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Abstract

The objective of the thesis is the model-based analysis of spatial patterns of decomposition
properties on the forested slopes of the montane level (ca. 1200-2200 m a.s.l.) in a study area in
the Italian Alps (Val di Sole / Val di Rabbi, Autonomous Province of Trento). The analysis
includes humus forms and enchytraeid assemblages as well as pH values, activities of extra-
cellular enzymes and C/N ratios of the topsoil. The first aim is to develop, test and apply data-
based techniques for spatial modelling of soil ecological parameters. This methodological
approach is based on the concept of digital soil mapping. The second aim is to reveal the
relationships between humus forms, soil organisms and soil microbiological parameters in the
study area. The third aim is to analyze if the spatial patterns of indicators of decomposition
differ between the landscape scale and the slope scale.

At the landscape scale, sample data from six sites are used, covering three elevation levels at
both north- and south-facing slopes. A knowledge-based approach that combines a decision
tree analysis with the construction of fuzzy membership functions is introduced for spatial
modelling. According to the sampling design, elevation and slope exposure are the explanatory
variables.

The investigations at the slope scale refer to one north-facing and one south-facing slope, with
30 sites occurring on each slope. These sites have been derived using conditioned Latin
Hypercube Sampling, and thus reasonably represent the environmental conditions within the
study area. Predictive maps have been produced in a purely data-based approach with random
forests.

At both scales, the models indicate a high variability of spatial decomposition patterns depend-
ing on the elevation and the slope exposure. In general, sites at high elevation on north-facing
slopes almost exclusively exhibit the humus forms Moder and Mor. Sites on south-facing slopes
and at low elevation exhibit also Mull and Amphimull. The predictions of those enchytraeid
species characterized as Mull and Moder indicators match the occurrence of the corresponding
humus forms well. Furthermore, referencing the mineral topsoil, the predictive models show in-
creasing pH values, an increasing leucine-aminopeptidase activity, an increasing ratio alkaline/
acid phosphomonoesterase activity and a decreasing C/N ratio from north-facing to south-
facing slopes and from high to low elevation.

The predicted spatial patterns of indicators of decomposition are basically similar at both scales.
However, the patterns are predicted in more detail at the slope scale because of a larger data
basis and a higher spatial precision of the environmental covariates. These factors enable the
observation of additional correlations between the spatial patterns of indicators of decomposi-
tion and environmental influences, for example slope angle and curvature. Both the corre-
sponding results and broad model evaluations have shown that the applied methods are gen-
erally suitable for modelling spatial patterns of indicators of decomposition in a heterogeneous
high mountain environment. The overall results suggest that the humus form can be used as
indicator of organic matter decomposition processes in the investigated high mountain area.
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Zusammenfassung

Ziel der Dissertation ist die modellbasierte Analyse raumlicher Muster von Dekompositions-
charakteristika in den bewaldeten Hangbereichen der montanen Stufe (ca. 1200-2200 m ii. NN)
in einem Untersuchungsgebiet in den italienischen Alpen (Val di Sole / Val di Rabbi, Autonome
Provinz Trient). Als Indikatoren fiir Dekompositionsprozesse werden Humusformen, Enchy-
traengemeinschaften sowie pH-Werte, Aktivititen extrazellularer Enzyme und C/N-Verhalt-
nisse im Oberboden untersucht. Aufbauend auf dem Konzept des Digital Soil Mapping sollen
datenbasierte Verfahren zur raumlichen Modellierung bodendkologischer Parameter entwi-
ckelt, getestet und angewendet werden. Die Modelle sollen zeigen, welche Zusammenhénge
zwischen Humusformen, Bodenorganismen und bodenmikrobiologischen Parametern im Un-
tersuchungsgebiet bestehen. Aufierdem soll analysiert werden, inwiefern sich die raumlichen
Dekompositionsmuster zwischen der Landschaftsebene und der Hangebene unterscheiden.

Auf Landschaftsebene werden Daten von sechs Standorten genutzt, die jeweils drei Hohen-
stufen an nord- und siidexponierten Hangen abdecken. Fiir die raumliche Modellierung wird
ein wissensbasierter Ansatz bestehend aus einer Entscheidungsbaumanalyse und der Konstruk-
tion von Fuzzy-Zugehorigkeitsfunktionen vorgestellt. Entsprechend dem Sampling-Design die-
nen die Hohe und die Hangexposition als erklarende Variablen.

Die Untersuchungen auf Hangebene beziehen sich auf einen nord- und einen siidexponierten
Hang. Die Datenbasis umfasst jeweils 30 mittels Conditioned Latin Hypercube Sampling abge-
leitete Standorte, die die Standortbedingungen im Untersuchungsgebiet moglichst gut repra-
sentieren. Zur Erstellung von Vorhersagekarten wird mit Random Forests ein rein datenbasier-
ter Ansatz genutzt.

Die Modelle zeigen auf beiden Skalenebenen eine deutliche Variabilitdt der Dekompositions-
muster, die mit der Hohe und der Hangexposition zusammenhangt. Generell sind hoher-
gelegene nordexponierte Standorte fast ausschliefSlich durch die Humusformen Moder und
Rohhumus charakterisiert. An siidexponierten sowie an tiefergelegenen Standorten sind ebenso
Mull und Amphimull zu finden. Die Vorhersagen fiir die Muster von als Mull- und Moder-
Indikatoren gekennzeichneten Enchytrdenarten stimmen mit dem Auftreten der jeweiligen
Humusformen weitgehend iiberein. Aufierdem zeigen die Vorhersagemodelle von nord-
exponierten Hangen zu siidexponierten Hangen und mit abnehmender Hohe fiir den Ober-
boden jeweils steigende pH-Werte, eine steigende Aktivitdt von Leucin-Aminopeptidase, ein
steigendes Verhdltnis der Aktivitdt alkalischer/saurer Phosphomonoesterase und ein abneh-
mendes C/N-Verhaltnis.

Auf beiden Skalenebenen haben die Modelle prinzipiell dhnliche rdumliche Muster ergeben.
Aufgrund der grofleren Datengrundlage und der besseren raumlichen Genauigkeit der Um-
weltvariablen sind die Vorhersagen der Dekompositionsmuster auf Hangebene jedoch detail-
lierter und ermoglichen die Erfassung weiterer Korrelationen dieser Muster z. B. mit der Hang-
neigung und der Hangkriimmung. Die miteinander korrespondierenden Ergebnisse sowie
umfassende Modellevaluationen haben gezeigt, dass die angewendeten Methoden generell zur
Modellierung raumlicher Dekompositionsmuster in einer heterogenen Hochgebirgslandschaft
geeignet sind. Insgesamt legen die Ergebnisse nahe, dass die Humusform als universeller
Indikator fiir Zersetzungsprozesse organischer Substanz an den untersuchten Hochgebirgs-
standorten genutzt werden kann.
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1 Introduction

1.1  Soil ecological mechanisms

Soil ecological mechanisms are an important
building block of ecosystem functioning
(Bardgett & van der Putten 2014; Paul 2015)
and also relevant for the well-being of
humans (Wall et al. 2015). Land-use practices
and ongoing environmental changes such as
climate warming and an increasing frequency
of drought periods and sudden natural disas-
ters trigger biodiversity losses, biological in-
vasions and pests (IPCC 2014; Newbold et al.
2016). These developments also pose a threat
to soil organisms and potentially impact soil
ecological functions (Gardi et al. 2013;
Bardgett & van der Putten 2014; Tsiafouli et
al. 2015). As a result, soil ecological mecha-
nisms have gained increasing attention,
though they are complex and still poorly
understood (Eisenhauer et al. 2017). It is
essential to unveil those mechanisms and to
clarify how they vary in a spatial context in
order to be able to both mitigate losses of eco-
system services and implement measures to
cope with prospective consequences.

With reference to ecosystem services and es-
pecially to soil functions, soil organic matter
plays a central role (Adhikari & Hartemink
2016; Jackson et al. 2017). The formation and
decomposition of soil organic matter is part of
biogeochemical cycles, a component of soil
fertility and important in the context of car-
bon sequestration and storage (Lal 2004; Paul
2016). Litter is decomposed by soil organisms;
its constituents are either transformed into
relatively stable organic compounds or grad-
ually further metabolized and mineralized
(Lehmann & Kleber 2015). Decomposition
processes depend on various biotic and abiot-
ic factors including litter quality and quantity,
soil temperature and soil moisture (Cotiteaux

et al. 1995; Aerts 1997; Reichstein et al. 2000;
Sauvadet et al. 2017).

1.2 Indicators of decomposition

Soil organisms are the indispensable players
in the system of organic matter decomposi-
tion. They interact with each other in complex
food webs. By breaking down the plant
residues and releasing nutrients to the soil,
the detritivores are involved in nutrient cycles
(de Vries et al. 2013). Previous studies provide
evidence that a loss of functional diversity of
soil organisms decomposition
(Hattenschwiler et al. 2005; Gessner et al.
2010; Handa et al. 2014; Wagg et al. 2014).

Earthworms and enchytraeids are of particular

hampers

importance for decomposition (Hattenschwiler
et al. 2005; Blouin et al. 2013; Pelosi & Rombke
2018). Enchytraeids (family Enchytraeidae)
are small (about 2 to 40 mm long), sapro-
phagous micro-annelid worms with high
abundances in central European soils (annual
average 20,000 to 60,000 individuals per m?)
(Jansch et al. 2005). Dependent on their
species, enchytraeids have different life forms
corresponding to their natural habitat, similar
to the ecophysiological groups of earthworm
(epigeic, The
species composition of the enchytraeids as-

species endogeic, anecic).
semblage is specific to every humus form and
to every layer of the topsoil (Graefe &
Schmelz 1999).

In addition to the soil fauna, microorganisms
(bacteria, fungi, archaea) substantially con-
tribute to organic matter
(Baldrian 2017).

which are partially secreted as extracellular

decomposition
They produce enzymes,

enzymes to the soil water or bound to com-
plexes with other soil components (Burns et
al. 2013). Due to their activities including soil



organic matter mineralization, the organisms
of the soil microbiological community have a
pivotal position in biogeochemical cycles
(Schimel & Schaeffer 2012; Isobe & Ohte
2014).

Humus forms are the morphological results of
litter decomposition, including humification
and mineralization in the topsoil. These en-
compass the uppermost mineral soil horizon
and the overlying organic matter (O) horizons
(OL = litter, OF = fragmented residues, OH =
humified residues). According to the pres-
ence/absence and the morphological charac-
teristics of these horizons, three basic humus
forms are differentiated in most classifica-
tions: Mull, Moder and Mor. However, the
species composition of the soil biological com-
munity has been reported to be dichotomous
between Mull on one hand and Moder and
Mor on the other (Graefe & Beylich 2006).
This dichotomy is typically related to the top-
soil acidity with a threshold at a pH value
(CaClz) of about 4.2 (Graefe & Beylich 2006).
Mull features a low accumulation of organic
material above the mineral soil, which implies
the absence of any OH horizon. The upper-
most mineral horizon is less acidic as com-
pared to Moder and Mor. Moreover, it is usu-
ally characterized by a bacterial-driven food
web and a high biological activity (Frouz
2018). Mull humus forms evolve from biologi-
cal activity and concomitantly provide a habi-
tat for a high diversity of species including
anecic earthworm species (Ponge 2003). This
causes a well-structured soil with crumbly to
polyhedral biogenic aggregates (Six et al.
2004).

Moder and Mor, on the other hand, feature a
high accumulation of organic material above
the mineral soil, meaning that there are con-
tinuous OL, OF and OH horizons. Due to a
high acidity, the uppermost mineral horizon
is typically characterized by a fungal-driven
food web and a comparatively low biological

activity (Ponge 2003; Frouz 2018). Therefore,
the soil is mostly lacking biogenic aggregates.
The assignment of a humus form does not
only reflect the fate of plant residues in the
course of decomposition, but also indicates
the species composition of the decomposer
organisms and the microbiological, physical
and chemical properties of the topsoil (Graefe
& Beylich 2006; Andreetta et al. 2013; Ponge
2013). Humus forms and the activity of the
decomposer community are highly interrelat-
ed (Figure 1). Both humus forms and the
composition of the decomposer community
indicate processes and properties of organic
matter decomposition. Therefore, in this
thesis they are referred to as ‘indicators of

decomposition’.
Activity
Excretions
Humus form Decompo_ser
community
Habitat
Food

Figure 1. Relationship between humus form and
decomposer community (modified from Hellwig
et al. 2017).

Similar to pedogenesis, organic matter de-
composition and, with that, also the develop-
ment of humus forms are dependent on
environmental influences. According to Jenny
(1941), the state of the soil is a function of
climate, organisms, relief, parent material and
time. According to the variation of these influ-
encing factors, humus forms are arranged in
spatial patterns.

In the mountains, both climatic variables and
vegetation composition are correlated with



topographical parameters such as elevation
and slope exposure (Dobrowski 2011; Egli &
Poulenard 2017). Therefore, the characteristics
of organic matter decomposition at high
mountain sites are especially influenced by
the relief. Previous studies have shown that
decomposition processes are favoured at
south-facing slopes as compared with north-
facing slopes in case there is no limitation by
soil moisture at south-facing slopes (e.g. Egli
et al. 2009; Ascher et al. 2012; Gomez-Brandon
et al. 2017). Moreover, the high spatial
variability of indicators of decomposition in
the high mountains corresponds to a mosaic
of microtopography and vegetation cover
(Bednorz et al. 2000).

1.3  Digital soil mapping

Spatial patterns of soil taxonomic classes and
soil properties have frequently been predicted
by the application of modelling techniques
related to the concept of digital soil mapping
(Grunwald 2009; Minasny & McBratney
2016). Digital soil mapping — also referred to
as predictive soil mapping (Scull et al. 2003)
and soil-landscape modelling (Gessler et al.
1995) — includes numerical and statistical
methods to quantitatively model the relation-
ships between environmental data and soil
data (from the field or laboratory) to derive
predictions on spatial patterns of soil proper-
ties, typically presented as a digital map
product (Scull et al. 2003; IUSS Working
Group Digital Soil Mapping 2016). Methods
used for digital soil mapping can be classified
into factor-based approaches (i.e. methods
considering soil-forming factors based on soil-
landscape relationships), geostatistics and
pedotransfer functions (McBratney et al. 2003;
Behrens & Scholten 2006). Factor-based ap-
proaches rely on environmental covariates
that represent the relevant factors of soil
formation. These typically include terrain

attributes derived from a digital terrain model
and/or existing climate, geology, vegetation
and land-use maps. Here, digital soil map-
ping benefits from new techniques of data
acquisition (e.g. modern remote sensing tech-
niques) and data management (e.g. soil infor-
mation systems and increasing computational
power) (Grunwald et al. 2011; Brevik et al.
2016; Minasny & McBratney 2016). Further-
more, a high availability of environmental
data from online platforms of public authori-
ties helps to integrate various influencing pa-
rameters and achieve a quite realistic model.
Methods frequently applied in a factor-based
approach are generalized linear and additive
models, data mining approaches such as tree-
based models (e.g. random forest), artificial
neural networks or support vector machines
and fuzzy logic models (McBratney et al.
2003). Recent studies that compared several
methods for digital soil mapping have shown
that the method of choice depends on the
dataset, the study area and the purpose of the
model (Heung et al. 2016; Taghizadeh-
Mebhrjardi et al. 2016; Nussbaum et al. 2018).
Digital soil mapping is applied for several
purposes and on various scales. For example,
digital soil mapping has been used to assess
and optimize land-use practices (e.g. for pre-
cision agriculture, Soderstrom et al. 2016), to
refine conventional soil maps (Yang et al.
2011; Sarmento et al. 2017) or to evaluate the
effects of environmental disturbances on soil
parameters (Carré et al. 2007). Depending on
the purpose, many studies are related to the
farm or regional scale (Grunwald 2009). How-
ever, there are also promising advances for
mapping soil parameters at high resolution
on the global scale (Sanchez et al. 2009;
Arrouays et al. 2014; Hengl et al. 2014).

Due to the importance of soil ecological
functions it is essential to map related soil
parameters in order to enhance conservation
of soil biodiversity (de Vries et al. 2013) and



management of environmental disturbances
(Grunwald et al. 2011). This is of particular
relevance in mountainous areas such as the
European Alps, which are especially vulner-
able to environmental changes (Beniston 2006;
Mountain Research Initiative EDW Working
Group 2015). Soil ecological processes in these
areas are heterogeneous; thus, detailed, spa-
tially explicit analyses of the correlations be-
tween humus forms, soil organisms and soil
biological activity in high mountain regions
are necessary (Broll 1998). However, few
studies on mapping spatial patterns of soil
ecological parameters exist to date (e.g.
Rutgers et al. 2016).

