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The management of forests needs well informed decisions by stakeholders to fulfil the goals of sustainability, sta-
bility, and productivity. Decisions are guided by forest site maps. The forest site map of Hesse, Germany, consists
of six soil nutrient index (SNI) classes (poor, moderate-weak, moderate, moderate-good, rich, carbonatic). Three
major challenges regarding the currently available site information exist: (i) the spatial proportion of “moderate”
sites is exceptionally high (65% of mapped forest area) and while there is differentiation between parent mate-
rials, topography is neglected. (ii) As 80% of Hesse's forests were mapped, there is demand to fill the gaps without
Nutrient regime index site information. (iii) The existing SNI does not take soil analysis into account, which is required to detect finer
Digital soil mapping differences in morphologically similar soil profiles. Objectives were to regionalize soil chemical variables and de-
Hesse rive a more differentiated SNI for Hesse's forest soils with complete forest coverage.

Regionalization Stocks of intermediately available Ca, Mg, and K, base saturation, effective cation exchange capacity, and C/N ratio
Fuzzy logic of 380 profiles from the National Forest Soil Inventory were used to characterize the SNI. Regionalization of soil
Soil inference engine chemical variables was successfully performed (R? values from 0.54 to 0.79, root mean square deviation 5 to 17%)
National Forest Soil Inventory using generalized additive models. SNI classes were inferred by fuzzy logic for dealing with soil chemical vari-
ables. The results were highly sensitive towards parent material and topography. The modelled SNI map provides
a much more differentiated and complete map for Hesse, Germany, which mirror actual expectations across land-
scape units. The approach is transparent and inter-subjectively reproducible. The new map will be used to guide
the management and reforestation of sites, which were damaged by biotic or abiotic threats due to recent cli-
matic extreme events.
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1. Introduction Carpenter et al., 2009). Resources for plant growth in general are deter-

mined by spatially heterogeneous site conditions, for which forest

Forests are globally a crucial socioeconomic resource and provide
numerous ecosystem services. To mention only a few, forest provide
fresh water, timber or wood fuel (provisioning services); hosting of bio-
diversity; atmospheric CO, uptake, clean air or water and discharge reg-
ulation (regulating services); and forests have aesthetic or recreational
value (cultural services) (Bolte et al., 2019; Carpenter et al,, 2009). Sev-
eral ecosystem services, as forest ecosystems themselves, are at risk
under ongoing climate change (Hanewinkel et al., 2013; Lindner et al.,
2010; Thiele et al., 2017). In Germany, most forests are managed. This
opens the opportunity for climate change-adapted practices. The selec-
tion of tree species composition tolerant to climatic extremes, such as
droughts, while maintaining ecosystem services of forests is one of the
most important challenges in management (Albert et al., 2017;
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stands have to be adapted.

Forest site managers have to make informed decisions for best prac-
tice management. The base for these decisions is spatial explicit infor-
mation about biogeoecological properties of landscape units
(Arbeitskreis Standortskartierung, 2016; Klinka and Chen, 2009;
Petzold et al,, 2016). In this work, we focus on the German system, spe-
cifically on the site evaluation method of the federal state of Hesse. In-
ference of a specific site condition is done using a combined method,
which recognizes elements of climate, ground vegetation, and soil prop-
erties (Arbeitskreis Standortskartierung, 2016; Hessisches Ministerium
fiir Umwelt, Landwirtschaft und Forsten, 2002). The use of ground veg-
etation for the classification of nutrient state and moisture conditions
bases on the principle of indicator plants (Arbeitskreis
Standortskartierung, 2016; Fischer et al., 2019). Soil profile characteri-
zation serves the same purpose, mainly using the humus form (which
is partially affected by tree species) and parent material, but also
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morphological criteria of translocation and transformation processes
(e.g. clay migration, podzolization, hydromorphic properties).

Site mapping and evaluation is carried out by well-trained experts in
the field. While this information is very valuable for forest management,
the method is not without pitfalls (Arrouays et al., 2020; Klinka and
Chen, 2009). First of all, mapping by experts inevitably includes a sub-
jective component. Furthermore, criteria of the method may change
over time, are not strictly defined, and may leave room for interpreta-
tion. Especially soil nutrient supply cannot always be recognized with-
out the use of chemical analysis. Acidification is a good example,
potentially causing massive decreases in base saturation (BS), including
the consequences of diminished nutrient availability (Meesenburg et al.,
2016). This is hardly recognizable in the soil profile until changes of
chemistry were so harsh that morphological changes arise. Therefore,
morphologically similar soils may still exhibit very different nutrient
supply. Moreover, in the federal state of Hesse, the soil nutrient index
(SNI) classification uses mainly indicator species, while soil properties
serve the purpose to validate vegetation-derived information (Fischer
et al., 2019). The advantage of using indicator species is an easy and
widely accepted approach, which can indicate nutrient state invisible
in the soil profile. Associated challenges in interpretation are e.g. the ne-
glect of ecological amplitudes of species, time lags between changing
environmental conditions and establishment of new species composi-
tion, and mainly indication of top-soil conditions (Fischer et al., 2019).
Therefore, a coarse estimation of the SNI in the field is well possible,
but finer grading is challenging, and additionally is only an optional
step in Hesse. Consequently, Hesse's map of SNI classes is highly focused
on “moderate” conditions (ca. 65% of forest area), while also reliably in-
form on “poor” (ca. 1.7%) and “rich” (ca. 25%) soils. “Moderate-good”
and “moderate-weak” conditions were only mapped on 3 to 5% of forest
area (Paar et al.,, 2016). This is inconsistent with the large range of par-
ent materials and terrain forms in Hesse. For example, topographic gra-
dients with increasing nutrient supply downhills (Chapin et al., 2011;
Scholten et al., 2017) are not well represented in the site map of Hesse.

Considerable ranges of soil nutrient pools within the moderate class
and a strong overlap into moderate-good and moderate-weak classes
were confirmed using chemical observations of soil profiles from the
second National Forest Soil Inventory (NFSI) (Evers et al., 2013).
Mapped SNI classes for the spatially representative profiles of the NFSI
were re-evaluated using soil chemistry data. Moderate conditions cov-
ered 35% of the profiles (mapped: 65%), moderate-good conditions
12% and moderate-weak conditions 19% (Paar et al., 2016). This con-
trasting information between field evaluated and measurement based
information needs investigation to provide the best possible guidance
for forest management decisions. Moreover, in Hesse, site mapping is
only available for state-owned or state-maintained forest. This is about
80% of the forest area (and only 73% were free to use for this work).
However, also private forest enterprises and smallholders are interested
to take benefit from additional soil information.

