the floristic mR x mN indicator, as a strong indicator of the 328 

ecosystem’s nutritional regime (Ponge and Chevalier 2006; Wilson et al. 2001). From our 329 

study it is hard to distinguish which indicator should be preferred as both predictors are 330 

present in particular models and in the forest floor model for pine they even complement each 331 

other. The considerable presence of humus predictors in the ecosystem models indicates their 332 

strength as site quality indicators. 333 

Sites of lower productivity for pedunculate oak are linked to eumoder (6) to mor (8) humus 334 

forms. Similar observations have been made for sessile oak in France although for this species 335 

a productivity decrease was only noticed on dysmoder (7) and mor sites (Bergès et al. 2005; 336 

Jacquemin et al. 2000). This difference confirms the higher trophicity need of pedunculate 337 

oak compared to sessile oak described by silviculture experts (Lévy et al. 1992; Masson 338 

2005). Scots pine is obviously less nutrient demanding and lower site productivity is only 339 

noticed at mor sites. Similar observations have been made for lodgepole pine, with a 340 

significant lower site index at mor sites compared to moder sites (Szwaluk and Strong 2003).  341 

Additional to the humus form were also the thickness of endorganic and ectorganic horizons 342 

already good predictors of site quality. Both variables were present in the ecosystem models 343 

of oak and beech. The thickness of both horizons is the result of a complex humus formation 344 

process and thus an indicator of the nutrient regime of the soil (Ponge and Chevalier 2006). 345 

The assignment of humus characteristics to the system of 9 humus forms proved sometimes 346 

imperfect (Ponge et al. 2011), resulting that humus thickness indicators can be a good 347 

alternative.  348 

Soil indicators 349 
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Tree growth is mainly affected by the combined effects of soil water and nutrient availability, 350 

illustrated for pedunculate oak by Lévy et al. (1992). Texture was the most important 351 

predictor of site quality for all three species (Table 2). As soil granulometry plays an 352 

important role in both water- and nutrient holding capacity, it is not surprising that textural 353 

fractions are of major importance in prediction of site productivity. The study area is indeed 354 

characterised by a strong textural gradient along which large productivity differences occured. 355 

Especially the silt fraction was positively correlated with tree growth, as it is a predictor in all 356 

ecosystem models. Soils with a high silt fraction have a higher available water capacity than 357 

more clay or sandy soils (Vereecken et al. 1989). But soil texture is also related to nutrient 358 

availability. Sandy soils are generally poor soils, whereas the higher cation exchange capacity 359 

and the higher weathering of silt and clay minerals result in higher nutrient availability for 360 

tree growth.  361 

Soil acidity is also an important site quality factor especially for oak and beech. Soil 362 

acidification can lead to phytotoxic levels of aluminium in the rhizosphere and may disturb or 363 

inhibit nutrient uptake, leading to deficiencies of some elements (e.g., Mg, K, Ca, P) or excess 364 

of others (e.g., N) (Bakker et al. 1999). For both species the effect appears with the same 365 

threshold pH CaCl2 -value of 3.6, which corresponds to a pH-H2O of around 4.2, below which 366 

growth reduction is observed. This threshold corresponds to the upper limit of the Al buffer 367 

range (Ulrich 1983) and to the transition between mull and moder humus types (Muys 1995). 368 

Below this threshold even acid tolerant tree species experience growth reduction (Ulrich 369 

1983). Similar observations were made for beech in France, where an increased growth was 370 

found when the pH ranged between 4 and 5.5 (Seynave et al. 2008).  371 

Above a topsoil C:N ratio of about 19 a relatively sharp decrease in productivity for oak is 372 

observed. This is consistent with Bary-Lenger & Nebout (1993), who classified soils with 373 
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organic topsoil C:N ratio below 15 as good and above 20 as less favourable for pedunculate 374 

oak. High C:N values are an indication of poor litter decomposition and N-mineralisation and 375 

are related to a low soil biological activity (Muys et al. 1992). A similar negative relation 376 

between productivity and soil C:N has been observed for sessile oak in France and was 377 

explained by the higher acidity or weaker N-mineralisation at these sites (Bontemps 2006). 378 