1.4 DecAlp project

In order to better understand the fundaments
of organic matter decomposition in the high
mountains, it is necessary to investigate soil
ecological patterns and processes in an inter-
disciplinary context. This was the starting
point of the research project ‘Effect of climate
on coarse woody debris decay dynamics and
incorporation into the soils of forested Alpine
areas’ (DecAlp). DecAlp deals with soil fauna,
soil microbiology, humus forms, coarse
woody debris and spatial modelling (D.A.CH-
DecAlp n.d.). The main objectives of DecAlp

are:

e the investigation of the decomposition of
dead wood and transformation into soil
organic matter,

e the analysis of the relationships between
environmental factors (especially climate)
and indicators of decomposition and

e the analysis of spatial decomposition pat-
terns.

As part of DecAlp, this thesis is related to the
second and third objective of the project.

1.5 Objective

This thesis aims at investigating spatial
patterns of organic matter decomposition in a
study area in the Italian Alps. Indicators of
decomposition such as humus forms, soil
organisms and the soil biological activity are
supposed to be predicted at the slope scale
and at the landscape scale. The following re-
search questions are addressed with reference
to a study area in the Italian Alps:

1) Which methodological approaches are
suitable for the data-based spatial model-
ling of indicators of decomposition pro-
cesses and properties?

2) Which spatial patterns of decomposition
properties can be predicted depending on
the model scale from the slope to the
landscape scale?

3) Which correlations can be found between
the spatial distributions of humus forms,
soil organisms of different decomposer
communities and soil microbiological

parameters?

As a whole, this thesis seeks to compile a
methodological framework for digital map-
ping of soil ecological properties and apply
this to unveil the correlations between spatial
patterns of forest humus forms, soil organ-
isms and soil biological activity in a study
area in the Italian Alps. Each individual
component of this thesis supports the overall
objective.

1.6  Structure of the thesis

This chapter introduces the study area and
gives a brief methodological overview. The
Chapters 2, 3 and 4 include each one indivi-
dual study. In Chapter 2, a methodological
framework for digital mapping of indicators
of decomposition at the landscape scale is



developed. This method is tested as a case
study for the presence of OH horizons.
Chapter 3 applies the new method presented
in Chapter 2 to forest humus forms and
enchytraeid species. The coincidence of Mull-
like and Moder-like humus forms with specif-
ic compositions of the enchytraeid assem-
blage is analyzed. Chapter 4 focuses on one
north-facing and one south-facing slope in the
Val di Rabbi. That chapter contains a slope-
scale analysis of spatial patterns of humus
forms, topsoil acidity and microbiological
parameters of the topsoil based on a data
mining approach. Chapter 5 is composed of a
discussion of the overall results of this thesis.

Spatial patterns of indicators of decomposi-
tion are discussed with reference to environ-
mental influences, decomposition studies in
the study area (mostly related to the DecAlp
project), correlations between soil ecological
parameters and the effects of the model scale.
The methods for digital mapping of indicators
of decomposition are discussed in terms of
the factor-based approach of digital soil
mapping, digital mapping of soil ecological
parameters and the differences between the
landscape scale and the slope scale. Addi-
tionally, the discussion includes remarks on
model limitations and future perspectives.



2 Study area

The study area is located in the Italian Alps
(between 46.25° N, 10.52° E and 46.49° N,
11.02° E) (Figure 2). It is part of the Autono-
mous Province of Trento and includes the val-
leys Val di Sole, Val di Rabbi, Val di Peio and
Val di Vermiglio.

The mountains of the northern part of the
study area belong to the Ortler Alps with the
Monte Cevedale as highest point of the study
area (3789 m a.s.l.). The main stream is the
Noce River, flowing through the Val di Peio
and the Val di Sole. The tributary stream en-
tering from the Val di Rabbi is called Rabbies.

The study area is located in the southern part
of the Central Alps, which are characterized
by siliceous bedrock. The study area is domi-
nated by paragneiss, schist and phyllite, with
some outcrops of orthogneiss, amphibolite,
chlorite schist and marble (Figure 3). All these
materials yield acidic weathering products.
The Periadriatic Seam runs directly through
the Val di Sole and marks the border to the
Southern Limestone Alps. The Val di Ver-
miglio borders the granites of the Adamello
intrusion located in the south (von Seidlein
2000; Aberegg et al. 2009).
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Figure 2. Location of the study area in Italy and the study sites.
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The relief of the study area is glacially shaped.
Current legacies of former glaciation are for
example trough-shaped valleys, moraines and
cirques. Recently, the relief has been reformed
mainly by fluvioglacial, fluvial and gravita-
tional processes. This is shown by landforms
such as talus deposits and alluvial fans. Pat-
terns of erosive and accumulative character-
istics also develop at small scales, especially
on steep slopes. These patterns are normally

related to the vegetation cover, as roots, stems
and shrubs stabilize the surface.

Throughout the study area, the mesoclimate
is highly variable due to the pronounced
mountainous relief. Sites at low elevation (e.g.
Peio, Figure 4) generally exhibit higher tem-
peratures as compared to sites at high eleva-
tion (e.g. Passo Tonale, Figure 5; see also
Figure 6). As a consequence, there are also
considerable differences between the valley



bottoms and the high-elevation sites with
reference to the duration of snow cover and
the growing season. Additionally, at high
elevation the frost season is longer than at low
elevation. For example, frost days are
probable at Peio between October and May
(Figure 4), at Passo Tonale between Septem-
ber and June (Figure 5).

The mean annual precipitation amounts to
1288 mm at Passo Tonale, which distinctly ex-
ceeds the precipitation at Peio (annual mean
935 mm). In high mountain areas of this kind,
especially in the Alps, the spatial distribution
of precipitation varies greatly, too (Figure 6)
(Barry 2008). Regarding air temperature at the
forest floor and topsoil temperature, the solar
radiation has a considerable influence. Within
the study area, the daily mean of solar ra-
diation varies between ca. 100 W/m? and
230 W/m? — the spatial pattern of solar radia-
tion principally traces back to the slope expo-
sure (Figure 6). Accordingly, the soil temper-
ature is significantly higher at south-facing

Peio (Trentino) (1585 m)
467 21'52" N, 10° 40' 39" E

1981-2010 67°C  935mm
- ~ 300
C mm
50 Ngg— — 100
A 7]
/|
40 — 80
209
30 — 60
N
- 40
N
J
N 20
\\\
\\~‘
— T T 0

J FMAMJ J A S OND

Figure 4. Climate graph of Peio (data from
Provincia Autonoma di Trento 2014).
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slopes as compared to north-facing slopes
(Egli et al. 2016). Following Costantini et al.
(2013) with reference to the whole of Italy, the
study area can generally be assigned to the
climatic region T1 (temperate continental, in-
fluenced by mountains). However, parts of the
valleys belong to the climatic region T3 (tem-
perate to warm temperate subcontinental,
partly arid).

The soils developed in the areas of siliceous
parent materials (Figure 3) are dominated by
Haplic Cambisols (Dystric) and Umbric Podzols
below 1900 m. Above, the typical soil types
are Entic Podzol, Albic Podzol and Umbric Pod-
zol (Sartori & Mancabelli 2009, classifications
according to IUSS Working Group WRB
2006). Brunification is the dominant process at
low parts of the south-facing slopes, whereas
podzolization dominates on north-facing
slopes and at high elevations. On glacial
deposits in the valley bottom of Val di Sole,
Haplic  Phaeozems
Mancabelli 2009).

are found (Sartori &
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Figure 5. Climate graph of Passo Tonale (data
from Provincia Autonoma di Trento 2014).
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Owing to the variety of the terrain, the vege-
tation of the study area is also quite hetero-
geneous. Because of low temperatures, short
growing seasons, a high degree of wind
exposure, high rates of evaporation, varying
exposure to light and steep slopes with initial
soil development, the environmental condi-
tions get more extreme for plant establish-
ment and survival with increasing elevation.
Vegetation zones according to elevation levels
comprise different plant communities. The
higher the elevation is, the sparser is the vege-
tation cover and the shorter is the growing
season. This is indicated by a decrease of the
mean values of the Normalized Difference

162?000

Vegetation Index (NDVI) with increasing
elevation (Figure 7). The highest NDVI values
appear at the forested valley slopes below the
treeline. Throughout the study area, these
forests consist of Norway spruce (Picea abies)
and European larch (Larix decidua) as main
tree species. Furthermore, there are very few
patches where the main tree species are
European silver fir (Abies alba), Scots pine
(Pinus sylvestris), Austrian pine (Pinus nigra)
and Swiss stone pine (Pinus cembra). Besides
coniferous forests, there are also small patches
of broadleaf forests close to the valley
bottoms (Wagener 2014).

The treeline in the study area is located
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Figure 7. Normalized Difference Vegetation Index (NDVI) of the study area (based on data from 2003 to

2013, Metz et al. 2014, personal communication).
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roughly between 1900 m and 2200 m a.s.l. The
original treeline developed naturally due to
interactions between limiting factors such as
temperature, soil moisture, nutrient availabili-
ty and geomorphological processes (Holtmeier
& Broll 2007; Leonelli et al. 2016; Mayor et al.
2017). In contrast, the current treeline largely
developed due to grazing and is therefore
below the potential natural treeline.

The land use of the study area is characterized
by developed areas and traffic areas, fruit
cultivation and grassland farming. The forest-
ed slopes are used mostly for natural forestry.
The areas close to the treeline are widely
characterized by seasonal grazing of cattle
and sheep in the context of transhumance.
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3 Methodological overview

The investigations in this thesis rely on
different sets of study sites (Table 1). All
study sites are located in the coniferous
forests on north- and south-facing slopes of
the study area (Figure 2). The sites N1, N2, N3
(on north-facing slopes) and S6, S7, S8 (on
south-facing slopes) were selected based on
expert knowledge from previous studies (Egli
et al. 2006). These sites were assumed as being
relatively representative of the study area
with respect to site conditions (Egli et al.
2006). The validation sites VN1, VN2, VSI,
VS2 and V1-V6 were placed on nearby slopes
for the evaluation of the spatial models. They
resemble the sites N1, N2, N3, S6, 57, S8 in the

Table 1

way that the site conditions are typical of the
study area. The sites RN1-RN30 and RSI-
RS30 were determined using conditioned
Latin Hypercube Sampling (Minasny &
McBratney 2006), which allows to include the
spatial variability of environmental covariates
to achieve a representative set of study sites.
Details are given in Chapter 4.

All study sites encompassed an area of 25 m x
25 m (Figure 8). For every ground cover type
of the site (litter, grass, moss, fern, shrubs),
humus profiles were examined (width 50-100
cm). Humus forms were described and
samples were collected for the analysis of
indicators of decomposition.

Study sites located at north- and south-facing slopes in Val di Sole / Val di Rabbi (Autonomous Province
of Trento, Italy) and the related indicators of decomposition analyzed in this thesis.

Elevation range

Sites (ma.s.l) Slope exposure

Analyzed parameters Data used in

N1-N3 1180-1620 north

S6-S8 1185-1660 south

VN1, VN2 1210-1380 north

VS1, VS2 1340-1570 south

V1-V3 1270-1650 north

V4-V6 1240-1730 south

RN1-RN30  1200-2100 north

RS1-RS30  1200-2200 south

Humus forms, Enchytraeids,
pH values, Soil enzymatic
activities, Total carbon and
nitrogen, Bacterial and
archaeal abundance

Chapters 2, 3, 4

Humus forms, Enchytraeids,
pH values, Soil enzymatic
activities, Total carbon and
nitrogen, Bacterial and
archaeal abundance

Chapters 2, 3, 4

Validation sites: Chapter 2
Humus forms

Validation sites: Chapter 2
Humus forms

Validation sites:
Humus forms, Enchytraeids Chapter 3
Validation sites:

Humus forms, Enchytraeids Chapter 3

Humus forms, pH values

Chapter 4

Humus forms, pH values Chapter 4
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Figure 8. Extent of a study site and exemplary dis-
tribution of the investigated humus form profiles.

The classification of humus forms followed
Ad-hoc-AG Boden (2005). Apart from the
basic humus forms Mull and Moder, the
classification of humus forms that was used
for modelling in this thesis included the
transitional humus form Mullmoder and the
humus forms Amphimull and Eroded Moder.
The humus form Mor was very sparsely
found. Therefore and due to the similarity of
soil biological properties, the humus forms
Moder and Mor were not differentiated. The
specification of humus forms was based on
two dimensions: the presence of organic lay-
ers above the mineral soil and the biological
activity as expressed by a biogenic soil struc-
ture in the mineral soil (Figure 9). More de-
tails on the methods that were applied for the
analysis of indicators of decomposition (Table
1) are given in Chapters 2, 3 and 4.

Biogenic soil structure in the mineral soil

~ MULLMODER '}

£ © Hellwig

Presence of organic layers above the mineral soil

Figure 9. Basic humus forms in forests of the Italian Alps (modified from Hellwig et al. 2018).

15



Spatial modelling is realized depending on
the data basis and the spatial scale. Land-
scape-scale models refer to the forested parts
on the valley slopes of the whole study area
(circa 500 km?, Figure 2). These models are
based on data from the sites N1, N2, N3, S6,
S7 and S8. Elevation and slope exposure are
derived from a digital terrain model (DTM)
with a grid width of 10 m and considered as
covariates. The models are built using deci-
sion tree analysis (Breiman et al. 1984) and the
tool ArcSIE (Shi et al. 2009) to parametrize
fuzzy membership functions and produce
predictive maps (Figure 10). Chapter 2 pro-
vides details on the modelling procedure.
Additionally, Chapter 2 includes a case study
of humus forms in Val di Rabbi (presence of
OH horizons). In Chapter 3 this modelling

approach is refined to compare the spatial
distribution of humus forms and enchytraeid
species within the study area.

Slope-scale models refer to one north-facing
slope (circa 2.5km?) and one south-facing
slope (circa 3.8 km?) next to San Bernardo in
the Val di Rabbi. These models are based on
data from the sites RN1-RN30 and RS1-RS30.
Predictive maps are produced with spatial
models using random forests (Breiman 2001).
The environmental covariates include vegeta-
tion parameters and several terrain attributes
derived from a DTM with a grid width of 1 m
(Figure 11). Modelling at the slope scale is
described in detail in Chapter 4. The maps
provide predictions of humus forms and pH
values, enzymatic activities and the C/N ratio
of the topsoil.

LY ENEREY ]

ETEEE] ACIEAGIKEES
\I_\Illl\\ 11 |

= Sample data
- (Humus forms,
Enchytraeids)

S6, S7, S8

DATA BASIS

Sites N1, N2, N3,

DTM
Elevation
Exposure

) ‘>’w 3 G
Grid width 10 m

MODELLING

Decision tree analysis

(CART algorithm)
Breiman et al. 1984

ArcSIE
#reme Shi et al. 2009

Parametrization of

fuzzy membership functions
Chapter 2 (Hellwig et al. 2016)

Derivation of predictive maps

Figure 10. Data basis and methods for modelling at the landscape scale as developed in Chapter 2 and

applied in Chapters 2 and 3 (modified from Hellwig et al. 2017).
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Conditioned Latin DATA BAsIs
Hypercube Sampling

Minasny & McBratney 2006
DTM

Terrain attributes

e Forest type
.| sample data .

" (Humus forms) Grid width 1 m
_| Sites RN1-RN30,
RS1-RS30

MODELLING

Random forest
(+ Kriging of residuals)
Breiman 2001

Derivation of predictive maps

Figure 11. Data basis and methods for modelling at the slope scale as applied in Chapter 4 (modified
from Hellwig et al. 2017).
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Chapter 2

A fuzzy logic based method for modeling the spatial distribution

of indicators of decomposition in a high mountain environment

The online appendix can be found in Appendix 1 of this thesis.
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ABSTRACT

Upscaling of sample data on indicators of decomposition to the landscape scale is often neces-
sary for extensive ecological assessments. The amount of such data is mostly scarce even with
high sampling efforts. Moreover, environmental conditions are very heterogeneous in high
mountain regions. Therefore, the aim was to find a suitable technique for spatial modeling
under these circumstances.

A method combining decision tree analysis and the construction of fuzzy membership functions
is introduced for a GIS-based mapping of decomposition indicating parameters. It is compared
with an approach solely based on decision trees. Within a case study in the Italian Alps the
spatial distribution of humus forms, classified by the occurrence of an OH (humified residues)
horizon, is examined. There appears to be a strong relationship with elevation and a minor
correlation with slope exposition.

The fuzzy logic-based approach proves to be suitable for modeling the spatial distribution of
indicators of decomposition. Mapping fuzzy values allows for the representation of small-scale
variability and uncertainty of data due to a relatively low sample size in a very heterogeneous

environment.

Submitted: 5 November 2015 — Accepted: 28 July 2016

INTRODUCTION

Decomposition processes are of high signifi-
cance for the functioning of terrestrial eco-
systems. As part of various material cycles,
these processes ensure the survival not only
of decomposing but also of producing and
consuming organisms (Swift et al.,, 1979). A
prominent indicator with regard to decom-
position are humus forms (Andreetta et al.,
2012; Ascher et al., 2012; Graefe and Beylich,
2006; Ponge, 2013). They can be defined as

manifestations of dead organic matter at dif-
ferent stages of decomposition in the topsoil,
which in forest ecosystems consist of organic
layers (OL = litter, OF = fragmented residues,
OH = humified residues) and the uppermost
mineral horizon.