The inclusion of soil chemical observations may enhance the effec-
tiveness of site evaluation for forest management. The most often
used chemical variables were exchangeable or total nutrient contents,
effective cation exchange capacity (CECe), total N, mineralizable N,
C/N ratio, BS, and various forms of extractable P (Schoenholtz et al.,
2000; Ulrich and Shrivastava, 1978; Van Sundert et al., 2020). Consider-
ing the need for spatial representation, some of the mentioned vari-
ables, such as mineralizable N, are simply not available or challenging
to model in space due to their dynamic nature. However, there are
two major challenges. Firstly, spatial explicit data is lacking. This may
be solved by regionalization of soil chemical variables (McBratney
et al., 2003; von Wilpert et al., 2016). Secondly, different indicators of
nutrient availability often give contrasting information. That is, a soil
unit may be “rich” in available nutrients, but exhibits a “poor” humus
form. At this point, binary logic is not useful anymore. Moreover, indica-
tor variables usually are classified. Soil properties within the same class,
but at opposing ends of the class spectrum contribute differently to

Geoderma Regional 23 (2020) e00340

plant nutrition. Fuzzy logic can be applied to address these challenges.
(Zadeh, 1996). Fuzzy logic does not use binary logic, i.e. that a certain
value is either “high” or “low” (so-called “crisp sets”). Instead, member-
ships for all classes are inferred. Fuzzy logic in soil science was mainly
used for digital soil mapping (McBratney and Odeh, 1997; Qi and Zhu,
2011; Shi et al., 2009), but also to predict humus form (Hellwig et al.,
2016), or soil quality (Kaufmann et al., 2009).

In summary, soil information for Hesse's forests is based on expert
field mapping and supports management decisions. The SNI map is
used to plan reforestation, liming, utilization intensity, tree species se-
lection, and to estimate forest productivity. However, classical site map-
ping is not sufficiently differentiated for adequate forest management
decisions under changing climate and ongoing forest conversion. There-
fore, it is of utmost importance to provide updated spatial explicit infor-
mation on soil nutrient conditions. The main objective of the study is to
refine the map of SNI for Hesse, Germany, and expand it to uncovered
locations. We hypothesize that (i) models for variables which deter-
mine the SNI can be parameterized and regionalized with help of the
NESI dataset (Fleck et al., 2017; von Wilpert et al., 2016), (ii) multiple
variables can be used to derive a single SNI with a fuzzy logic approach
(Shi et al., 2009; Zadeh, 1996), and (iii) the modelled SNI will improve
significantly by the additional consideration of soil parameters strongly
influenced by topography (Evers et al., 2013; Scholten et al., 2017).

2. Material & methods
2.1. Study area

The federal state of Hesse is located in the center of Germany with
elevation ranging from 80 to 950 m above sea level. Climate is
temperate-humid with mean annual temperature and precipitation
(1971-2000) ranging from 10.6 °C and 540 mm a~' in the southern
plains of the river Rhine to 5.2 °C and 1390 mm a™~! at the highest ele-
vations (Fig. S3). The landscape is classified as Central German Upland.
Most notable landscapes are shaped by Mesozoic rocks, Rhenisch Slate
Mountains, Upper Rhine Valley and Tertiary vulcanism. Potential natu-
ral vegetation is deciduous temperate forest, dominated by European
beech (Fagus sylvatica L.). Large areas (8690 km? or 42%) of Hesse are
forests. Most forests stock on open slopes (41%), plains (23%) and
upper slopes (14%), but notable proportions are also present on ridges
(13%). European beech is the most frequent species (ca. 31%), followed
by Norway spruce (Picea abies (L.) H.Karst, ca. 22%), oak (Quercus spp. L.,
ca. 14%), and pine (Pinus spp. L, ca. 10%) (Fig. S1, Hessisches Ministerium
fir Umwelt, Klimaschutz, Landwirtschaft und Verbraucherschutz,
2015). Parent materials often (ca. 86% of forest area) contain variable
portions of loess with solifluctive mixing with bed rock, which is pri-
marily classified as acidic or base poor (37 and 29.9%, respectively).
There are also notable portions of very diverse fluviatile substrates
(5.7%), eolic sand (4.2%), and pure loess (3.9%). Most common soil clas-
ses under forest are Cambisols (63.3%), followed by Stagnosols (12.3%),
Luvisols, (11.7%) and Anthrosols (mostly colluvial soils, 3.9%;) (Fig. S1,
Hessisches Landesamt fiir Naturschutz, Umwelt und Geologie, 2018).

2.2. Data sources and model parametrization

2.2.1. National Forest Soil Inventory

All measurements were taken from the second NFSI, which took
place between 2006 and 2008. In Hesse, 139 locations were sampled.
As this number of samples was rated as too low, locations with similar
environmental conditions in Saxony-Anhalt and Lower Saxony were in-
cluded (total n = 380). The NFSI sampling used an 8 x 8 km grid. At
every grid point, a soil profile (90 cm or down to bedrock) was dug
for morphological description and sampled for the determination of
physical and chemical properties. In a radius of 10 m around the soil
profile, eight satellites for additional sampling of the organic layer
were placed. The organic layer was sampled separately from the
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mineral soil with a frame of known area. Mineral soil was sampled in in-
tervals of 0-5, 5-10, 10-30, 30-60 and 60-90 cm. Sample preparation
and analysis followed strictly standardized procedures (Wellbrock
etal, 2019).

Intermediately available nutrient stocks (exchangeable plus organic
layer Ca, K, Mg), C/N ratio, CECes, and BS were often proposed as rele-
vant variables to describe nutrient levels of forest soils (Arbeitskreis
Standortskartierung, 2016; Evers et al., 2013; Schoenholtz et al., 2000;
Ulrich and Shrivastava, 1978; Van Sundert et al., 2020). BS was calcu-
lated from the sum of exchangeable Ca, K, Mg, and Na related to CECeg
for the mineral soil (maximum depth of 90 cm). The C/N ratio was cal-
culated either for the organic layer (Of and Oh) or in the top 5 cm of
mineral soil, when the humus form was mull or mull-like moder. Stocks
of intermediately available nutrients (Ca, K, Mg; kg ha™!) were calcu-
lated as the sum of exchangeable elements of the mineral soil (90 cm
depth) plus the total amount stored in the organic layer (Arbeitskreis
Standortskartierung, 2016).