Litterfall nutrient concentrations  379 

Litterfall nutrient concentrations appeared in all ecosystem models among the most 380 

contributing independent variables. The strength of the litterfall variables can be attributed to 381 

the fact that these observations are directly taken from the trees and can serve as indicators of 382 

nutrient availability and uptake within the rooting zone or retranslocation success, whereas 383 

soil nutrient concentrations often poorly reflect the plant available nutrient concentrations 384 

especially for N (Axmanová et al. 2011).  385 

Although many studies revealed a positive relationship between site productivity and N 386 

deposition (Janssens and Luyssaert 2009; Magnani et al. 2007), De Schrijver et al. (2008) 387 

indicate that N saturation of forest ecosystems is a problem in regions with high immissions 388 

like Flanders. For all three species, litter nutrient concentrations indicated that N saturation 389 

was affecting site productivity negatively. 390 

For beech a lower site productivity is observed with high litterfall N:P ratios (Fig. 3). This 391 

effect has been observed before for beech in Europe and attributed to P deficiency, mainly 392 

induced by N deposition (Braun et al. 2010; Bussotti et al. 2005; Ewald 2000; Fluckiger and 393 

Braun 1998; Ilg et al. 2009). The partial dependence plot (Fig. 3) shows a clear threshold of 394 

N:P ratio in the litter equal to 17 above which growth reduction is observed, which is slightly 395 

higher than the critical value of 15, earlier described in literature and recorded in green leaves 396 
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(Bussotti et al. 2005; Ilg et al. 2009). This corresponds with the fact that resorption of P from 397 

senescent leaves exceeds resorption of N resulting in a higher N:P ratio in senescent 398 

compared to green leaves (Richardson et al. 2008). An increased foliar N:P ratio accompanied 399 

by a growth decline has been recorded especially in mature beech stands in different 400 

European regions. Different experiments do not attribute this phenomenon to limited P 401 

availability but rather support the hypothesis that elevated N deposition is an important cause 402 

for this development (Braun et al. 2010). Given that we did not detect a significant correlation 403 

between litter P content and the plant available P content in the soil (r = 0.10), P availability 404 

was probably not the limiting factor. Rather a decreased uptake of P due an inhibition of 405 

mycorrhiza by high nitrogen concentrations (Braun et al. 2010; Muys 1990) seemed to be 406 

limiting for beech since mycorrhiza are important for the P uptake by forest trees (Braun et al. 407 

2010; Güsewell 2004; Wallander 2000).  408 

For oak and pine critical values for P deficiency (Ilg et al. 2009) were rarely reached, 409 

indicating that P was seldom a limiting factor for these species. This corresponds with 410 

observations made in Germany where beech was affected by P deficiency whereas oak and 411 

pine did not suffer (Ilg et al. 2009). On the other hand both oak and pine showed a significant 412 

decrease in productivity with high litterfall N content (Fig 2 & 4). The negative effect of high 413 

N content in the needles of Scots pine on plant vitality has been reported for different 414 

European regions (Roskams and Neirynck 1999; Sikström et al. 1998; Thelin et al. 1998). 415 

Many forests in Belgium are subjected to high atmospheric nitrogen inputs and especially 416 

coniferous forests act as receptors (De Schrijver et al. 2007; Neirynck et al. 2007). Deficiency 417 

symptoms of P, K and Mg may appear even at relatively high concentrations in relation with 418 

an increased N content. High N supply often results in an imbalanced nutrient uptake 419 

resulting in a decreased growth (Roskams and Neirynck 1999; Sikström et al. 1998; Van den 420 

Burg and Schaap 1995). Litter N content of pine is highly correlated with N:P, N:Mg and N:K 421 
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ratios indicating that it is probably not a deficiency of a single nutrient, but rather a 422 

imbalanced mineral nutrition.  423 

For oak the effect of N saturation through deposition is less obvious. The soil C:N content 424 

indicates a higher productivity at relatively better N supply, whereas high N content in the 425 

senescing leaves is observed in the low productive sites. Vizoso et al. (2008) postulated that 426 

the spring growth of pedunculate oak was strongly influenced by the availability of internal N 427 

resources with an almost complete dependence on N remobilization for their growth. Higher 428 

N retranslocation from senescing leaves leads to higher internal N stocks and improved 429 

remobilization and growth at the beginning of the following spring, introducing a positive 430 

feedback loop. Millard and Grelet (2010) also conclude that the N retranslocation capacity of 431 

the trees is an even better predictor of productivity than nitrogen supply as such. 432 