Analyzing and assessing the impacts of eco-
logical processes and interactions are required
at the landscape scale for numerous purposes.
In contrast, ecological field data at the land-
scape scale is often scarce due to high costs
and low accessibility, especially in high
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mountain environments. Upscaling by means
of spatial modeling allows for bridging the
gap between the local study scale and the
target landscape scale.

In terms of soil ecology, there is a wide range
of such modeling methods associated with the
concept of digital soil mapping (McBratney et
al., 2003), comprising pedotransfer functions,
geostatistical techniques, and factor-based ap-
proaches (Behrens and Scholten, 2006). Pedo-
transfer functions allow the derivation of soil
variables from other factors easier to deter-
mine by means of mathematical formulas
(Bouma, 1989; Wosten et al., 2001); thus a
detailed quantitative comprehension of the
correlations between environmental factors is
prerequisite (McBratney et al., 2002). The
application of geostatistical techniques (e.g.,
kriging, co-kriging) is particularly critical in
areas with a high heterogeneity of environ-
mental covariates. For these techniques an
accordingly higher density of samples is
indispensable (Heuvelink and Webster, 2001).
Factor-based approaches are based on consid-
ering the soil properties as a system state,
whose configuration is determined by the
soil-forming factors (e.g., clorpt model, Jenny,
1941; scorpan model, McBratney et al., 2003).
Different methods have been applied imple-
menting the factor-based approach (Behrens
and Scholten, 2007; McBratney et al., 2003), in-
cluding linear regression and classification
models, artificial neural networks, tree-based
regression and classification models, support
vector machines, and fuzzy logic models.

This study aims at refining a spatial knowl-
edge-based modeling technique and estab-
lishing it for the prediction of indicators of
decomposition processes and properties un-
der a highly heterogeneous topography and a
relatively small sample size. Decomposition
processes are influenced by various environ-
mental factors. In a high mountain environ-
ment these are in a large part mediated by the
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elevation and the slope exposition, but for
some factors in a nonlinear way (such as
vegetation, where thresholds for different
zones exist depending on the topography).
Therefore a fuzzy logic approach based on a
data mining decision tree algorithm account-
ing for nonlinearities is hypothesized to fit the
situation.

The first part describes the methodological
approach proposed in this study. It is fol-
lowed by the presentation of a case study
conducted in a study area in the Italian Alps.
In this case study, the approach utilizing
fuzzy logic is applied for modeling the occur-
rence of humus forms showing an OH hori-
zon and comparing it with an approach solely
utilizing decision tree analysis.

METHODOLOGICAL
FRAMEWORK

Construction of a Decision Tree

Binary decision trees for data mining (i.e.,
classification and regression trees [CART];
Breiman et al., 1984) serve as a practicable and
simply interpretable tool to statistically model
complex and nonlinear dependencies be-
tween (environmental) influencing factors
and a target variable on the basis of sample
data (Aberegg et al, 2009; De’ath and
Fabricius, 2000; McKenzie and Ryan, 1999;
Mertens et al., 2002). Decision trees are
constructed by recursively partitioning the
sample set into pairwise disjoint subsets that
show a higher rate of homogeneity with re-
spect to the target variable. The rules for
partitioning have the form x;<¢, c € V. € R, if
the influencing factor X, € {X,, ..., X} taking
values in V. is interval or ratio scaled, and the
form x; € S otherwise, with S covering a sub-
set of the property values M, = {m,, ..., m} of

X, (x, is evaluated for every sample as the



value of X)) (Fig. 1). As part of the partitioning

procedure, an inhomogeneity measure t is
calculated in order to establish an appropriate
decision rule. Each time, the difference of the
inhomogeneity of a certain node v and the
sum of the inhomogeneities of the successor
nodes v, and v, are maximized: max{t[v] -
[W(©,) + Wvg)]}. For classification trees the gini
index 1, (Equation 1) serves as an estimator
of the inhomogeneity of a node v, with the
conditional probability p(y,lv),i=1, ..., z, of a
value of the target variable y, € Y in v. For
regression trees the resubstitution error i,
(Equation 2) is used, where the number of all
samples is denoted as N and the number of
samples in v is denoted as N, < N, with the

related values of the target variable y,, n =1,

..., N, (Breiman et al., 1984).

tetass(V) = Xk POk V) -2 01|v), Yo i €Y (1)
lheg@) = (1/N) Z¥. (3 = F7@)*  (2)

The recursive partitioning procedure is per-
formed on all subsets. It terminates as soon as

no higher degree of homogeneity can be

CASE 1:
X;is interval or ratio scaled
and takes values in V,S R

Root node

(set of samples)

Xi<c,ceV,

Left successor

node v,
(subset of samples)

CASE 2:
X;is nominal or ordinal scaled
and takes values in M;2 S

Root node

(set of samples)

¥es

Left successor

node v,
(subset of samples)

reached or a threshold of the number of ele-

ments in a node is undercut.

Fuzzy Logic Model

The fuzzy logic model is based on the concept
of fuzzy sets (Zadeh, 1965). Unlike ordinary
sets, fuzzy sets enable their elements to show
a partial degree of membership in the range
from 0 (no membership) to 1 (full member-
ship). In this way, fuzzy logic models are ca-
pable of representing continuous graduations
from one class to another class (e.g., soil
types, humus forms), which has been applied
in soil science on numerous occasions (de
Gruijter et al., 2011; McBratney and Odeh,
1997; Qi and Zhu, 2011; Zhu, 2006; Zhu et al.,
1996, 2001). In the context of digital soil map-
ping, fuzzy logic models have been designed
and applied for predicting various soil
properties (Ashtekar and Owens, 2013; de
Menezes et al, 2013). By means of fuzzy
membership functions p: Ex...xE, — [0,1],

(x,...x,) = u(x,...x,), dependencies of a

target variable on environmental covariates

(with the domains E,, ..., E,) can be described.

These functions refer membership degrees of

Right successor
node vz
(subset of samples)

Figure 1. lllustration of a
node split in a decision tree
depending on the scale of
measurement of the influenc-
ing variable X € {X1, Xa}.

Right successor

node vg
(subset of samples)
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the target variable to different environmental
circumstances (McBratney and Odeh, 1997).

In order to derive suitable fuzzy membership
functions from an existing decision tree,
tuples containing the value that is inhered in
a distinct tree node and the related values of
the covariates are used to approximate a
general function rule. In case of the fuzzy

membership s, . of a modeled variable k as a

ijka
function of a single environmental variable a

with the value z;, at location (ij), a two-

dimensional rule is needed, such as the bell-
shaped function provided by Shi et al. (2009)
and Shi (2013) (Equation 3), with the maximal
membership max € [0,1], the central values of
the function v, and v,, the inflection points w,

and w, and with r, and r, determining the

steepness of the function parts.

In case of a continuously increasing or de-
creasing behavior of the modeled variable k
along the gradient of an environmental vari-
able a, a sigmoidal function can be derived
from Equation 3 by utilizing only the increas-
ing or decreasing function parts, respectively.
Membership values between 0 and 1 can be
derived from the fuzzy membership functions
depending on the values of the environmental
covariates. If information about these covari-
ates is extensively available, membership val-
ues can be modeled for every site across the
study area and for every class of the target
variable.

Similar approaches based on a combination of
decision trees and fuzzy logic have been de-
scribed elsewhere (Chiang and Hsu, 2002;
Suarez and Lutsko, 1999) and utilized for soil
scientific purposes (Ai et al., 2013; Ribeiro
etal, 2014, Qi and Zhu, 2011). To our
knowledge, though, this is the first time that a

model combining decision tree analysis and
fuzzy logic is applied for mapping indicators
of decomposition.

CASE STUDY: MODELING OF
HUMUS FORMS AT VAL DI
RABBI (TRENTINO, ITALY)

Study Area

The study area (522.7 km?) belongs to the
Autonomous Province of Trentino in northern
Italy and encompasses the two Alpine valleys
Val di Sole and Val di Rabbi (Fig. 2). The
entire area is characterized by siliceous parent
material, with paragneiss, mica schists and
phyllites prevailing, and with some lenses of
orthogneiss (Aberegg et al., 2009). In terms of
soil classes, the range up to 1900 m a.s.l. is
dominated by Haplic Cambisols (Dystric) and
Umbric Podzols. At higher elevations, the
prevalent classes are Entic Podzols, Albic
Podzols, and Umbric Podzols (Sartori and
Mancabelli, 2009).

Data Basis and Preprocessing

Six investigation sites were located inside the
closed coniferous forest along different eleva-
tions between 1180 and 1660 m a.s.l., three
each at north-exposed slopes (N1, N2, N3)
and south-exposed slopes (56, S7, S8). They
are comparable with respect to geology (all
sites have paragneiss as parent material) and
local topographical position (all sites are lo-
cated on uniform slopes). The north-exposed
sites are dominated by Norway spruce (Picea
abies) and the south-exposed sites by Euro-
pean larch (Larix decidua). The site S6 was
located in a former coppice.

sijja = max * exp([(zijq — vl)/wl]rlln(O.S)) if Zijq < V1,

Sij,k,a = max

if v1 < zjjq Sy, (3)

Sijk,a = Max x exp([(zij,a — vz)/wz]rzln(O.S)) if zijo >V,
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Figure 2. Location of the study area and investigation sites in the Autonomous Province of Trentino (Italy)

(modified from Egli et al., 2006).

Every investigation site (~25 m?, depending
on the local variability of site conditions) com-
prised three or six sampling plots, respective-
ly (humus profiles at a length of up to 1 m),
according to the number of different soil
cover types (grass, moss, litter, fern). These
plots also included different local slope dy-
namics (i.e., erosive and accumulative charac-
teristics) at every investigation site. The total
number of sampling plots amounted to n = 30.
The humus profiles were dominated by

Table 1

moder conditions (humus forms showing a
continuous OH horizon), with transitions to
Mull-like conditions (OH horizon missing),
primarily at the lowest north-facing site N1 as
well as at the south-facing sites (Table 1).

The model of humus forms addresses the oc-
currence of a humus form with an OH hori-
zon. Data from the sampling plots were ob-
tained, indicating the occurrence of an OH
horizon with values from the interval [0,1]
(Table 2). The value 1 was assigned to a

Soil cover types, dominating humus forms, and humus profiles at the investigation sites (N1-N3, northern
slope exposition; S6-S8, southern slope exposition) (according to Egli et al., 2006; personal communi-

cation, D. Tatti and G. Sartori).

Dominating humus form according to

German classification
(Ad-hoc-AG Boden,

Soil cover
types

Elevation

Site (ma.s.l.) 2005)

Classification from
Switzerland (Gobat
et al., 2014)

Typical humus
profile

moss (90 %),
N1 1180-1195 fern (10 %)

N2 1395-1410 moss (100 %)

grass (80 %),
moss (20 %)

litter (90 %),
grass (10 %)

N3  1595-1605

S6 1200-1220

S7 1380-1395 grass (100 %)
litter (80 %),

S8 1650-1660 grass (20 %)

Mullartiger Moder
Typischer Moder
Typischer Moder
Mullartiger Moder

Mullartiger Moder

Mullartiger Moder/
Typischer Moder

Hémimoder/Eumoder/ OL-OF-(OH-)AE

Dysmoder

Dysmoder OL-OF-OH-AE
Dysmoder OL-OF-OH-E
Eumésoamphi OL-OF-(OH-)A
Hémimoder OL-OF-(OH-)AE
Hémimoder OL-OF-(OH-)AE
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Table 2

Data basis for modeling. Values of topography
and humus forms have been aggregated from all
sampling plots per investigation site.

Percentage
Number of humus
of sam- forms
pling Elevation Slope showing an
Site plots (m a.s.l.)1 exposition OH horizon
north o
N1 6 1200 (360°N) 15.00%
north o
N2 3 1400 (360°N) 66.67%
north o
N3 6 1630 (360°N) 60.00%
south o
S6 6 1200 (180°N) 6.67%
south o
S7 3 1400 (180°N) 50.00%
south o
S8 6 1630 (180°N) 53.33%

'From DTM, aggregated by plot elevations.

sample where a continuous OH horizon was
present. If an OH horizon did not exist, the
value 0 was assigned. For discontinuous OH
horizons the small-scale presence and absence
of an OH horizon often changed abruptly and
irregularly (thus without the possibility to
trace it back clearly to other factors). There-
fore, the intermediate value 0.5 was used for
this situation.

Table 3

In order to examine the combined effects of
elevation and slope exposition, the particular
elevation and slope exposition values were
aggregated to three levels of elevation and
two levels of exposition. For elevation, the in-
termediate values 1200 m, 1400 m, and 1630 m
were derived from the elevation values of the
related sampling plots. For slope exposition,
north-exposed sites were assigned a value of
360°N (equal to 0°N), and south-exposed sites
were assigned a value of 180°N (Table 2). The
humus form data of each sampling plot was
weighted according to the estimated percent-
age of its soil cover type in relation to the
overall area at this site (Table 1).

Four additional sites for model validation
were studied with a reduced number of sam-
pling plots (n = 8). Two sites each were locat-
ed at north-facing (VN1, VN2) and south-
facing (VS1, VS2) slopes (Table 3).
Information about the elevation in the study
area was taken directly from a bare ground
digital terrain model (DTM) with a grid width
of 10 m (Aberegg et al., 2009; compiled by the
Provincia Autonoma di Trento on the basis of
the topographic map with the scale of
1:10,000). A model representing slope exposi-
tion values was derived from this DTM with
the slope method by Horn (1981).

Validation sites: topographic position and percentage values (observed and modeled) of humus forms

showing an OH horizon.

Decision tree model

Fuzzified decision tree model

Elevation  Slope Observed Predicted Predicted
Site (ma.s.l.) exposition value value Deviation value Deviation
VN1 1210 north 45.0% 10.8% 34.2% 11.2% 33.8%
VN2 1380 north 100.0% 51.7% 48.3% 62.0% 38.0%
VS1 1340 south 0.0% 63.3% —63.3% 46.0% -46.0%
VS2 1570 south 50.0% 51.7% -1.7% 52.1% -2.1%
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Modeling

Two modeling approaches were juxtaposed.
The first approach used results from decision
tree analysis without any fuzzification pro-
cess, and the second one combined decision
trees and fuzzy logic. Decision trees were
built using the statistical software R (R Core
Team, 2015) and the R package rpart
(Therneau et al., 2015). The routine can be
appendix (file
DecTreeAnalysis.R together with the data file
hf_data.txt).

Bell-shaped fuzzy membership functions

found in the online

describing the occurrence of OH horizons in
dependence on the elevation and slope expo-
sition were formulated according to Equation
3. As the effects of two influencing variables
(elevation and slope exposition) were exam-
ined, a two-step fuzzification procedure need-
ed to be applied. With the first step, fuzzy
membership functions were used to build
submodels. These submodels correspond to
the subtrees originating from the secondary
split in the tree, thus they depend on the less
influencing variable. The fuzzy membership
functions were fitted by using values of the
influencing variable together with the related
percentages of a humus form with an OH
horizon. With the second step, the submodels
were combined by means of weighting func-
tions that thereby realize fuzzification of the
primary influencing variable. The resulting
fuzzy membership functions were realized
with the ArcGIS extension tool ArcSIE (Shi,
2013). This tool processed them to build maps
that spatially predict the occurrence of OH
horizons.

Modeling was conducted for the central part
of Val di Rabbi. According to our field expe-
rience, the prediction area was selected to in-
clude the coniferous forest zone at the valley
sides between 1100 m and 1800 m a.s.1.

The results from modeling were assessed
with the mean error (Equation 4) and the root
mean squared error (RMSE) (Equation 5) of
the predictions at the validation sites:

ME= > 2|y (4)

2
RMSE= |* $2,(79) (5)

The number of samples for validation is n, y,

are the observed values at the validation sites,
and . are the related values predicted by the

model.

RESULTS

The sample data on the spatial distribution of
humus forms showing an OH horizon and the
related data on elevation and slope exposition
was used for the construction of a decision
tree. This yielded a tree with a primary parti-
tion induced by the factor elevation at 1300 m
a.s.l. (Fig. 3). The left subtree consisted of a
single node, representing the relatively simi-
lar percentages of humus forms with an OH
horizon at north-exposed and south-exposed
slopes below 1300 m. The right subtree ap-
plied to elevations from 1300 m upwards and
included another partition to distinguish be-
tween northern and southern slope exposi-
tions.

The nodes of the decision tree were obtained
by recursive partitioning of the sample set.
Each of the three leaf nodes held a subset with
a prediction about the occurrence of OH hori-
zons for the study area, which was specific to
the related elevation and exposition range
(Fig. 3):

e below 1300 m: 10.83% of the area exhib-

ited a humus form with an OH horizon
(based on 12 samples)
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elevation < 1,300 m

10.83 %
=12

elevation = 1,300 m

southern
exposition
(=90° N and
< 270° N)

Figure 3. Decision tree for
the distribution model of OH
horizons. The upper value
inside the tree nodes repre-
sents the projected percent-
age of the area with humus
forms showing an OH hori-
zon in relation to the overall
area at this elevation and
slope exposition. The lower

northern
exposition
(< 90° N or
> 270° N)

51.67 %
n=9

value n indicates the num-
ber of related samples.