2.2.2. Model choice for soil chemical properties

One objective of this study is spatial explicit modelling of BS, C/N
ratio, CECg, and element stocks of Ca, Mg, and K within the main
rooting zone (organic layer and mineral soil down to 90 cm depth).
Cianfrani et al. (2018) distinguished three categories of digital soil map-
ping: (1) geostatistical approaches, (2) predictive-statistical ap-
proaches, and (3) hybrid approaches, including elements of both
(1) and (2). Pure geostatistical approaches base on spatial autocorrela-
tion and compute soil properties as a function of distance and variation
between points of known properties. Predictive approaches use envi-
ronmental relationships between the variable of interest and quantified
environmental covariates. Techniques include regression and related
approaches as well as machine learning or tree-based methods.
Cianfrani et al. (2018) showed by comparing the three approaches
that pure geostatistical methods performed worst, especially in com-
plex terrain with abrupt changes in soil forming factors. The perfor-
mance of predictive and hybrid approaches was equivocal and
depended on specific circumstances (Cianfrani et al., 2018).

In this study we choose the approach of predictive modelling. The
main reason is the good availability of spatial explicit data of covariates
in a region with complex terrain. The federal state of Hesse offers a soil
map with complete coverage at the scale 1:50,000 (Hessisches
Landesamt fiir Naturschutz, Umwelt und Geologie, 2018). Part of the
map are 1685 (1143 occurred under forest) generalized, characteristic
soil profiles with information of e.g. soil depth, genetic horizons, classes
of coarse fragments, classes of soil texture, classes of bulk density, type
of organic layer, soil type, and parent material. This offers the most reli-
able information of complete spatial distribution of soil properties in
Hesse. The information is present as digital vector data. Consequently,
we did not intend to change the basics of existing spatial information
(i.e. geometry of the map), but rather to predict unknown variables
for the mapped soil units.

We choose generalized additive models (GAM, Wood, 2017) from
the available methods for predictive soil modelling. The properties of
our response variables required models which can handle non-normal
distributions and non-linear relationships between response variables
and co-variates. These requirements are met by GAMs and also tree-
based models (e.g. Random Forest). Both kinds of models were success-
fully applied in soil mapping and modelling (Cianfrani et al., 2018;
Koehler et al., 2016), but interpretation of tree-based models is often
less straightforward as compared to regression-like models such as
GAMs (Arrouays et al., 2020). Therefore, we selected GAMs as the
more parsimonious choice. This enhances communication and accep-
tance of model results by stakeholders (Cartwright et al., 2016).

2.2.3. Spatial input data
Daily meteorological data were generated for the period from 1971
to 2000 using the observational data of the German Meteorological
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Service (Deutscher Wetterdienst, DWD). Regionalization of the daily cli-
mate data from the climate and precipitation stations to the polygon
centroids was performed using ordinary kriging (precipitation) and
GAMs (temperature). Elevation was taken from the digital elevation
model with a horizontal resolution of 25 m (DEM25) and vertical preci-
sion of 5.1 m. For more methodical details and evaluation of model per-
formance see Ahrends et al. (2018). Because temperature and
precipitation are often correlated (especially along elevational gradi-
ents) a simple aridity index Ipy (De Martonne, 1926) was used in the
models.

The ATKIS dataset (Amtliches Topographisch-Kartographisches
Informationssystem, HVBG, 2018) was used for forest coverage. Forest
types are classified into deciduous, coniferous and mixed forests. The
soil map geometry was split by the ATKIS geometry since individual
polygons of the soil map were often covered by different forest catego-
ries. Sliver polygons were merged with their biggest neighbor, using the
“eliminate” tool of ArcGis 10.2.1. “Forest” polygons smaller than 625 m?
without neighbors were deleted. The resulting map with soil and forest
information consists of 198,763 polygons. The median area is 1.2 ha
with an interquartile range of 0.4 to 3.7 ha.

Landforms of Hesse's forests were classified based on the DEM25
using the SAGA 2.3.2 software (Conrad et al., 2015). As we needed the
landform information for each polygon in the soil map, topographic po-
sition indices (TPI;po and TPlyg00) and slope were first calculated for the
DEMZ25. The TPI measures the difference between a central point and
the average elevation around it within the radius of 100 m (TPl;q0)
and 2000 m (TPIygq0). More details are given in Weiss (2001) and De
Reu et al. (2013). Afterwards, TPI;qo, TPlyg00 and slope were averaged
for each polygon. Landforms were classified with the method also di-
rectly implemented in SAGA (Weiss, 2001), but with mean values of
the polygons. Spatial distribution of polygon-averaged landforms were
well comparable with the landforms generated from the raster, but pro-
vide some reasonable generalization.

Parent material classes were taken from Hesse's soil map in the scale
1:50,000 (Hessisches Landesamt fiir Naturschutz, Umwelt und
Geologie, 2018). Parent material is classified into different hierarchical
groups. For this study, we used the lowest unit, which is the subgroup.
If subgroups were not assigned, the next available hierarchical group
was used. As models base on the NFSI dataset, not every subgroup
was covered by the parameterization dataset. Therefore, and to provide
better overview, we aggregated some parent material groups
(Table S1).

Soil classes were taken from the Hessian soil map, using the German
classification system (Ad-hoc-Arbeitsgruppe Boden, 2005). Here, we
present the translation into Reference Soil Groups (IUSS Working
Group WRB, 2015), as provided by the German soil mapping guidelines
(Ad-hoc-Arbeitsgruppe Boden, 2005). Several soil attributes (calculated
to a cut-off depth of maximum 90 cm) were available from the general-
ized profiles of the soil map. Texture and coarse fragments are reported
as classes (Ad-hoc-Arbeitsgruppe Boden, 2005). To transform classes
into continuous variables, the class midst was used. Potential cation ex-
change capacity (CECpq, Ad-hoc-Arbeitsgruppe Boden, 2005) and spe-
cific surface area (SSA, Sverdrup and Warfvinge, 1993) were
calculated to represent one aggregated derivate of texture, instead of
using inter-correlated variables of sand, silt, and clay. Bulk density was
derived from texture and organic matter class to calculate stocks of
SSA and CEC,, for soil map profiles. The pedotransfer function of De
Vos et al. (2005) was recalibrated for the NFSI dataset by Steinicke
et al. (2016). The function performed best with separate calibrations
for 0-10 and 10-90 cm depth. Carbonate content was represented as
the highest class in a given profile. The degree of podzolization was de-
rived from soil horizon characteristics (Ad-hoc-Arbeitsgruppe Boden,
2005) as given in the NESI or soil map.