Comparison of models based on different variable sets 433 

Our results have illustrated the strength of BRT to model ecological threshold behaviour, 434 

especially in the ecosystem models (Fig. 2-4). More traditional regression techniques as 435 

multiple linear regression or generalized additive models (GAM) would not be able to handle 436 

these discontinuities in a similar way (Aertsen et al. 2011; Aertsen et al. 2010). The automatic 437 

detection of  interactions between predictors is also an advantage of BRT (De'ath 2007; Elith 438 

et al. 2008). Important interactions were detected and modelled for oak between the depth of 439 

the gleyic horizon and the soil C:N ratio and also between the depth of the gleyic horizon and 440 

the silt content (Fig. 5). A small point of criticism on BRT is the fact that the gbm software 441 

package does not provide any measure of uncertainty in the partial dependence plots, as it is 442 

the case in most GAM software packages. Adding uncertainty would greatly improve the gbm 443 

software package. Although BRT is rather insensitive to outliers as they are isolated into a 444 
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node and so have no effect on splitting, predictions close to these outliers will enclose a 445 

higher uncertainty.    446 

The ecosystem models, based on all collected variables, explained more of the variability and 447 

were more accurate than those limited to either soil or forest floor variables. Combining forest 448 

floor and soil variables and adding litterfall nutrient concentrations resulted both in improved 449 

models. Although models based on the combination of forest floor and soil variables (without 450 

the inclusion of litterfall nutrient concentrations) performed better than the separate models 451 

(Table 3), the inclusion of litterfall nutrient concentrations results in improved explanation of 452 

variability. With R² values ranging from 0.67 to 0.77 and rRMSEs of less than 13% after 453 

cross-validation (Table 3), these models perform very well compared to results of similar site 454 

index modelling studies (Bergès et al. 2006; McKenney and Pedlar 2003; Szwaluk and Strong 455 

2003). The relatively good model performance can be attributed to the sound sampling 456 

strategy, the large amount and high quality of collected variables and the appropriate 457 

modelling technique. In comparison to other observational studies, the reported residual 458 

model error, which may be due to measurement errors, sampling bias, limitations in field data 459 

collection or genetic tree variability can be considered low. 460 

As discussed in the previous section, the ecosystem models provide good insight in the 461 

ecosystem processes related to site productivity. However, the multiple dimensions of the 462 

environmental variables and their interactions also induce uncertainty about the cause-effect 463 

relationships (Chen et al. 1998). For example, nutrient related variables such as topsoil 464 

acidity, humus form, vegetation mR x mN, soil C:N ratio and litterfall nutrient concentrations, 465 

are all to some degree related and at least partly interchangeable. Moreover, the usefulness of 466 

these models for site index predictions is limited. First of all, large amounts of environmental 467 

variables have to be collected, including vegetation, humus, soil and litterfall variables, in 468 
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order to make predictions of site index possible. Furthermore, litterfall variables can only be 469 

collected at sites where the focal tree species is already present, making models including 470 

these variables unsuitable for afforestation or species conversion purposes. Simplified models 471 

based on a subset of (easily collectable) variables are therefore recommended for forest 472 

management practices, even if accuracy and predictive power are slightly lower. 473 

As expected, the simplified models did not reach the same accuracy as the ecosystem models, 474 

with rRMSEs increasing until 10 to 17% after cross-validation (Table 3). Nevertheless, both 475 

the soil and forest floor models can serve as good predictive models for site index in Flanders. 476 

This confirms findings of Nieppola & Carleton (1991), Wang (2000) and Bergès et al. (2006) 477 

that forest floor variables as vegetation and humus can serve as good substitutes for several 478 

more difficult, expensive or integrated environmental variables, and therefore can act as good 479 

predictors for site quality.  480 

Site index in Flanders were more accurately predicted by soil predictors than by forest floor 481 

ones. Bergès et al. (2006) found no difference in predictive potential between both predictor 482 

groups for sessile oak in France. The French study however covered a larger geographical 483 

area, not only characterised by larger variation in soil properties, but also by topographical 484 

and climatic variability. The predictive power of vegetation as a substitute for the complex 485 

interrelation of all these factors was therefore probably stronger than in our study, in which 486 

topographical and climate gradients are of minor influence and thus variability in site 487 

productivity was mainly characterised by soil properties. Bergès et al. (2006) also raised the 488 

hypothesis that understory vegetation is a better predictor of nutrient-related factors whereas 489 

soil variables are better predictors of water-related factors. Our results could however not 490 

confirm this hypothesis, since soil granulometry was determined as the most influencing 491 

predictor of site index for the three species in both soil and ecosystem models. This variable, 492 