63.33 %
n=9

e at south-exposed slopes from 1300 m up-
wards: 51.67% of the area exhibited a hu-
mus form with an OH horizon (based on
9 samples)

¢ at north-exposed slopes from 1300 m up-
wards: 63.33% of the area exhibited a hu-
mus form with an OH horizon (based on
9 samples)

The first model variant simply used this sep-
aration and mapped the values from the leaf
nodes to the related elevation and exposition
ranges inside the study area. This caused a
steplike behavior of the distribution function
(Fig. 4).

The second model variant also originated
from the values of the leaf nodes, but includes
a fuzzification at the transitions between

- - - - decision tree model

100
80
60
40

20

Cumulative distribution (%)

Predicted valuesforthe percentage

of a humus form with an OH horizon (%)
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51.67

different elevation and exposition ranges. As
there are two variables influencing the occur-
rence of OH horizons, two steps of fuzzifica-
tion need to be realized. With the first step,
the two subtrees at tree level 2 were fuzzified,
both being independent on elevation (Fig. 3).
For elevations below 1300 m a.s.l. (left sub-
tree) the constant value 10.83% was used for
all slope expositions (constant function s, , =
0.1083). At higher elevations (right subtree)
fuzzy membership functions were construct-

ed, which covered the pairs (z;, s, ) referring

ijka

to Equation 3 (z,, = slope exposition in °N,

ij,a

S.... = percentage of humus forms showing an

iika
OH horizon): (0, 0.6333), (180, 0.5167), (360,
0.6333). Figure 5 illustrates possible functions

for different parameters r, / r, (assuming r, =

——— fuzzified decision tree model

Figure 4. Cumulative distri-
bution functions for the val-
ues predicting the percent-
age of a humus form with an
OH horizon in the two mod-
els that are compared.

63.33



Percentage of a humus form
showing an OH horizon
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Figure 5. Fuzzy membership
functions for the distribution
model of OH horizons above
1300 m a.s.l., derived from
the right subtree in Figure 3.
The solid line represents the
function with r,=r,=2 the
dashed lines have the pa-
rameters rh=r,= 1 (short

dashing) and r=r,= 3 (long

0 50 100 150 200 250 300

1,). In this case the function with r, =7, =2 was

chosen for further modeling, as a function
with a median trend in the increasing occur-
rence of OH horizons from south to north
exposition (Equation 6).

Under the assumption r, = r, both of the func-

tions for western and eastern slope exposi-
tions behaved equally (v, = v, and w, = w,), so

the system of equations Equation 6 reduced to
a single equation (Equation 7).

The submodels for the two elevation ranges
(1100-1300 m and 1300-1800 m) represent the
(left and right) subtrees of the root node (Fig.
3), which both underwent fuzzification of the
slope exposition. As a second fuzzification
step the partition of the root node (where both
submodels are connected) needs to be ad-
dressed. Fuzzification of the elevation was
performed in the range between the examined
investigation sites N1/S6 and N2/S57 (1200-
1400 m a.s.l.), where predictions tend to be
uncertain due to the lack of sampling data. It
was accomplished by building functions asso-
ciating the elevation with a weight between 0

350 Exposition (* N) dashing).

and 1 (Fig. 6). These weighting functions were
applied at the fuzzy membership functions of
the submodels from the first fuzzification
step. As a consequence of fuzzification, the
distribution function of the second model
showed a continuously increasing behavior
without consecutive steps at the thresholds
that stem from the decision tree (Fig. 4).
Prediction maps indicating the percentage of
humus forms that show an OH horizon in the
area selected for modeling were constructed
for both model variants using ArcMap 10 and
the extension ArcSIE (Fig. 7). According to the
values of the fuzzy membership functions, the
values of the prediction maps ranged from
10.8% to 63.3%. The lowest values were pre-
dicted for low elevation areas between 1100 m
and 1200 m. At elevations from 1400 m
upwards, where only the fuzzy membership
functions for higher elevations was used (in
consequence of the second fuzzification step,
Fig. 6), there were significantly larger percent-
ages of a humus form with an OH horizon
(between 51.67% and 63.33%), with higher
prediction values at north-exposed slopes.

(Siika=1—04833xexp([(z:, — 180)/285]°In(0.5)) if z;, < 180,
Ik, 1 I

{ Sij,k,a = 0.5167

lf Zij,a = 180, (6)

Siina =1— 04833 xexp ([(zi;, — 180)/285]°In(0.5)) if z;;, > 180
K, I I

Sijka = 1 — 04833 « exp ([(2i;,0 — 180)/285] In(0.5) )

7)
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Figure 6. Weights for the synthesis of the elevation models. Dashed line: weights for the elevation model
below 1300 m a.s.l.; solid line: weights for the elevation model from 1300 m a.s.l. upward. Parameter val-
ues of the model for lower elevations (dashed line): v, = 1200, w, = 100, r,= 3. Parameter values of the

model for higher elevations (solid line): v, = 1400, w, = 100, r, = 3.

Model validation shows notable deviations
for both models, which are highest at site VS1
(observed value 0.0 %, predicted value 63.3 %
when using the decision tree model and
46.0 % when using the fuzzified decision tree
model). The deviations for the sites VN1 and
VN2 are moderate to high, the observed value
for site VS2 corresponds best with the values
predicted by the models (Table 3). When
including fuzzification, validation results in a
mean error of 30.0 % and an RMSE (root
When
predicting values only based on the decision
tree, the mean error is 36.9 % and the RMSE is
43.3 %.

mean squared error) of 34.3 %.

DISCUSSION

Results from the Case Study

The case study showed predictions for the
occurrence of OH horizons that vary in ac-
cordance with the modeling approach. The
model that includes a fuzzification procedure
fitted the real situation potentially better than
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the one without this procedure, as there were
no abrupt changes in the projected values due
to any threshold values from the decision
tree, which cannot be justified based on the
low data amount. Nevertheless, the structure
of the decision tree was also reflected in the
predictive map of the fuzzy logic model (Fig.
7).

Regarding the occurrence of OH horizons,
modeling revealed differences primarily with
a changing elevation. At higher elevations
within the forest, north-exposed slopes were
predicted to exhibit slightly larger percent-
ages of a humus form with an OH horizon
than south-exposed slopes. The validation
showed that deviations of field observations
from the model results were likely to occur in
some places. Nevertheless the predicted
trends of a higher occurrence of OH horizons
with an increasing elevation and also at
northern slope expositions were confirmed.
The deviations at the validation sites suggest-
ed that further thresholds might exist depend-
ing on the elevation, which were still not well
explained by the model.
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Figure 7. Comparison of the predicted spatial distribution of humus forms showing an OH horizon (a)
using decision tree analysis without fuzzification procedure, and (b) combining decision tree analysis and
fuzzy membership functions. In contrast to the first model (a), which only predicts three different
percentage values, the second model (b) incorporates the gradual transitions in humus forms along
different elevations and slope expositions. The modeled area includes areas with coniferous forest
between 1100 m and 1800 m a.s.l. in the central part of Val di Rabbi (Trentino, Italy).
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This predicted distribution depending on the
elevation and slope exposition is in line with
the findings of other investigations of forest
ecosystems, for example higher accumulation
of organic matter at north-facing compared to
south-facing slopes (e.g., Aberegg et al., 2009;
Ascher et al.,, 2012; Bernier, 1996; Egli et al.,
2009, 2010a, 2010b). The correlation of humus
forms and the relief parameters elevation and
slope exposition emphasizes the influence of
environmental factors such as solar radiation,
temperature and vegetation on decomposi-
tion processes also in the study area. The
effects of other covariates on decomposition
such as parent material were not examined in
the context of this study, thus modeling re-
sults are potentially subject to uncertainties at
sites where environmental conditions deviate
from the investigation sites (e.g., on mica
schists). With a higher number of investiga-
tion sites the results could possibly be im-
proved by integrating further potentially in-
fluencing variables.

Application of Decision Trees and
Fuzzy Logic

Modeling is exerted with a knowledge-based
approach, built on the use of decision tree
analysis and the concept of fuzzy logic. Deci-
sion trees have shown to be well suited for
revealing relationships between sample data
and environmental factors (Aberegg et al.,
2009; De’ath and Fabricius, 2000; Gerlitz,
2015). In the case of a small sample size, deci-
sion tree analysis has to be frequently per-
formed without any pruning procedure, since
this would eliminate almost every partition of
the sample set (for details on the pruning
procedure, see Breiman et al., 1984). For that
reason the number of sample elements is
usually low especially in the leaf nodes, thus
the direct use of maximum decision trees,
which are not pruned, for prediction is criti-
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cal. However, even these maximum trees are
not generally overfitted, as long as the distinct
places of the sampling plots have been deter-
mined directly in the field using the knowl-
edge and experience of experts in the sector of
decomposition.

The application of fuzzy logic helps to man-
age the limited predictive capability of the
trees, as the divisions of the sample set and
the related values of the covariates are fuz-
zified and do not act as strict thresholds. The
use of a nonautomated fuzzification proce-
dure also allows the integration of expert
knowledge for the definition of fuzzy mem-
bership functions (e.g.,, when choosing free
parameters; see Fig. 5). Because of the rela-
tively low number of samples and the ensu-
ing use of the results from a nonpruned tree,
an automated fuzzification procedure does
not seem to be appropriate (Gerlitz, 2015;
Suarez and Lutsko, 1999).

With the help of fuzzy membership functions,
the similarity of the environmental character-
istics at a site in comparison to those at sites
typical for one specific predicted value (e.g.,
OH horizon present) can be modeled in the
form of a membership (de Menezes et al,
2013; Zhu, 1997). The usage of fuzzy member-
ship values enables also the consideration of a
high spatial heterogeneity. This allows, for
example, for involving the small-scale vari-
ability, which has been shown to be an impor-
tant characteristic of decomposition processes
and properties in the Alps (Bednorz et al,
2000). Consequently, the predicted percentage
values, arising from the fuzzy membership
values, provide information about the local
variability of humus forms, although it is not
possible to get spatially differentiated predic-
tions at a resolution higher than 10 x 10 m2.
The bell-shape functions used to model the
dependency of indicators of decomposition
on environmental factors show a high flexi-
bility and can even manage factors that take



values in a cyclic range (such as slope ex-
position). Nevertheless, the application of a
bell-shape function to map the relationship
between the slope exposition and indicators
of decomposition seems to be disadvanta-
geous, as it shows different behavior for sites
north exposed (near 0°N and 360°N) and
south exposed (around 180°N) (see Fig. 5). A
potentially more reasonable way for this
would be the implementation of a trigono-
metrical function.

Uncertainties and Validity of Models

For the application of environmental models
it is essential to treat uncertainties, with re-
spect to the acquisition of data on the one
hand and to the modeling process on the
other hand (Brown, 2010; Keenan et al., 2011).
Within the modeled area of the case study,
the results are subject to different magnitudes
of uncertainty, depending on the similarity of
the elevation and slope exposition values to
those of the investigation sites. Accordingly,
the highest uncertainties of the model results
are located at eastern and western expositions
and in elevation ranges midway between the
investigation sites (e.g., 1300 m a.s.l., between
1200 m and 1400 m). This kind of uncertainty
corresponds with the level of accordance of
the fuzzy membership functions with the ac-
tual relationships in the modeled ecosystem.
Other sources of potential uncertainties of the
results are deviations of the elevation values
in the DTM from the real values, errors due to
the calculation procedure of exposition values
and inaccuracies due to the discrete represen-
tation of the landscape in the form of a raster
(Bocedi et al., 2012; Fisher and Tate, 2006;
Wechsler, 2007). In the context of topographi-
cal and hydrological analyses, small errors in
a DTM can result in major deviations when
deriving relief parameters (Holmes et al.,
2000; Zhou and Liu, 2004).

The validity of the results from the case study
is constrained to the modeled forested areas
in the range from 1100 m to 1800 m a.s.l. An
explicit validation procedure is essential
when having the intention to apply concrete
predictions on indicators of decomposition
(e.g., in the context of ecosystem manage-
ment). This validation procedure also needs
to consider the effect of additional environ-
mental covariates that might be relevant for
decomposition processes at places inside the
area selected for prediction showing varying
site conditions compared to the sampling
locations. When planning to transfer the mod-
eled effects of elevation and slope exposition
on decomposition to woodless areas or other
regions that exhibit different environmental
conditions, a particular assessment of the
transferability of the model is required
(Wenger and Olden, 2012).

CONCLUSIONS

Two modeling approaches for upscaling of
sample data on indicators of decomposition
from the local scale to the landscape scale
have been juxtaposed. This study focused on
an area characterized by a highly heteroge-
neous relief and data from a relatively small
number of samples, which have been sur-
veyed in places specified with expert knowl-
edge. Combining decision tree analysis and
the use of fuzzy membership functions has
shown to serve as a suitable approach. Build-
ing decision trees helped to generate informa-
tion about the influences of the environmental
factors elevation and slope exposition. How-
ever, direct upscaling of information about
decomposition processes from the results of
decision tree analysis yielded partially un-
realistic predictions that were manifested in
abrupt transitions between areas differentiat-
ed by the tree.
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Continuous and more realistic transitions can
be achieved by further processing the results
from decision tree analysis through an addi-
tional step that comprises the construction of
bell-shape fuzzy membership functions. For
the parameter slope exposition a future im-
provement of the mapping could be to leave
the functionalities of ArcSIE and use another
function type (e.g., trigonometric function).
As the modeling approach is based on fuzzy
logic, it accounts for small-scale variations in
decomposition processes as well as for uncer-
tainties caused by the inference from a few
investigation sites to a large study area.

Spatial modeling utilizing the technique pre-
sented in this paper is considered to be a
useful tool to obtain a detailed insight into
decomposition processes in a high mountain
environment. Implementing such a model
should include a validation procedure and an
analysis of uncertainty. Apart from the hu-
mus form, this approach could be used to
examine a variety of other related parameters
on a landscape scale, such as the pH value
and the composition of the decomposer com-

munity.
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Chapter 3

Upscaling the spatial distribution of enchytraeids and humus forms

in a high mountain environment on the basis of GIS and fuzzy logic

Supplementary materials can be found in Appendix 2 of this thesis.
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ABSTRACT

The aim of this study was to map the spatial distribution of enchytraeids and humus forms in a
study area in the Italian Alps by means of a knowledge-based modeling approach. The modeled
area is located around Val di Sole and Val di Rabbi (Trentino, Italy) and includes the forested
parts in the range between 1100 m and 1800 m a.s.l. Elevation and slope exposure are consid-
ered as environmental covariates. Models were implemented regarding the spatial distribution
of three variables at the landscape scale: 1) enchytraeids indicating mull humus forms, 2) enchy-
traeids indicating moder/mor humus forms, 3) humus forms showing an OH horizon. All three
models reveal a consistent trend of an increasing accumulation of plant residues and humus in
organic layers from low to high elevations and from south-facing to north-facing slopes. Valida-
tion and uncertainty analysis of input data confirm these trends, although some deviations are
to be expected (RMSE values from validation sites range from 26.3 to 36.2% points). Effects of
additional potentially influencing variables may lead to uncertainties of the model predictions
especially at positions with particular landforms (e.g. gullies and ridges). In the high mountains
environmental conditions are often quite heterogeneous due to a highly variable topography,
which also affects the species composition of the decomposer community and the occurrence of
different humus forms.

Keywords: Decomposition; Soil mesofauna; Decomposer community; Knowledge-based
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1. INTRODUCTION

Soil organisms are of high relevance for the
function of terrestrial ecosystems, driven by
their response to environmental conditions
and by a variety of interactions among them-
selves and with aboveground organisms [1,2].
With reference to decomposition, soil organ-
isms can be classified into decomposer com-
munity types, ie. typical, environmentally
controlled species assemblages of decomposer
organisms [3,4].

Enchytraeids are usually colorless worms be-
longing to the soil mesofauna (length ca. 2—40
mm) and inhabiting the topsoil [5]. As key
members of the decomposer community
enchytraeids strongly interact with other
species within the soil food web. Thus an
externally induced shift in the decomposer
community (e.g. land-use change, soil acidi-
fication, invasion of earthworms) also alters
the composition of the enchytraeid assem-
blage [6,7]. Hence, the species composition of
the enchytraeid assemblage serves as indi-
cator for the state of the entire decomposition
system in the topsoil. The characteristic de-
composer community of a particular site can
be inferred from analyzing the annelid coeno-
sis [8].