Nitrogen deposition (year 2007 ) was taken from Schaap et al. (2015)
with a grid resolution of 1 x 1 km. This dataset was also used in other
NFSI evaluations (Fleck et al., 2019).
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2.2.4. Model parametrization and evaluation

The whole NFSI dataset (n = 380) was used for parametrization of
GAMs with the package MGCV (Wood, 2019) in R 3.4.0 (R Core Team,
2017). A distribution of the response variable has to be specified. Distri-
butions were checked with the function “fitdist” of the package
“fitdistrplus v1.0-14" using the maximum likelihood estimation
(Delignette-Muller and Dutang, 2015). Initial models were set up with
all covariates. In case of strong correlations of numerical variables
(spearman rank correlation >0.7), we used only the one which per-
formed better in the model. A backward elimination procedure was
used to eliminate non-significant variables. After each run, the model
was checked for adjusted R?, deviance explained, and Akaike's Informa-
tion Criterion (AIC). Spatial autocorrelation was tested with Moran's I
with the R package “ape” (Paradis et al.,, 2004).

Ideally, model performance has to be evaluated on an independent
data set, i.e. on data which was not used for parametrization. As our
dataset was relatively small and divers, it was not reasonable to split
the data. Instead, we were using k-fold cross-validation with k = 10
(Saborowski and Jansen, 2002). Measured and modelled data were
compared by linear regression with observed data on the Y-axis
(Pifieiro et al., 2008). All variables except the C/N ratio were log-
transformed to approximate normal distribution. R?, slope, and inter-
cept of the regression model were used. Furthermore, the root mean
square deviation (RMSD) is given to indicate deviation from the 1:1
line of observed and modelled data:

1

n
RMSD =
n—1i5

@i_}’i)z‘ (1)

where y; is the modelled and y; is the observed value of profile i in the
unit of the variable of interest. This is more accurate than using the root
mean square error, which indicates deviation from the regression line
(Pifieiro et al., 2008). To make the RMSD comparable between variables
with different units, the relative RMSD (rRMSD, %) is calculated by divi-
sion with the mean of observed data. The mean bias (MB) gives the rel-
ative deviation of the means of observed and modelled data and was
calculated as:

X—X

MB =*=7+100, 2)

where X is the mean of observed and X the mean of the modelled values.
2.3. Inference of the soil nutrient regime index (SNI)

Inference of SNI is based on the Soil Inference Engine (SIE) by Shi
et al. (2009). SIE was originally developed for digital soil mapping, i.e.
spatial explicit distribution of soil types. Here, we adapted the system
to derive a SNI. The system uses rule based reasoning (RBR) and case
based reasoning (CBR) with multivariate inference solved by fuzzy
logic. RBR is based on explicit rules using environmental variables, of
which spatial distribution is known. For example, if BS of a soil profile
has a value between 0.2 and 0.5, the nutrient index would be
“moderate” (Table 1, Fig. 1). The most certain case that BS is moderate
would be at the midst of the class (0.35, optimality value of 1). The
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Fig. 1. Example of base saturation (environmental variable a with value z) for assignment
of optimality values (s) with bell-shaped curves. Vertical grey lines indicate the classes
(Table 1); s, Z, Vmoderates —Wmoderate a0d + Wpoderate are visualized examples for
parameters of Eq. (7).

RBR is supplemented by CBR. Cases are identified by geographical loca-
tions, where RBR clearly was not successful. This provides the opportu-
nity to refine results from the RBR step. The procedure for integrating
RBR and CBR is described in detail in Shi et al. (2009). Having six envi-
ronmental variables (stocks of Ca, K, Mg; BS; CECg; C/N ratio), multivar-
iate inference was necessary.

2.3.1. Classification and optimality values

The Arbeitskreis Standortskartierung (2016) provides a classifica-
tion scheme for evaluation of nutrient stocks, C/N ratio, CECe¢ and BS.
The scheme consist of five classes for BS and fits the number of classes
of the SNI (excluding carbonatic as a special case). However, the other
variables besides BS were graded into seven classes and two of the clas-
ses had to be aggregated. Mellert et al. (2018) showed by comparing fo-
liar nutrition of major tree species in Germany with soil nutrient stocks
that the two classes at the low and high end resulted in similar tree nu-
tritional status. Accordingly, we aggregated the two lowest and the two
highest classes from the Arbeitskreis Standortskartierung (2016) into
the classes poor and rich, respectively (Table 1).

According to Shi et al. (2009) we assigned bell-shaped membership
functions to each soil SNI class for each variable. An optimality value of 1
was assigned to the mid-value of the classes (Table 1):

Zija Vak

ia ) 2In(05) |
Sijka = e{ Mok ] if Zjja <V

Table 1
Aggregated categorization of the soil chemical variables according to AK Standortskartierung (2016).
Poor Moderate-weak Moderate Moderate-good Rich

C/N ratio (—) >25 20-25 16-20 12-16 <12
CECes; (kmol. ha™") <100 100-250 250-500 500-1000 >1000
BS (—) <0.07 0.07-0.2 0.2-0.5 0.5-0.7 >0.7
K stock (kg ha™1) <300 300-450 450-600 600-900 >900
Ca stock (kg ha™") <400 400-800 800-2000 2000-4000 >4000
Mg stock (kg ha™') <70 70-140 140-350 350-700 >700




F. Heitkamp, B. Ahrends, J. Evers et al.

Siika = 11f Zja = Vajo 3)

[L"’V“*) } 21n(0.5)
sij,k,a =el " lf Zij,a > Vu,kv

where s;;iq is the optimality value for environmental variable a at loca-
tion (ij) for SNI class k; z;;, is the value of environmental variable a at lo-
cation (ij); vqx is the value of environmental variable a with the
maximum optimality value 1 for SNI class k; and wg is defined as the
value of environmental variable a at the “half width at half maximum”
for SNI class k (Fig. 1). The value for half width at half maximum is cal-
culated as:

20, 2In(2
Woy = ak 5 ( )v (4)

where 0, is the standard deviation of environmental variable a, calcu-
lated from the minimum and maximum of the class for SNI class k.