 24 

correlated to both water- and nutrient-related factors, was not included in the study of Berges 493 

et al. (2006).  494 

Another possible explanation for the fact that our soil models perform better than the forest 495 

floor models could be that humus and vegetation are mainly indicators of topsoil 496 

characteristics, whereas it is well known that tree roots go much deeper in their search for 497 

nutrients and water. In that perspective our set of soil variables is more complete as it 498 

represents both top- and deeper soil characteristics. Finally, the use of humus and vegetation 499 

as site descriptors can also be contested by the fact that stand characteristics like age and 500 

canopy structure have an impact on the composition of herb species and humus quality in the 501 

region (Godefroid et al. 2005; Ponge et al. 2011; Ponge and Chevalier 2006). Although we 502 

tried to eliminate these factors as much as possible in the research setup by sampling only 503 

mature, even-aged, closed-canopy and nearly pure stands, this can never be totally excluded.  504 
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Table 1.  Summary of the site characteristics stratified according to the three studied tree species  

 Pedunculate oak (n=76)  Common beech (n=55)  Scots pine (n=55) 

Variable Mean (S.D.) Min. Max.   Mean (S.D.) Min. Max.   Mean (S.D.) Min. Max. 

Site index (m) 28.98 (3.93) 20.61 36.61  37.77 (4.45) 26.21 43.57  24.07 (4.24) 15.81 35.32 

mF 5.9 (0.6) 5.0 7.9  5.4 (0.4) 5.0 6.3  5.8 (0.7) 5.0 7.9 
mN 5.0 (1.0) 2.2 6.1  4.9 (1.0) 3.0 7.0  3.7 (1.0) 2.1 6.0 
mR 5.0 (0.9) 2.5 6.5  4.7 (0.7) 3.0 6.0  3.4 (1.0) 2.1 6.0 
mL 5.6 (0.6) 4.2 6.9  4.9 (0.8) 3.0 6.0  6.0 (0.4) 5.2 7.0 
mR x mN 26.2 (8.6) 7.0 39.6  23.5 (6.2) 9.0 35.9  13.2 (7.5) 6.2 35.6 
Humus form 5.8 (1.0) 4.0 8.0  6.5 (0.7) 5.0 8.0  7.1 (0.8) 5.3 8.0 
Ectorganic thickness (cm) 5.1 (2.8) 1.0 12.0  4.6 (3.3) 0.0 20.0  5.7 (3.3) 1.0 15.0 
Endorganic thickness (cm) 4.8 (4.7) 0.0 21.0  2.9 (2.0) 0.1 11.7  4.0 (3.9) 0.0 18.8 

Clay (%) 16.6 (7.9) 4.2 31.1  17.2 (8.7) 4.8 30.8  7.9 (5.6) 1.9 21.7 
Silt (%) 28.7 (20.6) 3.2 64.7  34.5 (20.5) 4.9 65.8  12.2 (11.3) 1.9 50.4 
Sand (%) 54.7 (27.8) 8.4 92.7  48.3 (29.1) 5.3 89.6  79.9 (16.7) 27.9 96.2 
Soil pH 3.59 (0.17) 3.24 4.14  3.64 (0.11) 3.31 3.93  3.53 (0.21) 3.1 3.95 
Soil Organic Matter (mg g-1) 41.8 (13.8) 12.4 81.3  38.1 (9.4) 17.1 63.8  28.4 (11.4) 9.7 52.0 
Soil N (mg g-1) 1.2 (0.4) 0.4 2.8  1.0 (0.2) 0.5 1.8  0.7 (0.3) 0.3 1.5 
Soil P (mg kg-1) 9.42 (7.47) 1.0 28.6  7.37 (5.89) 1.0 24.5  6.38 (6.32) 1.0 32.6 
Soil C:N 19.07 (4.12) 9.91 39.6  22.39 (3.11) 17.22 29.67  24.28 (7.86) 13.5 54 
Depth of clay horizon (cm) 76.08 (42.54) 0 120  76.18 (42.78) 0 120  96.89 (37.99) 7 120 
Depth of gleyic horizon (cm) 51.88 (34.04) 0 120  69.05 (29.06) 18 120  88.31 (34.13) 10 120 
Depth of reduction horizon (cm) 106.74 (22.02) 40 120  116.04 (15.02) 32 120  116.44 (14.23) 30 120 