Variations in the activity of decomposing soil
organisms also reflect differences in the kind
of dead organic matter accumulated in the
topsoil. In forest ecosystems, humus forms are
distinguished by the presence of different
organic layers (OL = litter, OF = fragmented
residues, OH = humified residues) and by the
characteristics of the uppermost horizon of
the mineral soil [9]. As the relationship be-
tween decay processes and main features of
the organic layers is obvious, humus forms
are considered as indicators for soil ecological
activity linked with decomposition [10]. Ow-
ing to this indicator function, humus forms
serve as a valuable site-specific feature for the
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investigation of environmental changes in
ecosystems.

As to the annelid coenosis, it has been shown
from investigations in the German lowlands
that the occurrence of enchytraeid species
varies according to the humus form, with a
threshold between mull and moder/mor
humus forms [8]. Mull humus forms are char-
acterized by a high activity of soil organisms
incorporating dead organic matter into the
mineral soil, whereas moder/mor humus
forms are characterized by the accumulation
of highly decomposed dead organic matter
above the mineral soil in the form of an OH
horizon.

The spatial distribution of soil organisms and
humus forms gives information about varia-
tions of soil quality including carbon stocks
[11-15] and conditions for plant growth
[10,16,17]. Hence, mapping has potential for
tracing effects of climate and land-use
changes as well as for supporting forest man-
agement [18]. Spatial modeling of indicators
of decomposition such as humus forms and
soil organisms is currently lacking [19], espe-
cially in high mountain areas [20,21], al-
though these areas are known to be particu-
larly affected by environmental changes [22].
Therefore, the development of such maps is
required specifically for high mountain re-
gions.

With this study, we aim at mapping the spa-
tial distribution of enchytraeids and forest
humus forms depending on the elevation and
slope exposure in a study area located in the
Italian Alps. Correlations between the occur-
rence of humus forms and the associated
enchytraeid species are supposed to be re-
vealed by means of a GIS-based modeling ap-
proach. In order to assess the current state of
an ecosystem, it is often necessary to analyze
patterns of decomposition processes at a scale
higher than the local plot level. The focus of
this study is a mountainous, highly topo-



graphically heterogeneous area that is mostly
inaccessible due to the terrain. In this situa-
tion, upscaling of local information to the
landscape scale faces challenges due to a rela-
tively low number of sampling points and a
high local variability of environmental param-
eters. Therefore, a spatial modeling technique
specially designed to consider these issues is
needed. We utilize a knowledge-based ap-
proach applying decision trees and fuzzy
logic. Landscape-scale patterns of humus
forms and enchytraeid species are compared
to evaluate whether the composition of the
enchytraeid assemblage is represented by the
humus forms in a high mountain environ-
ment.

2. MATERIAL AND METHODS

2.1. Study area

The study area is located in the northern
Italian Alps in the northwestern part of the
Autonomous Province of Trento. It covers
about 500 km? and includes most parts of the
catchment area of Val di Sole (Fig. 1). The
climatic conditions in the study area are
temperate continental to subcontinental [23].
Local climatic conditions vary mainly accord-

ing to the topography. Different slope angles

and exposures cause high variations of solar
radiation [24]. The entire study area embraces
a siliceous parent material, dominated by
paragneiss, mica schists, phyllites and ortho-
gneiss [21]. Soil classes differ primarily with
the elevation: below ca. 1900 m a.s.l. Haplic
Cambisols (Dystric) and Umbric Podzols pre-
vail, above ca. 1900 m a.s.l. the predominant
classes are Entic Podzols, Albic Podzols and
Umbric Podzols [25].

The focus of this study was on the forested
mid-elevation areas (between 1100 and 1800
m a.s.l.), which cover the slopes on both sides
of the valleys. Norway spruce (Picea abies) and
European larch (Larix decidua) are the prevail-
ing tree species constituting these forests.

2.2. Experimental design

On the basis of previous research [26] and
with the help of experts with local knowl-
edge, six study sites (N1, N2, N3, S6, 57 and
S8, ca. 25 m? each) were selected. They were
located at three different elevations (on north
and south exposed slopes respectively) and
represented typical site conditions within the
investigated slope areas. The main character-
istics of these study sites are summarized in
Table 1. Although the dominant humus forms
differed between the sites, we often found a

mosaic-like pattern of humus forms. This was

e

ey

¥ Investigation site E F; |}
& Mountain peak ¥ . Dimaro

Fig. 1. Location of the study area in the Autonomous Province of Trento (ltaly) (modified from Egli et al.

(26]).
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Table 1

Dominant humus forms and profiles at the investigation sites (N1-N3: northern slope exposure, S6-S8:
southern slope exposure) (elevations according to Egli et al. [26]).

Dominating humus form
according to German
classification [27]

Elevation
Site (ma.s.l)

Dominating humus form
according to Swiss
classification [28]

Typical humus profile

N1 1180 Mullartiger Moder
N2 1390 Typischer Moder
N3 1620 Typischer Moder
S6 1185 Mullartiger Moder
S7 1400 Mullartiger Moder
S8 1660 Mullartiger Moder/

Typischer Moder

Hémimoder

Hémimoder

Hémimoder/Eumoder/

OL-OF-(OH-)AE

Dysmoder/Dysmull

Dysmoder OL-OF-OH-AE
Dysmoder OL-OF-OH-E
Eumésoamphi/Dysmull OL-OF-(OH-)A

OL-OF-(OH-)AE

OL-OF-(OH-)AE

manifested by the occurrence of humus forms
with an OH horizon and a weak structure of
the mineral soil (without biogenic features)
right beside humus forms without OH hori-
zon but with a well-structured A horizon in-
habited by endogeic earthworms. The study
sites were all located inside the coniferous
forest. Norway spruce (Picea abies) prevailed
at the north-exposed sites, whereas European
larch (Larix decidua) was dominant at the
south-exposed sites. In order to solidly detect
the effects of elevation, we performed an in-
tensive sampling at the lowest and highest
study sites including six plots each (N1, N3,
S6, S8). At the mid-elevation sites N2 and S7
three plots were sampled, respectively. Sam-
ples for this study were taken between June
and August 2013.

At each plot (n = 30 in total) humus forms
were described in the field at topsoil profiles
with a width of 50-100 cm using classifica-
tions and determination keys from Germany
[27] and Switzerland [28]. Soil samples for the
extraction of enchytraeids were acquired in
the immediate vicinity of the profiles using a
soil corer of 5 cm in diameter. Samples were
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taken from the uppermost 15 cm of the soil
starting at the top of the organic layer. As one
of the samples at study site S6 could not be
analyzed, a total of 29 plots remained.

Six additional validation sites V1-V6 were
sampled with a reduced number of plots
(three validation sites at different elevations
on a north- and south-exposed slope, respec-
tively). Samples for validation were taken in
September 2015.

All samples for the investigation of enchy-
traeids were transported to the IFAB labora-
tory, where enchytraeids were extracted. The
enchytraeid species were identified according
to Schmelz and Collado [29]. Annelids from
other families than Enchytraeidae but belong-
ing to the same size class were recovered with
the extraction as well. Thus we use the term
‘microannelids” when we refer to all species
determined. Species counting and determina-
tion were conducted at IFAB laboratory using
dissecting and light microscopes. Additional
laboratory analyzes for the final determina-
tion of humus forms were conducted at
Functional ecology laboratory (University of
Neuchatel).



2.3. Data analysis

Because of the relatively low number of study
sites, simplified representations of both the
composition of the enchytraeid community
and of humus forms were necessary. To eval-
uate the co-occurrence of enchytraeid species
with different humus forms, the life form (H-
type) of enchytraeids and other microannelids
was applied. The concept of life form types
indicates the typical habitat of species in the
sequence of humus forms (represented by the
four classes Mull, Mullmoder, Moder and
Mor) together with their vertical distribution
in the humus horizons [30]. The life forms of
three species are presented as examples in
Fig. 2. For the purpose of modeling, enchy-
traeid species were categorized as mull indi-
cators or moder indicators based on expert
knowledge. Species known to occur in mull
but not in moder/mor were classified as mull
indicators (e.g. Fridericia bulboides); species
known to occur in moder/mor but not in mull
were classified as moder indicators (e.g.
Cognettia sphagnetorum); and species known to
occur primarily in the intermediate humus
form mullmoder or both in mull and moder
were disregarded (e.g. Enchytronia parva),
since they explicitly indicate neither mull nor
moder/mor conditions. Table 2 specifies the
enchytraeid species considered for modeling
together with their mull and moder affinities.

As one of the determining factors for humus

forms and main criterion for the discrimina-

MU MOM MO RO

MU MOM MO RO

tion of mull-like and moder/mor-like humus
forms, the occurrence of an OH horizon was
used for modeling. Percentage values of hu-
mus forms showing an OH horizon were at-
tributed to every plot. We applied a percent-
age of 100% to plots with a continuous OH
horizon, a percentage of 50% to plots with a
discontinuous OH horizon and a percentage
of 0% to plots without OH horizon.

For modeling sample data on enchytraeids
and humus forms were aggregated from all
sampling plots per investigation site. This ag-
gregation was accomplished by weighting the
plot data according to the prevalence of the
respective soil cover types at the investigation
site (Table S1).

As variables influencing humus forms, the
topographical parameters elevation and slope
exposure were examined. Elevation values
were transferred from a digital elevation
model with a grid width of 10 m [21] (provid-
ed by Museo Tridentino di Scienze Naturali).
Data on slope exposure were derived from
the digital elevation model with the help of
the aspect tool in ArcGIS [31].

24. Modeling

A methodological framework specifically de-
signed to spatially predict indicators for de-
composition processes was applied [20].

Modeling was based on binary decision trees
built with the CART algorithm [32] using the
statistical software R [33] and the R package

MU MOM MO RO

OL OL OL

OF OF OF

OH ol oHn

An| | Anf | Al

a) Cognettia sphagnetorum b)  Fridericia bulboides C)  Enchytronia parva

Fig. 2. Life forms (H-type) of three selected enchytraeid species (modified from Graefe and Schmelz
[30]). Humus forms are indicated as follows: MU = Mull, MOM = Mullmoder, MO = Moder, RO = Mor
(“Rohhumus”). The cells representing the typical habitat of the species are colored in grey. For modeling,
species were characterized as a) mull indicators (life form including MU), b) moder indicators (life form
including MO or RO), c¢) no indicators (life form including MU and MO).
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rpart [34]. From these trees, bell-shaped or
S-/Z-shaped fuzzy membership functions
were derived referring to the concept of fuzzy
logic [35-37]. Fuzzy logic was used because it
enables elements to show a partial member-

Table 2

Microannelid species found in the samples and
their classification as indicators of mull or moder
humus forms in the model.

Indicator
Species class
Enchytraeidae
Achaeta danica Nielsen & Christensen, 1959  Moder

Achaeta sp. (dzwi)® Mull
Bryodrilus ehlersi Ude, 1892 Moder

Buchholzia appendiculata (Buchholz, 1862) Mull
Buchholzia simplex Nielsen & Christensen, Mull

1963

Cognettia sphagnetorum (Vejdovsky, 1878) Moder
Enchytraeus buchholzi Vejdovsky, 1879 Mull
Enchytraeus norvegicus Abrahamsen, 1969 —
Enchytronia christenseni Dézsa-Farkas, 1970  Mull

Enchytronia parva Nielsen & Christensen, 1959 —

Enchytronia sp. (holo)® Mull
Euenchytraeus bisetosus Bretscher, 1906 Moder
Fridericia auritoides Schmelz, 2003 Mull
Fridericia benti Schmelz, 2002 Mull
Fridericia bisetosa (Levinsen, 1884) Mull
Fridericia bulboides Nielsen & Christensen,

Mull
1959
Fridericia christeri Rota & Healy, 1999 Mull
Fridericia connata Bretscher, 1902 Mull
Fridericia miraflores Sesma & Dézsa-Farkas,

Mull
1993
Fridericia paroniana Issel, 1904 Mull
Fridericia ratzeli (Eisen, 1872) Mull
Fridericia stephensoni Moszynski, 1933 Mull

Fridericia waldenstroemi Rota & Healy, 1999  Mull

Fridericia sp. juv. Mull
Hemifridericia parva Nielsen & Christensen,

1959 Mull
Henlea nasuta (Eisen, 1878) Mull
Henlea perpusilla Friend, 1911 Mull
Marionina clavata Nielsen & Christensen, 1961 Moder
Mesenchytraeus glandulosus (Levinsen, 1884) —
Mesenchytraeus pelicensis Issel, 1905 Moder

Polychaeta

Hrabeiella periglandulata Pizl & Chalupsky,
1984

& Species not yet formally described.
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ship of a set (in contrast to Boolean logic).
Hence, complex relationships between the
landscape and soil can be modeled in a con-
tinuous way. Many important soil properties
are usually expressed as classified variables
(e.g. soil types, humus forms, presence of an
OH horizon). When using fuzzy logic an allo-
cation of sharp boundaries between different
soil properties, whose spatial positions are
quite uncertain, is not required [38].

Prior to the construction of decision trees, val-
ues of elevation and slope exposure were ag-
gregated from all sampling plots per investi-
gation site. The exposure value 0° N was as-
signed to the sites at north-exposed slopes,
the value 180° N was assigned to the sites at
south-exposed slopes. For the three different
elevation ranges the values 1200 m, 1400 m
and 1630 m a.s.l. were used. These aggrega-
tions were necessary for avoiding unrealistic
tree splits when the combined effects of eleva-
tion and slope exposure were analyzed.

The fuzzy membership functions described
the distribution of enchytraeid indicator class-
es and the occurrence of humus forms show-
ing an OH horizon in dependence on the
elevation and the slope exposure, respective-
ly. The parametrization of the functions uti-
lized a multi-step procedure to incorporate
the effects of both explanatory variables [20]:
1) construction of membership functions de-
pending on the variable with lower explana-
tory power, 2) construction of weighting func-
tions depending on the variable with higher
explanatory power, 3) combination of the
effects of both variables by applying the
weighting functions from step 2 to the
membership functions from step 1. Prediction
maps were compiled with the ArcGIS exten-
sion tool ArcSIE [39].

The areas for modeling included all conifer-
ous forests inside the study area, which are
located between 1100 m and 1800 m a.s.L
(corresponding to the valley sides of Val di



Sole, Val di Rabbi and adjacent valleys) and
on siliceous bedrock.

2.5. Model assessment

The models of the spatial distribution of
enchytraeid indicator classes and the occur-
rence of humus forms showing an OH hori-
zon are compared by calculating a similarity
index (1). At every location (xy), d,, is the

difference of the percentage of moder indica-
tors and the percentage of mull indicators,

normalized to the interval [0,1], and hw is the

percentage of humus forms showing an OH
horizon (also represented in the interval [0,1]).

M

SI =
xy dyy?+ hyy?— dyyhyy

In case of similar values d,  and h , the index

displays high values up to 1. If both values
are dissimilar, the index shows low values
down to 0.

The assessment of the model performance
was accomplished in terms of different sub-
jects: 1) the goodness of fit of the model; 2) the
validity of the model structure (using a
resampling approach) and of the prediction
results (analyzing independent validation
sites); 3) the uncertainty of the input data
from the study sites; 4) the uncertainty of the
model predictions regarding the applicability
of the model for varying landform types.

The goodness of fit of the model and the
prediction results at the validation sites were
evaluated by calculating the mean error (ME)
(2) and the root mean squared error (RMSE)

(3) where n is the number of samples, y, are
the observed values and j, are the related val-

ues predicted by the model:

1 ~
ME = - i=1ly: = 9l (2)

RMSE = |2 ZIL, (v~ 90° Q

Resampling was used to test the validity of
the internal model structure. For each mod-
eled variable (OH horizon, Mull indicators,
Moder indicators) 27 models were built on the
basis of a reduced number of sample plots per
study site (2/3 of the original samples at every
site) (Table S2).

Input data from the study sites are subject to
uncertainties, as the ecology of the humus
layers generally shows a high small-scale
variability. Therefore, the effects of modified
input site data sets on the model structure
and results were studied using exemplary
deviations of 20% points from the observed
values. For all of the modeled variables (OH
horizon, Mull indicators, Moder indicators)
the observed percentage values were both
diminished (simulating an overestimation in
the model) and increased (simulating an
underestimation in the model) by 20% points
at each plot (as far as possible, up to 0% or
100%). The value of 20% points was chosen
based on the magnitude of deviations of the
observed values at the validation sites as
compared to the corresponding study sites
(Table 3, Table 4).

With reference to the predicted values, un-
certainties are also caused as landform types
different from those at the study sites might
show deviations of soil ecological parameters
from the modeled trends along gradients of
elevation and slope exposure. In order to
identify the relevant areas, two prominent
topographic factors were examined: the LS
factor (describing conditions for erosion by
means of the slope length and steepness) and
the Topographic Wetness Index (TWI) [40,41].
At the study sites both parameters attain
intermediate values (the LS factor ranges
between 9 and 13, the TWI ranges between 4
and 6.5). A measure of uncertainty was calcu-
lated by comparing the LS and TWI values of
each position in the study area to those at the
study sites: if the parameter values were
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Table 3

Data basis for modeling. Percentages of microannelid indicator classes and humus forms with an OH
horizon have been aggregated from all sampling plots per investigation site. See Table S1 for data of
sampling plots, Table S3 and Table S4 for raw data of microannelid species and humus profiles.