2.3.2. Membership inference

The importance of input variables in the fuzzy logic approach can be
weighted by using expert judgement (Shi et al., 2009). First of all, we
tested if variables were strongly correlated. A strong correlation would
introduce a “hidden weight” and should be avoided. All variables were
significantly correlated (p < 0.001, Spearman's rank correlation coeffi-
cient, Ispear), but BS, as well as CEC.sr showed highest correlations
(Tspear 2 0.78) with Ca and Mg stocks (Table 2).

Because the current site map is biased towards moderate nutrient
status, where moderate-weak and moderate-good conditions are un-
derrepresented, machine learning methods such as random forests are
not suitable to derive the nutrient regime. Nevertheless, exploring var-
iables which are important for differentiation of moderate, rich, and
poor conditions is well possible. Random forests offers measures of
Mean Decrease Accuracy and Mean Decrease Gini, which indicate the
sensitivity of the variables to differentiate between the three main clas-
ses (Strobl et al., 2007). We thereby assumed that the variables which
differentiated between poor, moderate, and rich conditions were as
well important for distinction of moderate-weak, moderate, and
moderate-good conditions. In order to explore the importance of the
variables for SNI differentiation, information of 500 polygons for each
SNI class of the forest site map was chosen randomly. Modelled soil
chemical variables were extracted for each polygon and used for the
random forest model. Results indicated that K stocks, C/N ratio, and BS
were most sensitive to classify nutrient regimes (Mean Decrease Accu-
racy) and also led to the highest homogeneity of the modelled com-
pared to the original classes (Mean Decrease Gini). Accordingly, BS
was judged to be more important as compared to the correlated Ca or
Mg stocks and the latter were weighted down to <1% (Table 3).

BS is a measure for the amount of exchangeable base cations (Chapin
et al.,, 2011), as indicated by the correlation coefficients, especially Ca
and Mg (Table 2). Of course, the absolute amount of exchangeable
bases depends on the CEC.¢. However, when BS is low, the CECe is
not as important as when BS is high. Therefore, CEC.¢ was included in
the weighting process and the importance increased towards better nu-
tritional conditions (Table 3). Importance of BS indirectly increased also

Table 2
Spearman rank correlation coefficients (rspear) of the variables used for inference of the nu-
trient index (NFSI dataset, all correlations p < 0.001, n = 380).

Variable CECefr BS K stocks Ca stocks Mg stocks
C/N ratio —0.50 —0.58 —0.47 —0.62 —0.57
CECefr 0.53 0.69 0.79 0.81

BS 0.47 0.88 0.78

K stocks 0.59 0.67

Ca stocks 0.88
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Table 3
Weights (%) of variables for membership inference.

Variable Poor Moderate-weak Moderate Moderate-good Rich
BS 30 30 39 44 44
K stocks 35 35 36 35 34
C/N ratio 35 35 18 8 <1
CECer <1 <1 8 14 21
Ca stocks <1 <1 <1 <1 <1
Mg stocks <1 <1 <1 <1 <1

BS: base saturation.

towards better nutritional conditions, due to the decreasing importance
of the C/N ratio. The C/N ratio of the organic layer or topsoil is used as a
rough measure of N availability (Chapin et al., 2011). When N becomes
subsequently more available (i.e. the C/N ratio decreases) other nutri-
ents become more important in limiting plant growth (Gress et al.,
2007). Thus, the importance of the C/N ratio was weighed down to-
wards better nutrient availability (Table 3).

2.3.3. Local knowledge for the class “carbonatic” (CBR)

“Carbonatic” is a special case in addition to the five nutrient regime
classes. It is defined by the presence of large amounts of carbonates.
This is reasonable, because carbonatic soils are usually rich (unless ex-
tremely shallow) in nutrients. However, the high presence of bivalent
Ca®™ at the exchange sites and in soil solution may hamper the uptake
of monovalent cations, such as K*. The class carbonatic was defined
by having parent material with carbonatic rocks (substrate: solifluctive
soils intermixed with carbonatic rocks), or having at least in one soil
layer a minimum carbonate content of C5 (carbonate content of fine
earth >25%), or soils with calcaric or rendzic properties. When a soil pro-
file met these criteria, the modelled SNI was discarded in favor of the
carbonatic class.

3. Results & discussion
3.1. Regionalization of soil chemical variables

All models for the regionalization of chemical variables were param-
eterized with R3g; ranging from 0.43 to 0.71 and explained deviance
(dev. Expl.) between 66 and 84% (Table 4). Residuals of all models
were normally distributed around zero and showed no spatial autocor-
relation (p of Moran's I < 0.05).

Overall, the comparison of observed and modelled variables using
ten-fold cross-validation showed good agreements with R? between
0.54 (BS) and 0.79 (CECcg) (Fig. 2, Table 5). Intercepts were almost neg-
ligible and slopes were not significantly different from unity (0.95-0.98,
two-sided t-test, lowest p > 0.11). Relative RMSD for CEC.r and K stocks
was low (5.3 and 8%, respectively) and somewhat higher for the other
variables (14-16%). Mean bias was generally less than —6%, indicating
that the mean of modelled data was in the same range as observed
data. R? values were well comparable with other studies using regres-
sion techniques for regionalization of soil chemical variables (de
Brogniez et al., 2015; Fleck et al., 2017; Nussbaum et al., 2017; von
Wilpert et al., 2016).

3.1.1. Ecological meaning of model variables

Used models follow the clorpt approach (Amundson and Jenny,
1997; Jenny, 1941) and hence relationships of explanatory and re-
sponse variables represent ecological meaningful relations. For exam-
ple, the C/N ratio was affected by forest type and N deposition
(Table 4). Partial effects showed a widening of the C/N ratio from decid-
uous over mixed to coniferous forest and the C/N ratio tightened with
increasing N deposition (Fig. 3). All models, except the C/N ratio, used
some kind of covariate related to texture (either CECpo or SSA),
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Table 4
Explanatory variables of the spatial models with adjusted R? and explained deviance. Metrics refer to the parametrization of the GAMs. Dataset: NFSI, n = 380.
Response Model Rﬁdj Dev. Expl. (%)
CECefr ~ te(CECpor, k = 5) + PM + FT + CaCO; 0.70 84
BS ~te(Ipm, k = 3) + te(SSA, k = 3) + PM + FT + POD + CaCO3 + SR 0.71 69
C/N ratio ~ te(Ngep, k = 5) + PM + SC + SR + FT + POD 0.64 66
K stocks ~te(Ipm, k = 4) + FT + te(SSA, k = 5) + CaCOs; + SR + PM 0.68 75
Ca stocks ~te(SSA, k = 5) + te(BSmod, kK = 3) + POD + PM + FT + ST + SR 0.43 73
Mg stocks ~te(SSA, k = 4) + te(GC, k = 4) + CaCO3 + SC + PM 0.70 77

te: tensor product smooth (Wood, 2017); CECp,: potential CEC, derived from texture and class of organic matter content; PM: parent material; FT: forest type (broadleaf, coniferous,
mixed); CaCOs: carbonate content class; Ipy: aridity index; SSA: Specific surface area, derived from texture; POD: degree of podzolization; SC: soil class; SR: soil region; Ngep: Nitrogen
deposition; GC: gravel content (>2 mm); BS: base saturation; BSy,,q: modelled BS, as given in this table.