Bulk density (g cm-³) 1.41 (0.07) 1.23 1.58  1.43 (0.05) 1.30 1.55  1.18 (0.06) 1.36 1.59 
Available water capacity (cm³ cm-³) 0.19 (0.01) 0.16 0.20  0.19 (0.01) 0.16 0.21  0.17 (0.01) 0.16 0.20 
Air capacity (cm³ cm-³) 0.14 (0.05) 0.04 0.22  0.13 (0.06) 0.04 0.21  0.18 (0.03) 0.08 0.22 
Permanent wilting point (cm³ cm-³) 0.14 (0.05) 0.06 0.22  0.15 (0.05) 0.07 0.23  0.09 (0.03) 0.05 0.18 

Litterfall N (mg g-1) 11.6 (0.9) 10.1 14.0  9.5 (1.1) 7.8 12.7  7.3 (1.5) 5.2 11.3 
Litterfall P (mg kg-1) 970 (284) 395 1451  501 (182) 263 951  331 (83) 225 531 
Litterfall K (mg kg-1) 4325 (894) 2606 6505  4477 (1466) 1856 8359  1617 (395) 1068 2491 
Litterfall Ca (mg kg-1) 10165 (2674) 5707 15581  6694 (1839) 3533 9994  5027 (1557) 2737 11069 
Litterfall Mg (mg kg-1) 1153 (182) 837 1511  907 (237) 365 1293  504 (78) 319 696 
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Litterfall Na (mg kg-1) 353 (83) 196 620  317 (101) 204 629  288 (119) 167 621 
Litterfall Al (mg kg-1) 107 (39) 54 243  127 (28) 80 207  219 (46) 149 358 
Litterfall Fe (mg kg-1) 186 (41) 124 328  207 (50) 139 309  173 (27) 131 261 
Litterfall Mn (mg kg-1) 1492 (1204) 322 3990  1351 (958) 263 3838  503 (441)  131 1866 
Litterfall N:P 13.59 (6.03) 8.39 30.94  21.62 (7.87) 9.93 37.06  23.49 (8.29) 13.89 43.28 



 31 

Table 2. Predictor effects and their ranking in the different models. Effect legend: �/� 681 
increasing/decreasing threshold (with value), �/� gradual increase/decrease (with range); double 682 
arrows and arrows between brackets indicate strong/weak effects (i.e. covering >50% or <20% of the 683 
common range of the fitted function) respectively. The ranking of predictors in each model is based on 684 
predictor contributions. Predictors of the ecosystem models are plotted in Figs 2-4, whereas those of 685 
the soil and forest floor models are found in the supporting information. 686 
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Variable set Species Predictor Contribution effect 

   (%) direction & range or 

        magnitude value 

Ecosystem model Oak Silt (%) 22.3 �� [10-50] 

(All variables)  Litter N (mg g-1) 19.4 �� [1.12-1.24] 

  Ectorganic thickness (cm) 16.5 �� [4-7] 

  Soil pH 11.4 �� 3.6 

  Endorganic thickness (cm) 11.0 � 4 

  Soil C:N 10.0 � 19 

  Depth of gleyic horizon (cm) 9.4 � 40 

 Beech Litter N:P  51.3 �� 18 

  Silt (%) 15.1 � [20-55] 

  mF 14.9 � [5.0-5.4] 

  Endorganic thickness (cm) 7.5 � 2.5 

  Ectorganic thickness (cm) 6.1 � 5 

  Depth of clay acc. (cm) 5.1 � [90-120] 

 Pine Litter N (mg g-1) 63.5 �� 0.75 

  mR x mN 14.9 � [9-17] 

  mF 7.8 (�) 5.8 

  Silt (%) 7.6 (�) 8 

  Soil OM (mg g-1) 6.2 (�) 2.5 

Soil + forest floor model Oak Sand (%) 28.1 �� [20-80] 

(Soil +  humus +   Ectorganic thickness (cm) 24.5 �� [4-7] 

vegetation variables)  Depth of gleyic horizon (cm) 14.9 � 40 

  Humus form 12.5 �� 5.5 

  Soil C:N 10.3 � [17-22] 

  mF 9.7 � [5.5-6.0] 