Number of Percentage of mull

Percentage of moder

Percentage of humus

sampling indicators to all indicators to all forms showing an OH
Site plots microannelid individuals (%) microannelid individuals (%) horizon (%)
N1 6 15.07 44.93 18.33
N2 3 5.17 90.73 66.67
N3 6 20.53 73.55 90.00
S6 6° 95.06 0.00 6.67
S7 3 62.12 5.31 50.00
S8 6 63.39 8.06 46.67

@ At study site S6, the investigation of the enchytraeid indicator classes comprised only five samples.

similar to those at the study sites, a low un-
certainty was attributed to the predictions (in
this situation an uncertainty value close to 0
applies); if the parameter values deviated
from those at the study sites, the uncertainty
increased up to a maximum of 1. We indexed
the uncertainty in proportion to the deviation
of the parameter values from those at the
study sites, applying Gaussian-shaped curves
according to the uncertainty setting of Zhu et
al. [42].

3. RESULTS

3.1. Data analysis

At the south-exposed study sites we found
high percentages of mull-indicating enchy-
traeids, whereas percentages of both moder-
indicating enchytraeids and of forest humus
forms showing an OH horizon are low (Table
3, Table S1). The highest percentage of mull
indicators (ca. 95.1%) was found at the study
site S6, located at low elevation. This co-
incides with the absence of moder indicators
and with the low occurrence of humus forms
with OH horizon (ca. 6.7%). Comparing the
study sites S7 and S8 (at middle and high
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elevations) with study site S6 (at low eleva-
tion), we found a lower percentage of mull
indicators (ca. 62.1% and 63.4%) along with
higher percentages of moder indicators (ca.
5.3% and 8.1%) and humus forms showing an
OH horizon (ca. 50.0% and 46.7%).

The north-exposed study sites show generally
lower percentages of mull indicators and
higher percentages of both moder indicators
and forest humus forms with OH horizon
than the south-exposed sites (Table 3, Table
S1). The highest percentage of moder indi-
cators was found at the study site N2 (ca.
90.7%), whereas the highest percentage of hu-
mus forms with OH horizon occurs at site N3
(ca. 90.0%). The results at station N1 appear
ambiguous: a relatively high percentage of
moder indicators (ca. 44.9%) coincides with a
relatively low percentage of humus forms
with OH horizon (ca. 18.3%).

3.2. Spatial modeling of enchytraeids

Decision trees revealing variations in the
distribution of mull- and moder-indicating
enchytraeids related to elevation and slope
exposure have been accomplished by re-
cursive partitioning of the sample set. They



Table 4

Validation sites: topographic position and percentage values (observed and predicted) of modeled

parameters.
Elevation Slope Observed value Predicted value Deviation

Site (ma.s.l) exposure (%) (%) (% points)
OH horizon
(ME = 22.1% points, RMSE = 26.3% points)
V1 1270 north 50.0 31.5 18.5
V2 1480 north 50.0 73.6 -23.6
V3 1650 north 50.0 74.5 -24.4
V4 1240 south 0.0 14.9 -14.9
V5 1420 south 0.0 49.3 -49.3
V6 1730 south 50.0 48.3 1.7
Mull indicators
(ME = 26.1% points, RMSE = 36.2% points)
V1 1270 north 90.2 9.9 80.3
V2 1480 north 0.0 14.5 -14.5
V3 1650 north 0.0 21.4 -21.4
V4 1240 south 88.3 76.2 121
V5 1420 south 87.5 63.6 23.9
V6 1730 south 60.9 56.6 4.3
Moder indicators
(ME = 23.4% points, RMSE = 30.1% points)
V1 1270 north 6.3 67.4 -61.1
V2 1480 north 93.1 78.1 15.0
V3 1650 north 99.0 84.1 14.9
V4 1240 south 0.0 7.2 -7.2
V5 1420 south 0.0 8.5 -85
V6 1730 south 38.0 45 33.5

reflect the observations at the study sites as
described above with the slope exposure
being the more decisive factor for the spatial
distribution of enchytraeids (first-level split in
decision trees) in comparison with the eleva-
tion (second-level split in decision trees) (Fig.
3, Fig. 4).

Fuzzy membership functions are derived by
deploying the results from these trees and
fuzzifying them along the elevation gradient
to two submodels for contrasting slope expo-
sures (corresponding to the left and right sub-
trees in Figs. 3 and 4). The occurrence of mull
indicators on south-exposed slopes is mod-
eled with a Z-shape function, as it decreases
with increasing elevation. The parametriza-
tion is realized by fitting the general function

rule based on the decision tree using the val-
ues 0.9506 at 1200 m (occurrence at site S6),
0.7352 at 1300 m (overall occurrence taken as
approximation at the split value) and 0.6276
at 1515 m (mean occurrence at sites S7 and
S8). Below 1200 m the function is fixed at the
value 0.9506 because this was the maximum
percentage of mull indicators found at south-
exposed slopes and there were no investiga-
tion sites located further downhill. This leads
to function (4) for south-exposed slopes. For
north-exposed slopes an S-shape function is
derived from the decision tree analogously,
resulting in function (5). The fuzzy member-
ship s

ira Of @ modeled variable k depends on

the value z;, of a single environmental vari-

able a at location (i}).
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43.56 %
n=29

southern exposure
(= 90° N and < 270° N)

73.52 %
n=14

elevation
> 1300 m

elevation
< 1300 m

95.06 %
n=5

62.76 %
n=9

northern exposure
(< 90° N or > 270° N)

13.59 %
n=15

elevation
>1515m

elevation
<1515 m

10.12 %
n=9

20.53 %
n==6

Fig. 3. Decision tree for the distribution model of enchytraeids indicating mull humus forms. The upper
value inside the tree nodes represents the projected percentage of mull indicators in relation to all enchy-
traeids at this elevation and slope exposure, the lower value n indicates the number of related samples.

The occurrence of moder indicators is mod-
eled with the function (6) for north-exposed
slopes (derived in the same way as functions
(4) and (5)). As in the decision tree there is no
further split for south-exposed slopes (Fig. 4),
a constant function is applied for these slopes
(S50 = 0.04457).

Integrating the models for south- and north-

southern exposure
(=90° N and < 270° N)

4.46 %
n=14

37.10 %
n=29

exposed sites is realized both for mull and
moder indicators utilizing weighting func-
tions depending on the local slope exposure x.
The model for northern slope exposures is

weighted with 0.5 * cos (x *%) + 0.5, the

model for southern slope exposures with

—0.5 = cos (x * L) + 0.5. Cosine functions are
180

utilized in order to reflect the similarity of the

northern exposure
(< 90° N or = 270° N)

69.74 %
n=15

elevation elevation

<1300 m > 1300 m
44 93 % 82.14 %
n=6 n=9

Fig. 4. Decision tree for the distribution model of enchytraeids indicating moder humus forms. The upper
value inside the tree nodes represents the projected percentage of moder indicators in relation to all
enchytraeids at this elevation and slope exposure, the lower value n indicates the number of related sam-

ples.
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Sij,k,a = 0.9506

Sijka = 0.9506 * exp ([(Zij,a - 1200) / 1072.83]

Sijka =
Sij,k,a = 0.2053

Sij,k,a = 0.4493

Sijka = 1 — 05507 + exp ([(zi7a — 1200) / 130.458]

02053 + exp ([(ziq — 1630) / 317.15]

lf Zij,a < 1200,

| 4
o4182081n(0_5)) if zijq > 1200 4)
0'511492ln(0-5)) if zj4 < 1630, (5)
if zijq > 1630
if zijq < 1200,
0550436 ©)

n(0.5)) if zija > 1200

slope exposure x in comparison with south
and north exposure with regard to sunlight.

The model results deliver predictions of the
spatial distributions of mull and moder indi-
cators in the study area. An evaluation of the
predicted percentage values as emergent

areas of dominance of mull- and moder-indi-
cating enchytraeids exhibits again a major
relationship to the slope exposure and a mi-
nor relationship to the elevation, which is
more pronounced at southern exposures (Fig.
5).

1620000 1640000
1 1
=} o
g * | -8
1=} =]
n o
- .
0 0
N
><Monte Cevedale A
Karspitze
o P
o o
& b K
n o
© ©
- -
0 0
Legend
X Mountain peak Elevation in metres a.s.l.
o Study site [ < 1500
[/ 1500 - 2000
® Settlement : > 2000 - 2500
A\~~~ Stream 1> 2500
Difference of the percentage of moder indicators
= 0 2 4 6 8 10 and the percentage of mull indicators =
§ N e w—— km Mull indicators dominating Moder indicators dominating §
b Map: Niels Hellwig - < =50 percentage points [:l >0p.p.-10p.p. o
Data basis: Enchytraeids survey by Ulfert Graefe - -50 ~10 - 10 50
DEM: Museo Tridentino di Scienze Naturali pp-= P-p- PP PP
Coordinate system: Monte Mario Rome Italy 1 >-10p.p.-0p.p. > 50 p.p.
Projection: Transverse Mercator I:I Ee i - BE
1 1
1620000 1640000

Fig. 5. Prediction of the areas of dominance of mull- and moder-indicating enchytraeids.
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3.3.

Decision tree analysis and an ensuing fuzzi-

Spatial modeling of humus forms

fication procedure examining the dependence
of the distribution of forest humus forms
showing an OH horizon on the factors eleva-
tion and slope exposure have been carried out
similarly to those for enchytraeids. Unlike in
the model of enchytraeids, elevation rather
than slope exposure appears as the superior
factor accounting for changes in the presence
of an OH horizon (first-level split in the relat-
ed decision tree) (Fig. 6).

The transformation to fuzzy membership
functions (fuzzification along the slope expo-
sure from 0° to 360° with reference to north
exposure) yields the constant function s, , =
0.125 for elevations below 1300 m a.s.l. and
the bell-shape-function (7) for elevations
above 1300 m a.s.L.

For assembly of the submodels for these two
elevation ranges, they are weighted depend-

ing on the local elevation value y for eleva-
tions between 1200 m and 1400 m a.s.l. (due to
a lack of data at these elevations). The model
for elevations below 1300 m a.s.l. is weighted
with exp(|(y — 1200) / 100|3 In(0.5)), whereas
the model for elevations above 1300 m a.s.l. is

weighted with exp (|(y - 1400) / 100| In(0.5)).

A prediction map that depicts the spatial
distribution of forest humus forms showing
an OH horizon is obtained from the total
model (Fig. 7). Corresponding with the do-
main of the fuzzy membership functions, the
predicted percentage values range between
12.5% and 78.3%. The lowest values are to be
found at low elevations. At high elevations
(above 1300 m a.s.l.) the percentages of forest
humus forms with OH horizon depend on the
slope exposure: intermediate percentages
around 50% are predicted at slopes with
southern exposures, high percentages up to
78.3% arise at slopes with northern exposures.

Stika = 1 = 05166 * exp ([(zja — 180) /161]" in(0.5)) 7)

46.39 %
n=30

elevation < 1300 m

12.5 %
n=12

elevation = 1300 m

63.33 %
n=18

northern
exposure

southern
exposure

(= 90° N and (<90° N or
< 270° N) > 270° N)
48.34 % 78.33 %
n=9 n=9

Fig. 6. Decision tree for the distribution of forest humus forms showing an OH horizon. The upper value
inside the tree nodes represents the projected percentage of humus forms with OH horizon in relation to
all humus forms at this elevation and slope exposure, the lower value n indicates the number of related

samples.
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Fig. 7. Prediction of the spatial distribution of forest humus forms showing an OH horizon.

3.4. Model assessment

The comparison of the models of the spatial
distribution of enchytraeid indicator classes
and the occurrence of humus forms with an
OH horizon revealed a high similarity in most
parts of the study area. The distribution of
enchytraeid species and the occurrence of OH
horizons coincide generally better at north-
facing than at south-facing slopes, with the
exception of sites at low elevations where the
overall lowest similarity values are found at
north-facing slopes (Fig. S1).

The model shows a good fit to the observa-
tions: The RMSE values are 7.0% points both

for the model of humus forms with an OH
horizon and for the model of mull-indicating
enchytraeids. For moder-indicating enchy-
traeids the RMSE value is 8.0% points. The
model residuals at the study sites are between
0 and 12.3% points for all three models. They
are neither correlated among each other nor
spatially autocorrelated.

Validation of the model structure shows a
generally consistent model behavior when
using different resampled data sets. This is
reflected by a relatively low variability of the
model results. Resampling shows RMSE val-
ues up to 11.34% points for mull-indicating
enchytraeids. The highest variability occurs at

57



high elevations and south-exposed slopes
(Fig. S2). For moder-indicating enchytraeids
the maximum RMSE value is 16.46% points,
which is found at low elevations on north-
exposed slopes (Fig. S3). The resampled
model results for humus forms with an OH
horizon show RMSE values up to 19.39%
points. They are highest at high elevations
on south-exposed slopes and at middle ele-
vations on north-exposed slopes (Fig. 54).
The assessment of the model results general-
ly shows deviations of the predicted values
from the observed values at the validation
sites in the range of 5-25% points (Table 4).
We found high deviations especially in the
model addressing the distribution of humus
forms with an OH horizon (up to 49.3%
points at site V5) but also in the models of
enchytraeids (especially at site V1: 80.3%
points for mull indicators and 61.1% points
for moder indicators). Because of the highest
deviation at site V1 and the relatively high
deviation at site V5 the RMSE is highest in
the model of mull indicators (36.2% points).
In the model of moder indicators the RMSE
equals 30.1% points, whereas in the model
of humus forms with an OH horizon it
amounts to 26.3% points.

The results from uncertainty analysis of in-
put data reveal a consistency regarding the
structures of the decision trees for the major-
ity of modifications of the data (Table 5).
However, in some cases the structure of a
tree changes, i.e. node splits are added, elim-
inated or modified (new splitting criteria).
The absolute mean deviations in the predict-
ed values range between 0.20 and 10.38%
points, the absolute maximum deviation
amounts to 29.99% points (when increasing
the percentage of humus forms with an OH
horizon by 20% points at station S8).

The uncertainties of the model predictions
when considering landform types different
from those at the study sites are derived
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Table 5

Results of uncertainty analysis of input data. Values
represent the deviations of the predicted values in
percentage points as compared to the unmodified
models. Underlined values indicate an alteration in
the structure of the underlying decision tree (Figs.

3,4, 6).
Modified site
N1 N2 N3 S6 S7 S8

OH horizon

Increase by 20% points

Mean 159 423 196 159 526 10.38
SD 333 375 180 333 357 1248
Maximum 10.00 10.11 5.03 10.00 10.00 29.99
Minimum ~ 0.00 0.00 0.00 0.00 0.00-19.92
Decrease by 20% points

Mean -1.46 198 -332 -053 -5.13 -5.13
SD 305 1156 326 111 358 3.58
Maximum 0.00 20.00 0.00 0.00 0.00 0.00
Minimum -9.17 =29.92 -9.91 -3.34 —10.01 —-10.01
Mull indicators

Increase by 20% points

Mean —020 227 446 024 533 4.29
SD 623 3.16 6.00 1.07 6.83 4.72
Maximum 26.73 11.92 20.00 4.94 1847 12.13
Minimum -11.96 -0.27 -224 -1.05 -6.94 -6.94
Decrease by 20% points

Mean -1.65 -0.58 -5.00 -0.94 —4.98 —4.98
SD 230 079 589 435 381 381
Maximum 040 0.03 6.73 452 0.01 0.01
Minimum -7.59 -2.82 —19.36 —20.00 —11.90 —11.90
Moder indicators

Increase by 20% points

Mean 087 177 370 193 599 587
SD 361 160 335 310 522 8.01
Maximum 20.00 4.69 10.00 15.54 16.35 23.60
Minimum -3.06 -0.28 -1.04 024 446 -3.68
Decrease by 20% points

Mean -0.98 -3.98 -3.98 2 097 -1.48
SD 357 358 3.58 24 063 09
Maximum 217 0.15 0.15 -4 000 0.00
Minimum —20.01 —10.90 —10.90 2177 -2.69

@ No moder indicators were found at study site S6.



from the values of the LS factor and the TWL
As the study sites, providing the data basis
for modeling, are located on quite smooth
slopes, the highest uncertainties appear at
positions in gullies or on ridges. These topo-
graphical structures are clearly recognizable
in the map illustrating the uncertainties of the
model results (Fig. 8).

4. DISCUSSION

4.1.
traeids and humus forms

Spatial distribution of enchy-

Processes of organic matter decomposition
are influenced by the activity of decomposer

organisms [2,43,44]. Decomposition processes
in turn affect the state of the topsoil; thus
decomposition and the topsoil in its role as
habitat of the decomposer organisms are
interdependent. The state of the topsoil itself
depends on the basic soil-forming factors
climate, organisms, topography, parent ma-
terial and time [45]. In our study area topo-
graphy and vegetation are most important, as
climatic differences are principally mediated
by the topography and the parent material is
relatively homogeneous (section 2.1). The fac-
tor time is of minor relevance for decompo-
sition processes because decomposer organ-
isms adapt relatively fast to environmental
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changes [46-49].