underpinning the importance of texture (Chapin et al., 2011). Moreover,
parent material, presence of carbonates, and forest type were important
in explaining the response variables. The latter were especially useful in
the models, as they are strongly related to soil acidity state, which in
turn is an ecological key feature in regulating nutrient availability and
biological activity (Chapin et al., 2011; Fernandez-Martinez et al.,
2014; Meesenburg et al., 2019). In some models the Ipy (combining
the variables MAT and MAP) was also an important predictor. Again,
looking at partial effects, ecological relevance of the models is theoreti-
cally well-grounded. For instance, the Ipy; influenced the responses of
BS and K stocks in a negative-exponential form, i.e. the negative effect
of moister conditions ceased at some point (Fig. 3). There will be a con-
dition where leaching and uptake of cations are limited by replenish-
ment from soil sources (Sverdrup and Warfvinge, 1993). This turning

point of the Ipy was for K stocks around 40 and for BS around 60. Out
of the major cations relevant for plant nutrition (Ca?*, Mg?>* and K*),
K™ is the most mobile element (Chapin et al., 2011) and it is thus rea-
sonable that the effect of moister conditions is initially very high but
levels off earlier as for BS.

From climate, organisms, topography, parent material and time
(Amundson and Jenny, 1997; Jenny, 1941), parent material and topog-
raphy are most important at the landscape scale (Mage and Porder,
2013), where variation (generally speaking and compared to large
scale patterns) in climate, vegetation type, and start of soil genesis is rel-
atively small. To investigate this further, modelled and observed data
are evaluated across parent materials (Fig. 4).

There was a good match between observed and modelled variables
for solifluctive parent materials with loess and consolidated bedrock
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Fig. 2. Comparison of observed and modelled data within the NFSI dataset (n = 380). Evaluation was done by 10-fold cross-validation. The dashed line shows the 1:1 line, whereas the full
line presents the regression function and the stippled line is the 95% prediction interval. Note that only C/N ratio followed a normal distribution and hence all other data are presented and
evaluated on a log scale. See Table 5 for results of the regression analyses.
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Table 5
Results of the linear regression between observed and modelled variables (organic layer
and 90 cm mineral soil, 10-fold cross-validation, n = 380).

Response a b R TRMSD (%) MB (%)
10sCECerr (kmolcha™') 020 (0.16) 096 (0.03) 079 8.2 077
10sBS(%) —0.06(0.16) 098 (0.05) 054 16.3 —346
C/Nratio (kg kg™')  1.0(0.86)  095(0.04) 061 14.1 0.07
gk stocks (kg ha=')  0.02 (0.20) 098 (0.03) 070 8.2 ~1.54
logCa stocks (kg ha=1)  —0.31(027) 099 (0.04) 0.68 149 ~53
logMg stocks (kg ha~1)  —0.20 (0.20) 098 (0.03) 070 17.1 —6.0

a: intercept; b: slope; rRMSD: relative root mean square deviation; MB: mean bias.

with acidic, base poor, base rich, or carbonatic properties. These five
parent material groups make up approximately 86% area of all sub-
strates under forest (Fig. S1). Eolic sand showed some deviations re-
garding BS, C/N ratio, and Ca stocks. We assign this to the occurrence
of eolic sand with high carbonate contents (Hessisches Landesamt fiir
Naturschutz, Umwelt und Geologie, 2018). Carbonaceous eolic sands
are scattered locally in the Upper Rhine Valley and are not well repre-
sented in the NFSI dataset. The most serious mismatch was found in
the group of anthropogenic substrates. These substrates cover only
1.5 km? in Hesse and are therefore of low spatial importance. Further-
more, the mismatch can be explained by the fact that the few soils on
anthropogenic substrate in the parametrization dataset (NFSI, n = 7)
were sampled exclusively in Lower Saxony and exhibit very different
characteristics (so-called “Esch Boden”). A similar issue existed with
the group of fluviatile substrates. Most soils in the parametrization set
(NFSI, n = 33) had a sandy texture without carbonates. The soil map
of Hesse, however, comprise 11 subdivisions of fluviatile substrates
(Table S1) from sandy to clayey texture with various degrees of carbon-
ate and rock contents. Therefore, nutrient stocks, BS, and CEC.¢ were es-
timated higher, whereas the C/N ratio was estimated lower as compared
to the NFSI dataset. As fluviatile substrates cover 496 km? (5.7%) of
Hesse's forest area, this is a larger issue as compared to the anthropo-
genic substrates. We still have confidence in the modelled values on flu-
viatile substrates, because other variables, such as texture, carbonate
class, forest type were used independently in the models (Table 4). It
shows, that linear structures can be spatially important, but were hardly
captured with the raster sampling approach of the NFSI. For a better
coverage of fluviatile substrates, a stratified sampling approach would
be desirable (Webster and Oliver, 2007).

We did not use any relief parameters in the final models. However,
we tested 125 relief-derived parameters, but none had a marked effect
on model performance (not shown). Therefore, we assume that effects
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of topography were included in the model parametrization (i.e. the
NFSI) and spatial datasets (i.e. soil map) in the form of soil properties
(e.g. stoniness, solumn thickness, solifluction, loess layer thickness, tex-
ture...). This assumption is corroborated by our data (Fig. S2). We tested
whether the modelled variables showed expected relationships with to-
pographical features such as slope (Burke et al., 1999; Chapin et al.,
2011; Mage and Porder, 2013). At steep slopes, soils tend to be shallow
and rocky and, thus, stocks of nutrients should be lower compared to
flat terrain under otherwise similar conditions (Chapin et al., 2011;
Minasny and McBratney, 1999; Scholten et al., 2017). Fig. 5 shows the
variables C/N ratio of the organic layer or Ah horizon and K stocks. The
“topsoil” C/N ratio was unaffected by slope. K stocks show exactly the
expected behavior. At flat terrain, K stocks cover the whole range of
values, whereas maximum stocks decline with increasing slope. The
same pattern occurred for Ca and Mg stocks (not shown).