 Beech Silt (%) 31.6 �� [20-55] 

  mF 18.6 �� [5.0-5.4] 

  mR x mN 13.7 � 24 

  Endorganic thickness (cm) 11.0 � 2.5 

  Soil pH 9.8 �� 3.6 

  Ectorganic thickness (cm) 7.9 � 5 

  Depth of clay acc. (cm) 7.5 � [90-120] 

 Pine Silt (%) 25.3 �� [6-24] 

  mR x mN 22.6 �� [9-17] 

  Depth of gleyic horizon (cm) 17.0 � 100 

  Soil OM (mg g-1) 15.6 � 2.5 

  mF 9.7 (�) 5.8 

  Humus form 9.7 (�) [7-7.5] 

Soil model Oak Sand (%) 57.5 �� [20-80] 

(Soil variables)  Depth of gleyic horizon (cm) 19.8 � 40 

  Soil pH 11.7 � [3.4-3.8] 

  Soil C:N 11.0 � 19 

 Beech Silt (%) 69.2 �� [25-55] 

  Soil pH 16.4 � 3.6 

  Depth of clay acc. (cm) 14.4 � [40-120] 

 Pine Silt (%) 45.4 �� [6-24] 

  Soil OM (mg g-1) 28.0 � 2.5 

  Depth of gleyic horizon (cm) 26.6 � 100 

Forest floor model Oak Ectorganic thickness (cm) 46.1 �� [4-7] 

(Humus-vegetation var.)  Humus form 27.9 �� 5.5 

  mF 26.0 �� [5.5-6.0] 

 Beech mF 33.1 �� [5.0-5.4] 

  mR x mN 25.3 � 24 

  Ectorganic thickness (cm) 21.2 �� 5 

  Endorganic thickness (cm) 20.5 � 2.5 

 Pine mR x mN 61.7 �� [9-17] 

  mF 23.1 � 5.8 

  Humus form 15.2 � [7-8] 
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Table 3. Model performance indicators: coefficient of determination (R²), root mean squared error 687 
(RMSE, in m) and relative RMSE (rRMSE, in %) for model fit and for 10-fold cross-validation. 688 

 689 

 690 

Variable set Species Fit  Cross-validation 

    R² RMSE rRMSE  R² RMSE rRMSE 

Ecosystem model Oak 0.67 2.33 8.05  0.32 3.23 11.13 

(All variables) Beech 0.77 2.11 6.08  0.58 2.85 8.21 

 Pine 0.68 2.41 10.00  0.47 3.06 12.71 

Soil + forest floor model Oak 0.56 2.68 9.24  0.27 3.32 11.45 

(Soil, humus and  Beech 0.75 2.22 6.38  0.51 3.09 8.88 

vegetation variables) Pine 0.60 2.78 11.55  0.22 3.73 15.48 

Soil model Oak 0.53 2.81 9.68  0.25 3.39 11.69 

(Soil variables) Beech 0.60 2.82 8.12  0.37 3.52 10.11 

 Pine 0.47 3.15 13.10  0.21 3.73 15.50 

Forest floor model Oak 0.41 3.07 10.60  0.22 3.45 11.91 

(Humus-vegetation var.) Beech 0.53 3.12 8.98  0.29 3.72 10.70 

 Pine 0.33 3.54 14.71  0.08 4.02 16.70 
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Figures 691 

 692 

Figure 1. Location of the research plots in Flanders, Belgium. Research plots are labelled 693 

according to the dominant tree species (■ common beech, ● pedunculate oak, ▲ Scots pine). 694 

Some locations contain more than one sample plot. 695 
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 696 

Figure 2. Partial dependence plots of the predictor variables in the ecosystem model of 697 

pedunculate oak. Fitted functions are centred around the mean site index and plotted on a 698 

common scale The relative contribution of each predictor is reported between brackets. Rug 699 

plots at inside top of plots show distribution of sample plots along that variable, in deciles. 700 
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 701 

Figure 3. Partial dependence plots of the predictor variables in the ecosystem model of 702 

common beech (cf. Fig. 2 for details). 703 
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 704 

Figure 4. Partial dependence plots of the predictor variables in the ecosystem model of Scots 705 

pine (cf. Fig. 2 for details). 706 
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 707 

  

 708 

Figure 5. Three-dimensional partial dependence plots representing the strongest interactions 709 

in the ecosystem site index model of pedunculate oak: (a) between the depth of the gleyic 710 

horizon and the soil C:N ratio and (b) between the depth of the gleyic horizon and the silt 711 

content. 712 