In this study, we examined the composition of
the enchytraeid assemblage by proxy of the
decomposer community on the one hand and
the characteristics of humus forms as mani-
festations of dead organic matter at different
stages of decomposition on the other hand.
The occurrence of enchytraeids depends on
factors such as soil pH, soil moisture, soil
texture and soil organic matter content [30,50-
52]. The connections between decomposer
organisms like enchytraeids and humus
forms are well known, also from investiga-
tions at the landscape scale [53,54]. The results
of our study reveal a strong relationship
between the occurrence of particular enchy-
traeid species and the spatial distribution of
forest humus forms also under climatic condi-
tions of the Alps. This relationship is obvious
in all parts of the modeled areas except for
north-facing slopes at low elevations (Figs. 5
and 7, see also Fig. S1).

The discrepancy between humus forms and
enchytraeid indicator species in these places
originates from the observations at study site
N1. From our field experience this might be
due to a small-scale spatial mosaic pattern of
varying conditions in the topsoil. Another
explanation could be the fact that the applied
classification of life form types is based on
observations from the German lowlands [30]
and might not be completely transferable to
the Alpine environment.

It has been previously shown that elevation
and slope exposure have a major influence on
the spatial distribution of forest humus forms
and enchytraeids in the high mountains
[12,55,56]. Our results confirm these findings
and are in line with former investigations of
humus forms and soil organic matter in the
study area [21,57,58]. The sample data reveal
a certain degree of local spatial heterogeneity
of decomposition processes at all study sites
(Table S1). In high mountain environments,
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this local-scale variability of humus forms is
connected to micro-topography and ground
vegetation patterns [59,60]. The spatial model
we presented emphasizes the landscape-scale
patterns by yielding predictions for the entire
slope areas of the study area. The application
of fuzzy logic facilitates the representation of
local spatial variability, as the percentage val-
ues reflect predicted mean values at an area of
10 x 10 m2.

In general, predicted percentages of moder/
mor-indicating enchytraeids and related for-
est humus forms with an OH horizon increase
from low to high elevations and from south-
ern to northern exposures. At sites with high
elevations and on north-exposed slopes, low
temperatures apparently hinder the activity of
those decomposers intermixing the topsoil
and incorporating plant residues and humic
substances into the mineral soil [61].

Models of the spatial distribution of soil prop-
erties based on landscape attributes have been
formalized in the context of digital soil map-
ping [62-65]. Fuzzy logic-based approaches
have been applied for modeling in several
studies [20,38,66-69]. To our knowledge, this
is the first time that the landscape-scale
relationship between soil organisms and
humus forms has been evaluated on the basis
of spatial modeling. This study shows that in
our study area the composition of the decom-
poser community can be approximated from
the humus form. As a result, our findings con-
tribute to demonstrating the ecological signifi-
cance of humus forms in high mountain envi-
ronments. Mapping of humus forms thus has
great potential to be used for detecting envi-
ronmental changes and understanding their
impacts on high mountain ecosystems.

4.2. Model limitations

Humus forms were distinguished regarding
the presence of an OH horizon, in congruity



with the discernment of enchytraeid species
indicating mull and moder/mor. Although
common humus form classifications provide a
variety of subtypes [27,28,70], in this study we
desisted from a further distinction due to the
relatively low number of study sites. These
simplifications do not allow the distinction of
subtypes of humus forms or life forms of
enchytraeids indicating different intermediate
stages between the two classes mull and
moder/mor, but enable the modeling of differ-
ent degrees of similarity to both of these clas-
ses. Regarding seasonal dynamics, which
might affect the abundance of enchytraeids,
an interference with the model results pre-
sented in this study is unlikely because the
composition of the enchytraeid assemblage
does not vary much within the time span of
sampling (June to September).

The validity of the model predictions is gen-
erally limited to areas between 1100 m and
1800 m a.s.l. that are located inside the conif-
erous forest. As for the results of the valida-
tion (from resampling and validation sites),
they are ambiguous. The resampling proce-
dure reveals low variation in the model
results, thus the structure of the models is
rather consistent. The analysis of the valida-
tion sites shows relatively high RMSE values,
whereas the deviations of the observed values
from the modeled values are relatively small
(mostly up to ca. 25% points). The highest de-
viations are found at the sites V1 and V5. At
site V1 this might originate from a small-scale
mosaic of varying topsoil conditions. At site
V5 the development of mull conditions might
be promoted in comparison with 57 by gaps
in the tree canopy, which potentially allows
for a better thermal absorption of the topsoil.
The uncertainty analyses of input data show
that effects of data modifications are attenuat-
ed in the model predictions, as there are only
a few cases where the structure of the deci-
sion tree is moderately changed. This implies

that the predictions do not deviate tremens-
dously from model results presented in our
study even when assuming that the observa-
tions at the study sites do not reflect the exact
percentage values of humus forms with an
OH horizon and enchytraeid indicator classes.
In general, these analyses confirm the predict-
ed trends related to elevation and slope expo-
sure.

The model results are also subject to uncer-
tainties induced by both the selection of co-
variates and the set of values of the covariates
at the study sites. Our study considered two
basic topographic attributes (elevation, slope
exposure) as influencing factors. Regarding
these attributes, the uncertainties are expected
to be the higher the more elevation and slope
exposure of any site differ from the study
sites (at east- and west-facing slopes or, for
example, at 1300 m, midway between the
study sites at 1200 m and 1400 m). The analy-
sis of uncertainties referring to the landform
type accounts for possible additional topo-
graphical influences on decomposition pro-
cesses induced by erosion and accumulation
(LS factor) or the distribution of water within
the soil (TWI). In order to enhance the model
a larger data basis is necessary, integrating for
example sample sites with concave and con-
vex landforms. Additionally, the integration
of further possible influencing factors such as
liter amount and composition (e.g. a data
layer differentiating various forest units)
could improve the model results. The consid-
eration of irregular events affecting decompo-
sition (e.g. dry/wet periods, windthrow, hu-
man influences) requires modeling on the
basis of long-term data sets as well.

should also address the
effects of the model scale on the results. The

Future research

investigations of this study refer to superor-
dinate patterns of decomposition processes at
the landscape scale, including the slopes of
several Alpine valleys. However, decomposi-
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tion processes show a considerable small-
scale variability [59]. Thus we encourage
investigations also at the slope scale, which
should consider subordinate influencing vari-
ables (e.g. forest units, areas of erosion or ac-
cumulation), and at the local scale (e.g. 100 m?),
where the micro-topography and local differ-
ences in the ground vegetation should be re-
garded.

5. CONCLUSION

The spatial distributions of enchytraeids and
forest humus forms in a study area in the
Italian Alps have been analyzed by means of
a knowledge-based modeling approach, ac-
commodating a relatively small amount of
data samples and a high spatial heterogeneity
of environmental variables. The predictions
obtained from these models distinctly show
the effects of slope exposure on different con-
ditions for decomposition, which are charac-
terized by the occurrence of different decom-
poser communities and forest humus forms.
The highest percentages of forest humus
forms with OH horizon occur at the upper-
most north-exposed places inside the mod-
eled area (up to 1800 m a.s.l.), where also a
high dominance of moder-indicating enchy-
traeids over mull-indicating enchytraeids oc-
curs. Those areas dominated by mull indica-
tors are located at the lowest south-exposed
sites of the modeled area (down to 1100 m
a.s.l.). The models emphasize the coincidence
of OH horizons with the related species of
enchytraeids. This implies a high potential
not only of humus forms and enchytraeids to
be used for the prediction of decomposition
patterns, but also of humus forms to serve as
indicator of the enchytraeid assemblage, at
least in our study area.

Although the modeling approach takes into
account both the relatively small amount of
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sample data and the small-scale variability of
environmental conditions in the study area,
the predictions are subject to uncertainties,
which in some places can be high. However,
the model allows the prediction of the overall
trends in the distribution of forest humus
forms and enchytraeids because the selected
study sites seem to be representative. In most
cases these trends were stable when modify-
ing sample data in the context of uncertainty
analyses. Uncertainties are usually to be ex-
pected in places where other environmental
factors than elevation and slope exposure in-
fluence decomposition processes greatly (e.g.
at landforms such as gullies and ridges).
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Chapter 4

Humus Forms and Soil Microbiological Parameters in a

Mountain Forest: Upscaling to the Slope Scale

Supplementary materials can be found in Appendix 3 of this thesis.
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ABSTRACT

Humus forms are the morphological results of organic matter decay and distribution in the
topsoil, and thus important indicators for decomposer activities in forest ecosystems. The first
aim was to examine if humus forms are suitable indicators of microbiological properties of the
topsoil in a high mountain forest (Val di Rabbi, Trentino, Italian Alps). The second aim was to
predict microbiological parameters based on the topsoil pH value on two slopes of the study
area (ca. 1200-2200 m a.s.l.). We investigated humus forms and determined pH values and
microbiological parameters (enzymatic activities, carbon/nitrogen (C/N) ratio and the ratio of
bacterial/archaeal abundance) of the uppermost mineral horizon. The results reveal significant
correlations between pH value and microbiological parameters (except for bacterial/archaeal
abundance), which enable upscaling to the landscape scale using linear models. Based on a
random forest with kriging of model residuals, predictive maps of humus form, pH value and
microbiological parameters show that decomposition processes in our study area correspond
with the topography. As compared to locations on south-facing slopes or close to the valley bot-
tom, locations on north-facing slopes or close to the upper treeline exhibit Moder (scarcely Mull
or Amphimull), more acidic topsoil (around pH 4), a lower activity of leucine-aminopeptidase,
a lower ratio of alkaline/acid phosphomonoesterase activity and a higher soil C/N ratio (above
20). Our results suggest a high potential of humus forms to indicate soil microbiological proper-
ties in a high mountain forest. Together with the pH values of the topsoil, humus forms proved
to be a useful tool as a basis for predictive maps of leucine-aminopeptidase activity, ratio of
alkaline/acid phosphomonoesterase activity and C/N ratio of the mineral topsoil.

Keywords: spatial modeling; hydrolytic enzyme activities; soil acidity; random forest; forest
ecosystem; Italian Alps
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1. INTRODUCTION

The humus form is an important indicator for
decomposition in terrestrial ecosystems [1,2].
Humus forms are the morphological results of
different biological activities in the topsoil.
They thereby reflect the composition of the
Additionally,
humus forms are well accepted as integrating

decomposer community [3].

indicators for changes in forest ecosystems
[4]. Previous studies illustrated a strong
correlation between the spatial distribution of
enchytraeid species, humus forms and pH
values of the topsoil (e.g. [5-7]), which has
also been shown for high mountain environ-
ments [8]. Furthermore, extensive information
on forest humus forms in a high mountain
area can be used to upscale the spatial distri-
bution of enchytraeid species to the landscape
scale [9]. A high soil biological activity as de-
rived from a well-structured mineral topsoil
was connected with mull-indicating enchy-
traeid species at southern slope exposure (in
case of sufficient soil moisture), whereas a
low soil biological activity indicated by a
poorly structured mineral topsoil was con-
nected with moder-indicating enchytraeid
species at northern slope exposure [9].

Due to the fact that changes in microbial
communities can occur more quickly than
remarkable changes in basic soil functions
(e.g. filtering pollutants, storing nutrients),
the study of microbial parameters is deemed a
sensitive indicator when evaluating effects of
soil disturbance [10]. In this sense, extracellu-
lar enzymes, which are biological catalysts of
specific reactions, are considered as sensitive
indicators of soil biological processes and soil
fertility [11]. Abiotic factors like soil tempera-
ture, water potential, pH, substrate availabili-
ty and complexity, along with biotic processes
including enzyme synthesis and secretion,
largely influence the activities of enzymes in
natural environments [12].
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Leucine-aminopeptidase activity has an im-
portant role in the nitrogen (N) cycle, as it
catalyzes the hydrolysis of leucine and other
amino acids from protein or peptide sub-
strates [13]. Bacteria play a relevant role in the
production of leucine-aminopeptidases [14]
and, accordingly, Bardelli et al. [15] observed
a greater activity in south-facing subalpine
forest soils where a greater bacterial abun-
dance was recorded in comparison with
north-facing slopes.

Phosphorus (P) is taken up by microorgan-
isms and plants largely as orthophosphate in
soil solution. Since in many terrestrial ecosys-
tems soil orthophosphate is limiting for plant
productivity, the production of extracellular
enzymes facilitating the mineralization of or-
ganic P compounds is therefore determined
by the need for orthophosphate [16]. The
phosphomonoesterases include acid and alka-
line phosphatases, phytases and nucleotidases
[17], and mineralize orthophosphate mono-
esters such as sugar phosphates, phytate and
nucleotides. In particular, acid and alkaline
phosphatases are responsible for the mineral-
ization of organic P into phosphate by hy-
drolyzing phosphoric (mono) ester bonds
under acid and alkaline conditions, respec-
tively. They have an important role for P
cycling in forest ecosystems, particularly
where P availability may limit plant produc-
tivity [18]; and an increase in their activity can
occur when P is limited, reflecting a demand
for this macronutrient [16].

The soil carbon/nitrogen (C/N) ratio is among
the most important properties of soil organic
matter (SOM) and serves as a reliable proxy
of the decomposition rate of SOM. The higher
the ratio, the lower the decomposition rate,
and as such, the soil C/N ratio can be consid-
ered as an estimator of microbial activity and
overall as a proxy for soil quality and soil eco-
logical conditions [15,19]. Soil microorgan-
isms use carbon and nitrogen for metabolism,



with a C/N ratio of about 20:1 favoring SOM
decomposition. The C/N ratio is influenced by
a multitude of site-related factors (e.g. [20]).
Soil microorganisms (bacteria, archaea and
fungi) and their complex interplay are crucial
in biogeochemical cycling in (forest) soils,
especially in carbon (C) and nitrogen (N)
cycling, as principal drivers of mineral
weathering, decomposition/mineralization of
organic matter (OM) and pedogenesis. Under-
standing the ecological role of microbial
community dynamics for nutrient cycling is
essential for understanding the functional
stability of ecosystems and for predicting fu-
ture scenarios due to changing environmental
conditions [21]. Although bacteria and fungi
are considered the primary decomposers of
SOM, archaea have gained increasing interest
as ecological indicators due to their adapt-
ability to harsh environmental conditions (e.g.
low temperatures, low pH, nutrient deficien-
cy) and their role within the N cycle, owing to
their ammonia oxidizing potential. In fact,
ammonia oxidation, the first and rate-limiting
step of nitrification, was only recently at-
tributed also to archaea, thanks to the discov-
ery of homologue ammonia monooxygenase
(amo) genes [22-24]. The comparative assess-
ment of bacteria and archaea provides impor-
tant descriptive information about soil quality
[25], as they can compete for the same nutri-
ents [26] and due to different pH dependen-
cies of fungi, bacteria and archaea [27].

In order to understand spatial decomposition
patterns in a high mountain environment, it
would be useful if humus forms could be
applied as indicators not only of the distribu-
tion of enchytraeid species [9,28], but also of
microbiological parameters [29]. Hence, the
aims of this study were (i) to map humus
forms and topsoil pH values in a mountain
forest area in the Italian Alps as a basis for
upscaling, (ii) to examine correlations be-
tween humus forms, pH values and micro-

biological parameters of the topsoil, (iii) to
rank the examined parameters in terms of
their usability for upscaling by proxy of
humus forms and topsoil pH values, (iv) to
upscale microbiological parameters utilizing
humus forms and topsoil pH values if feasible
according to (iii). In this study, upscaling
refers to the extrapolation of microbiological
data from the level of a study site to the slope
scale using information on the spatial distri-
bution of humus forms and pH values. The
following microbiological parameters of the
topsoil were addressed in this study: (1) the
leucine-aminopeptidase activity as indicator
of N cycle processes, (2) the ratio of alkaline/
acid phosphomonoesterase activity as indica-
tor of P cycle processes, (3) the C/N ratio as
indicator of both C cycle and N cycle pro-
cesses, (4) the ratio of bacterial/archaeal abun-
dance as indicator of C cycle and N cycle

processes, especially ammonia oxidation.

2. MATERIAL AND METHODS

21. Study Area

The study area is located in the northeastern
Italian Alpine valley Val di Rabbi in the
Autonomous Province of Trento (Fig. 1). With
reference to geology, the study area is part of
the Central Alps, characterized by siliceous
bedrock. The dominant parent materials are
acidic paragneiss, mica schists, phyllites and
orthogneiss [30,31]. The climate of the study
area is governed by the high relief intensity of
the Alpine environment. Climatic variations
are generally due to differences in elevation
and slope exposure, with the local climatic
situation being more complex [32]. The mean
annual air temperature in the study area
ranges from about 2°C close to the tree line to
7°C at the lowest sites near the valley bottom.
The mean annual precipitation is about 800-
850 mm [33]. The main soil classes in the
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Figure 1. Study area and investigation sites in the Italian Alps (Autonomous Province of Trento) (left

map: modified from Egli et al. [36]).

study area are Haplic Cambisols (Dystric) and
Umbric Podzols below ca. 1900 m a.sl,
whereas Entic Podzols, Albic Podzols and
Umbric Podzols are dominant in the forest
above ([34], according to [35]).