We conclude that all models were useful to predict the chosen vari-
ables across Hesse's forest soils. There is, however, a notable pattern in
the scatter plots (Fig. 2). Modelled BS, Ca stocks, and Mg stocks showed
an overestimation at the very lower end of the data range. A very similar
pattern was shown by Ballabio et al. (2019), who modelled topsoil
(0-30 cm) properties among land uses on a European scale, using the
LUCAS dataset. As it seems, extreme values of soil properties can hardly
be captured by underlying theoretical distributions of the models
(Chartin et al., 2017; de Brogniez et al., 2015; Nussbaum et al., 2017),
thus predictions deviate from measurements. This is critical, as small
variations can have large ecological effects, especially at the low end
of the data distribution. Moreover, class width at low values is rather
narrow (Table 1). In the case of Ca and Mg stocks, the lowest class
was not met by modelled data. Especially nutrient-poor soils need care-
ful attention in management, as these locations harbor ecologically sen-
sitive and less resilient soils.

3.2. Soil nutrient regime index (SNI)

The modelled map of the SNI is much more differentiated and com-
plete, as compared to the original forest site map (Fig. 6, Table 6). The
main objective was to refine the high proportion of moderate sites
(64.4%, Table 6) into either moderate-weak, moderate, or moderate-
good sites. The modelled map comprise 18.1% of moderate-weak (orig-
inal 4.0%) and 13.0% of moderate-good sites (original 5.3%). These
figures are comparable with the rating of the spatially representative
NFSI plots using the original forest site map plus detailed profile infor-
mation with soil chemical observations (Paar et al., 2016). The propor-
tion of rich sites was well preserved in the model (Table 6, Figs. 6 and
7). Field mapping of rich conditions was obviously straightforward
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Fig. 4. Boxplots of observed (left, grey box; NFSI dataset n = 380) and modelled (right, white box; soil map polygons n = 198,763) soil chemical variables used for the development of the
soil nutrient regime index split according to parent materials. Boxplots show 95% of the data, 5% quantiles are not shown for better visibility. Grey lines show the class borders according to
Table 1. Sol.: Solifluctive soils with loess, intermixed with bedrock of different properties (acidic, base poor, base rich, carbonatic).

and this was also captured by our model. Spatial extent of poor sites
doubled, but the absolute increase was small (1.2% of forest area). We
assume that there are three reasons for this. Firstly, the proportion of
poor sites on ridges increased, compared to the original map (Fig. 7).
Secondly, formerly unmapped poor sites contribute to the increased
proportion. The Odenwald (South-East) is a good example for this.
Here, large areas of solifluctive soils with acidic rocks (sandstone and
quartzite) were not mapped. Relatively high proportions of poor sites

occur due to the parent material and topography. Thirdly, geometry of
the soil map and the forest site map differ and this may distort the pro-
portions. Similarly, the increased proportion of carbonatic sites can be
explained partly by high proportions of unmapped sites in the North
and North-East. Moreover, soils derived from fluviatile substrates in
the Upper Rhine Valley with high contents of carbonates (South-
West) were now mapped as carbonatic as opposed to rich before
(Figs. 6 and 7).
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The most notable change, as intended by our objectives, was a re-
evaluation of moderate sites and differentiation into moderate-weak,
moderate, and moderate-good sites (Figs. 6 and 7). The next step after
application of a model to the target population would usually be a vali-
dation of the results by independent datasets or cross-validation
(Saborowski and Jansen, 2002). Since we introduced a new method to
refine field mapping, there is no “true” dataset for validation. However,
it is planned to validate the map in the coming years with extended field
data. This is obviously a long-term task for an area of an entire federal
state.

3.2.1. Parent material
The most obvious expectation regards the role of parent material. As
already presented for the predicted chemical variables, parent material
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plays a major role in defining the nutrient regime (Fig. 4). Parent mate-
rial is a source for nutrients through mineral weathering. Further, soil
texture, which i.e. governs the CEC, is essentially determined by the par-
ent material. In short, parent material is the base for chemical and phys-
ical soil properties at the landscape scale, further shaped by climate,
biota, topography, and time (Amundson et al., 2007; Jenny, 1941).

The most obvious expectation was that solifluctive soils with acidic,
base poor, base rich, and carbonatic rocks will increase in this order in
nutrient richness. This expectation was already fulfilled in the original
forest site map and is even more differentiated in the model results
(Fig. 6). The model showed a huge increase of moderate-weak sites in
the case of acidic parent material, which was much smaller for base
poor material (Fig. 7). It became obvious in case of base rich parent ma-
terial, that differentiation of moderate conditions into good and weak
conditions was optional in field mapping. In this case 12% were mapped
as moderate, but only 4% as moderate-good. All originally moderate
sites were modelled as moderate-good, whereas the rich sites did not
differ substantially in extent. Areas for poor and rich conditions are
often relatively similar in the original and modelled map. Eolic sand
and shallow parent materials are exceptions. Poor conditions were
modelled to a much larger extent for both parent materials. The reason
for the discrepancy lies probably in the field guide for mappers, which
states that in doubt a Podzol profile qualifies as poor (Hessisches
Ministerium fiir Umwelt, Landwirtschaft und Forsten, 2002). Therefore,
it is likely that other soil classes on nutrient poor or shallow parent ma-
terials were underrepresented in the original site map. For example,
eolic sand is common in the Upper Rhine Valley, where precipitation
may be too low for extensive podzolization and thus judgement of the
nutrient status using profile morphology may have been misguided. In
general, there was a problem to identify carbonatic soils in the field
mapping (Table 6, Figs. 6 and 7). Besides the carbonatic class (which is
a special case of rich), fluviatile and especially organic parent materials
were very similarly classified in the original site map and the model.
However, one reason for this may be that both parent materials are rel-
atively restricted in their distribution among landforms (Table S2).

3.2.2. Topography

Although topography was not included in the models of the chemi-
cal variables, we assume that the topographical effect is included in the
soil physical and chemical properties that represent the input data for
the models (Fig. S2). Topography, here reflected by the landform cate-
gories (Figs. S1, S2), has multiple effects on nutrient availability and
stocks (Schmidt and Carmean, 1988). Steep slopes and exposed posi-
tions, such as ridges, are prone to erosion, mass movements, or solifluc-
tion, reducing the solumn thickness or selectively removing fertile
components, such as silt or organic matter (Minasny and McBratney,
1999). The transferred material accumulates in depressions or foot
slopes, which may in addition receive nutrients from lateral water
fluxes (Chapin et al., 2011). Fig. 7 shows the distribution of SNI classes
for solifluctive soils with loess and acidic or base poor bedrock among
selected landforms. It became obvious that the original forest site map
neglected the effect of topography. Especially for sites with loess and
acidic bedrock, the effect of topography on the modelled SNI is very
clear. This is reasonable, because loess is rich in nutrients compared to
the acidic bedrock components (e.g. sandstone, quartzite). In exposed
positions, especially the loess compartment was affected by mass move-
ments, resulting in thinner loess cover. Thus, the acidic bedrock com-
partment gained in importance. Therefore, ridges show the highest
proportions of poor and moderate-weak conditions, whereas plains
have higher proportions of moderate-good and moderate conditions,
with a clear gradient between these extremes (Fig. 7). This was also re-
ported by Scholten et al. (2017) for subtropical forests. A similar pattern
is true for loess derived soils with base poor bedrock. However, the con-
trast between the loess and bedrock compartments diminishes as the
bedrock becomes richer (Table S2). One reason that topography was
neglected in the original forest site map may be the use of vegetation
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Fig. 6. Maps of the soil nutrient regime classes of Hesse's forest soils. Original (left) and modelled (right) forest site map. Triangles indicate major cities (DA: Darmstadt; F: Frankfurt am
Main; FD: Fulda; GG: Ruesselsheim am Main; GI: Giessen; HG: Bad Homburg; HU: Hanau; KS: Kassel; MR: Marburg; MZ: Mainz; OF: Offenbach; WI: Wiesbaden; WZ: Wetzlar).

and humus type (reflected by the C/N ratio) as indicators for the nutri- uncertainties of modelled variables or the co-variables in model param-
ent status (Hessisches Ministerium fiir Umwelt, Landwirtschaft und etrization, let alone the challenge of unknown variance of numerical co-
Forsten, 2002). The C/N ratio (Fig. 5) and ground vegetation mainly re- variates and the use of categorial covariates in our models (Wu et al.,

flect topsoil conditions (Fischer et al.,, 2019). Thus, the effect of the loess 2006).

layer depth is likely less pronounced for ground vegetation compared to

trees with their much larger rooting depth. Moreover, the mapping

guidelines for Hesse do not mention topography as an important factor, 4. Conclusions
but emphasize the role of vegetation, humus type, and to a lesser extent

soil morphology (Arbeitskreis Standortskartierung, 2016; Hessisches With our approach we successfully developed models for soil chem-
Ministerium fiir Umwelt, Landwirtschaft und Forsten, 2002). ical variables, which were regionalized for the whole forest area of
3.2.3. Uncertainty Table 6

Although uncertainty estimates are an important part of spatial pre- Distribution of nutrient regime index (SNI) classes among the original forest site map

diction (Arrouays et al., 2020), there are also numerous challenges and (Fig. 6), the NFSI profiles with assigned classes from the original map, the refined classes

pitfalls. A very detailed statistical discussion of uncertainty may reduce of the NFSI (Paar et al., 2016), and the map with results of the SNI model. Proportion of for-
) . ested area was calculated from the ATKIS data set.

acceptance by stakeholders (Cartwright et al., 2016) as also the total

lack of uncertainty presentation (Arrouays et al.,, 2020). The fuzzy mem- SNI Original map NFSI NESI Modelled map
bership inference led to one specific “crisp” class, i.e. the SNI class Hesse,  Hesse,
.. . original  refined
presented in Fig. 6. However, in the transfer of results to stakeholders, map
we will provide memberships of neighboring classes. The distance of %
the membership values provides a good indication, how close the *)
crisp class is from another class. In effect, this approach introduces Poor 12 43 5.0 24
“subclasses” within the SNI class and results in descriptions like, e.g. Moderate-weak 4.0 29 187 181
“moderate-weak condition with a tendency towards moderate”. Espe- Moderate oad 869 P30 388
I_no erate-weak col ; . &y . - p Moderate-good 5.3 29 115 13.0
cially when there are different choices of tree species composition Rich 240 23.0 252 234
(i.e. forest development goals), stakeholders can be better guided for Carbonatic 1.1 - 43 45
the suitable choice by taking ecological amplitudes of the tree species Extent 73% forested area, 139 139 100% forested area,
6324 km? points  points 8690 km?

of interest into consideration. This approach does not take into account
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Fig. 7. Comparison of the distribution of the original and model site maps among parent material (upper large panel), landforms within solifluctive soils derived from loess with acidic
bedrock (lower two panels on the left), and solifluctive soils derived from loess with base poor bedrock. Distribution of the SNI among all parent materials and landforms are given in
Table S2. S: Solifluctive soils derived from loess with acidic, base poor, base rich or carbonatic bedrock; E sand: Eolic sand; Fluv: Fluviatile; Anthro: Anthropogenic; Upper: Upper

slopes; Open: Open slopes.

Hesse, Germany. The models base on the state factor theory. The results
were ecologically meaningful and thus the parsimonious models can be
communicated to forest stakeholders with little background in model-
ling. The modelled soil chemical variables can be used to guide sustain-
able forest management decisions, such as harvest practice or liming.
Spatial explicit uncertainty for modelled variables can, and should be,
quantified before complex applications. By using fuzzy logic, the
modelled variables were used to infer a SNI, which was markedly af-
fected by parent material and topography. This resulted in a finer grad-
uation of the SNI, which is now available for the entire forest area of
Hesse. With the modelled map we provide an important additional
basis for silvicultural planning.

In the next years it will be an important task to validate the results of
the SNI model in the field. However, since theoretical expectations (i.e.
dependency of the results on parent material and topography) were
well met, we conclude that the new modelled map is an improvement
compared to the original site map. At least, decisions within the model
framework are inter-subjectively reproducible and do not depend as
much on individual expert judgement compared to field mapping. The
developed approach offers the potential to be transferred to other coun-
tries or regions with comparable availability of environmental
information.
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