Upscaling of local data refers to the forested
parts of one north-facing slope (~ 1200-2100
m a.s.l., approx. 2.5 km?) and one south-facing
slope (~ 1200-2200 m a.s.l., approx. 3.8 km?).
The main tree species on these slopes are
European larch (Larix decidua) and Norway
spruce (Picea abies), both of them similarly
prevalent at both slopes. Regarding the lower
tree layer, Norway spruce is by far the domi-
nant species, whereas young European larch
trees only occur above 1800 m a.s.1. [37].

2.2. Sampling

For this study, we considered two sampling
sets: the first set comprised 60 sampling sites
for humus form determination and topsoil
acidity analysis (RN1-RN30 and RS1-RS30);
the second set comprised six additional sam-
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pling sites for extensive microbiological anal-
yses (N1-N3 and S6-S8) (Table 1).

Sampling of humus forms was carried out at a
total of 60 sampling sites in Val di Rabbi.
Among these sites, 30 of them were located
on one north-facing (RN1-RN30) and 30 on
one neighboring south-facing (RS1-RS30)
slope, respectively (Fig. 1). These sites were
determined based on conditioned Latin
Hypercube Sampling (cLHS) [38]. The appli-
cation of cLHS allowed to obtain a set of
sampling sites most closely representing the
investigated slopes in terms of the covariates
elevation, slope gradient, slope exposure,
slope curvature (planform, profile and gener-
al curvature), SAGA wetness index, LS factor
(slope length and steepness) and forest type
(details are given in [37]). Each of these sites
comprised an area of 25 m x 25 m. The num-
ber of sampling plots corresponded to the
number of ground cover types (one sample
per available ground cover type: the ground
cover types were litter, consisting of tree lit-



ter, mostly needles; grass; moss; fern; shrubs).
For all of the ground cover types, percentages
of their spatial distributions within the area of
the site were estimated. At each sampling
plot, a humus form profile was described and
a sample for topsoil acidity analysis (two
replicates) was collected from the uppermost
mineral horizon directly beneath the organic
layers. All analyses were carried out at these
sites in September 2015.

For microbiological analyses, six additional
sampling sites were chosen on the basis of
local knowledge from experts involved in
previous soil ecological studies (Fig. 1). They
are located at three different elevations
(~1200, 1400 and 1630 m a.s..) inside the
closed forest, each half of them on north-
facing (N1, N2, N3) and south-facing (56, S7,
S8) slopes, respectively. Further environment-
al characteristics of these sites have been spec-
ified elsewhere [15,39]. Soil sampling at these
sites was comprised of three replicates with
five subsamples each (for quantitative real-
time PCR, the subsamples were pooled). A
corer (diameter 5 cm) was used to sample
three soil depths separately, including organic
layers at the surface: 0-5 cm, 5-10 cm, 10-15
cm. Sampling was carried out at these sites in
August 2012. All samples were bulked and
sieved (<2 mm), aliquoted into 50-ml sterile
conical centrifuge tubes, and stored at —20 °C.
Apart from topsoil acidity, the analyses of
these samples covered total C and N contents,
soil enzymatic activities, abundance of bacte-
ria and archaea.

2.3. Soil Analysis

Soil properties determined for the first sam-
pling set (RN1-RN30 and RS1-RS30) com-
prised humus forms and topsoil acidity; the
second sampling set (N1-N3 and S6-58) was
analyzed with respect to topsoil acidity, soil
enzymatic activities, total C and N, bacterial
and archaeal abundance (Table 1).

Table 1. Soil properties, related investigation sites
and sampled objects.

Sampled soil

Soil property Sites horizons/depths

Humus forms:

RN1-RN30, OL, OF, OH
Presence of

. RS1-RS30 horizons
organic layers
Humus forms: RN1-RN30, A horizon
Soil structure RS1-RS30
pH value (H,0) Egtgggg A horizon
N1-N3, 0-15 cm, depth
pH value (H;0) S6-S8 increments of 5 cm
';;”Ig'c’)‘ee iiace N1-N3, 0-15cm, depth
Nopep S6-S8 increments of 5 cm
activity
ﬁq‘gﬁopeh;i:f:s‘: N1-N3,  0-15cm, depth
. S6-S8 increments of 5 cm
activity
Alkaline phospho- N1-N3 0-15 cm, depth
mo_ngesterase S6-S8 increments of 5 cm
activity
N1-N3, 0-15 cm, depth
Total C S6-S8 increments of 5 cm
N1-N3, 0-15 cm, depth
Total N S6-S8 increments of 5 cm
Bacterial N1-N3, 0-15 cm, depth
abundance S6-S8 increments of 5 cm
Archaeal N1-N3, 0-15 cm, depth
abundance S6-S8 increments of 5 cm

2.3.1. Humus Forms

Humus form profiles (width 50-100 cm) were
described and classified according to [40]. In
addition to the set of humus forms specified
therein, the humus form Amphimull (AMU)
was used whenever organic layers (OF and
OH) existed above a well-structured soil in
the uppermost mineral horizon (Fig. 2).
Amphimull is a humus form usually not pre-
sent under Central European climatic condi-
tions, except for some mountain areas [41].
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are given) (modified from Graefe [41]).

2.3.2. Topsoil Acidity

The pH values were determined in soil water
extracts (1:10 m/v) from air-dried samples.

2.3.3. Soil Enzymatic Activities

A heteromolecular exchange principle [42]
was used to desorb enzymes from soil in or-
der to determine the leucine-aminopeptidase,
acid and alkaline phosphomonoesterase po-
tential activities, as described by Bardelli et al.
[15]. For the disruption of soil aggregates and
microbial cells the procedure involved the use
of a 3% solution of lysozyme as desorbant and
a bead-beating agent followed by centrifuga-
tion at 20,000g for 5 min. Afterwards, the su-
pernatant containing desorbed enzymes was
dispensed into 384-well microplates together
with the appropriate buffer and the fluoro-
metric quantification of the enzymes activities
was done using 4-methyl-umbelliferyl (MUF)
substrate. All the measurements were done in
duplicate and the activities were expressed as
nanomoles of MUF g dry soil h.
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2.3.4. Total Cand N

Soil samples were homogenized with a
mortar prior to analysis. A CN analyzer
(TruSpec CHN; LECO, Michigan, U.S.A.) was
used to determine total C and N contents in
oven-dried soil samples. The temperature
used for CN analysis was 950 °C. Due to the
siliceous bedrock throughout our study area,
total C only includes organic C.

2.3.5. Quantitative Real-Time PCR

The DNA extraction and purification from
soil samples (0.5 g, fresh weight) was done
using a commercial kit (FastDNA Kit for Soil,
MP-Biomedicals) as described in [43]. The
Rotorgene 6000 Real Time Thermal Cycler
(Corbett Research, Sydney, Australia) was
used in combination with the Rotor-Gene
Series Software 1.7 in order to quantify the
16S rRNA gene copy number of bacteria and
archaea with the primer pairs 1055{/1392r
(bacteria, [44]) and Parch519f/Arc915r (ar-
chaea, [45]). Standard curves for quantifica-



tion of both microbial domains were con-
structed as described by Bardelli et al. [15].
The reaction mix for each qPCR run was per-
formed by using the 1X Sensimix™ SYBR®
Hi-rox (Bioline, USA) based on the DNA-
intercalating dye SYBR Green I as shown in
[15]. Each run was accompanied by a melting
analysis starting from 60°C to 95°C with tem-
perature increments of 0.25°C and a transition
rate of 5 s to check for product specificity and
potential primer dimer formation. The purity
of the amplified products was also checked by
the presence of a single band of the expected
length on a 1% agarose gel stained with the
DNA stain Midori Green (Nippon Genetics,
Germany) and visualized by UV-transillumi-
nation (Vilber Lourmat Deutschland GmbH).
The efficiency for the bacterial and archaeal
qPCR runs was in a range between 80-85%,
indicating a good reproducibility.

2.4. Spatial Modeling

Humus forms were modeled in terms of two
dimensions: 1) biogenic soil structure in the

mineral soil and 2) presence of organic layers
above the mineral soil. Relative units (values
from 0 to 1) were used for both dimensions
according to the determined humus forms
(Fig. 2, Table 2). At each site, the related sam-
ples were aggregated using weights accord-
ing to the estimated relative distribution of
different ground cover types. For example, at
a site with Amphimull (AMU) under grass
(70% occurrence) and Typischer Moder
(MOA) under litter (30% occurrence), the di-
mension biogenic soil structure in the mineral
soil amounts to 0.7 x 1.0 + 0.3 x 0.0 = 0.7 and
the presence of organic layers above the min-
eral soil amounts to 0.7 x 1.0 + 0.3 x 1.0 = 1.0.

Spatial modeling consisted of a random forest
[46] and ordinary kriging of the model residu-
als [47]. An approach combining a random
forest and residuals kriging has been success-
fully applied in earlier digital soil mapping
studies [48]. During the last years, random
forest has been established as one of the most
powerful approaches for spatial modeling in
the context of predictive mapping in ecology
and soil science [49-52]. In comparison with

Table 2. Two-dimensional characterization of humus forms for modeling. At each site, the relative distri-
bution of different ground cover types provided weights, which were used to spatially aggregate the

related samples.

Humus form

Humus form (according to (according to

Biogenic soil structure Presence of organic
in the mineral soil layers above mineral
(relative units soil (relative units

[40,41]) Fig. 2) according to Fig. 2) according to Fig. 2)
F-Mull (MUO) Mull 1.0 0.0

Mullartiger Moder (MOM) Mullmoder 0.5 0.5

Typischer Moder (MOA, MOR)  Moder 0.0 1.0
Rohhumusartiger Moder

(MRA, MRR) Moder 0.0 1.0

Rohhumus (ROA, ROR) Moder 0.0 1.0

Amphimull (AMU) Amphimull 1.0 1.0
Graswurzelfilz-Moder (GMO) Moder 0.0 1.0

Hagerhumus (HMO) Eroded Moder 0.0 0.0
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single-tree-based models, the use of a random
forest avoids overfitting tendencies, yet in-
cludes the concurrent influences of a large set
of environmental variables. In this study, en-
vironmental variables included topographic
and vegetation parameters. Terrain attributes
were derived from a digital terrain model
with a grid width of 1 m (Provincia Autonoma
di Trento, Ufficio Sistemi Informativi — Ser-
vizio autorizzazioni e valutazioni ambientali,
LiDAR data from 2006-2008, available at
http://dati.trentino.it/dataset/lidar-rilievo-2006-
2007-2008-link-al-servizio-di-download). These
attributes included elevation, slope, slope
exposure, general curvature, profile and plan-
form curvature (all slope parameters derived
according to [53]) and LS factor (following
[54]).
forest type and forest density (obtained from

Vegetation characteristics included

Provincia Autonoma di Trento, Servizio
Foreste e Fauna). The random forest models
of the humus form parameters and the pH
value thereby accounted for the highly
heterogeneous conditions of relief and vegeta-
tion in the study area. In all random forest
models, the number of trees amounted to
10,000 and the terminal nodes had a mini-
mum size of 3 elements. Spatial modeling was
performed with the statistical software R [55]
and the R package randomForest [56].

Linear models were used to quantify the rela-
tionships between the pH value and micro-
biological parameters. These models were
based on the data from the sites N1-N3 and
S6-S8. For each sample from these sites, data
was taken from that soil depth at which the
uppermost mineral horizon was found
(Tables S1 and S2). Those linear models with a
highly significant correlation (p < 0.01) were
used to derive spatial models of the microbio-
logical parameters from the model of topsoil
acidity.
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2.5. Model Assessment

The random forest models (used for humus
form parameters and topsoil acidity) were
evaluated by the mean value of the squared
model residuals and the explained variance of
the model [56]. The predicted values of the
model refer to the out-of-bag samples, respec-
tively, i.e., the set of trees where a sample
does not belong to the data used for model
training.

The linear models underlying the upscaling
procedure of microbiological parameters were
evaluated with the standard errors of the
predictions. Maps of the standard errors were
generated to reveal the spatially variable
precision of the predicted values.

In order to assess the transferability of the
upscaling results from pH values to humus
forms, the relationships between the predic-
tions of humus form parameter values on the
one hand and pH values, enzyme activities
and the soil C/N ratio on the other hand were
examined using linear regression analyses.

3. RESULTS

The results from sampling of humus forms
and topsoil acidity at the sites RN1-RN30 and
RS1-RS30 show a distinct dominance of
moder humus forms (particularly in the
higher parts of the study area). Mullmoder
and mull humus forms occur especially at
south-facing sites and Amphimull can be
found only below 1600 m a.s.l. The pH values
in the uppermost mineral soil horizon range
from 4 (at site RN27) to 6 (at site RN1). The
data basis for the spatial modeling of humus
forms (as characterized by the biogenic soil
structure in the mineral soil and the presence
of organic layers above the mineral soil) and
of topsoil acidity is shown in Table 3 (raw
data is presented in Table S3).


http://dati.trentino.it/dataset/lidar-rilievo-2006-2007-2008-link-al-servizio-di-download
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Table 3. Input data for modeling from sampling of humus forms and topsoil acidity.

Humus form

Biogenic soil structure Presence of organic
layers above mineral

in the mineral soil
(relative units

soil (relative units

pH in A horizon

Site (according to Fig. 2) according to Fig. 2) according to Fig. 2) H20 (1:10)
RN1 Amphimull 1.0 1.0 6.06
RN2 Mullmoder 0.5 0.5 5.18
RN3 Moder 0.0 1.0 4.88
RN4 Amphimull 1.0 1.0 5.20
RN5 Amphimull, Mull 1.0 0.7 5.14
RN6 Eroded Moder, Moder 0.0 0.5 4.63
RN7 Moder 0.0 1.0 4.82
RN8 Moder 0.0 1.0 4.63
RN9 Moder 0.0 1.0 5.00
RN10 Amphimull 1.0 1.0 4.62
RN11 Moder, Mullmoder 0.25 0.75 457
RN12 Mullmoder, Moder 0.4 0.6 4.47
RN13 Moder 0.0 1.0 4.42
RN14 Moder 0.0 1.0 4.45
RN15 Moder 0.0 1.0 4.68
RN16 Moder 0.0 1.0 4.80
RN17 Moder 0.0 1.0 4.20
RN18 Moder 0.0 1.0 4.25
RN19 Moder 0.0 1.0 4.67
RN20 Moder 0.0 1.0 4.73
RN21 Moder 0.0 1.0 4.17
RN22 Moder 0.0 1.0 4.24
RN23 Moder 0.0 1.0 4.46
RN24 Moder 0.0 1.0 4.22
RN25 Mullmoder, Moder 0.4 0.6 4.67
RN26 Moder 0.0 1.0 4.74
RN27 Moder 0.0 1.0 4.02
RN28 Moder 0.0 1.0 4.52
RN29 Mullmoder, Moder 0.4 0.6 4.70
RN30 Moder 0.0 1.0 4.05
RS1 Mull 1.0 0.0 5.70
RS2 Moder 0.0 1.0 5.80
RS3 Amphimull 1.0 1.0 4.43
RS4 Moder, Amphimull 0.4 1.0 4.75
RS5 Amphimull 1.0 1.0 5.79
RS6 Mull 1.0 0.0 5.36
RS7 Mullmoder, Mull 0.65 0.35 4.79
RS8 Moder, Amphimull 0.3 1.0 4.90
RS9 Amphimull 1.0 1.0 5.45
RS10 Mull 1.0 0.0 5.95
RS11 Mullmoder 0.5 0.5 5.39
RS12 Mullmoder 0.5 0.5 4.72
RS13 Mullmoder 0.5 0.5 5.30
RS14 Moder 0.0 1.0 4.61
RS15 Moder, Eroded Moder 0.0 0.6 4.76
RS16 Moder 0.0 1.0 4.66
RS17 Moder, Mull 0.3 0.7 4.86
RS18 Moder 0.0 1.0 4.72
RS19 Moder 0.0 1.0 4.49
RS20 Mull 1.0 0.0 5.30
RS21 Moder, Mull 0.5 0.5 4.71
RS22 Mullmoder 0.5 0.5 5.15
RS23 Mull 1.0 0.0 5.02
RS24 Moder 0.0 1.0 4.96
RS25 Moder 0.0 1.0 4.78
RS26 Moder 0.0 1.0 5.95
RS27 Moder 0.0 1.0 4.61
RS28 Moder 0.0 1.0 455
RS29 Moder 0.0 1.0 4.67
RS30 Moder 0.0 1.0 4.59
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Chemical and microbiological analyses at the
sites N1-N3 and S6-S8 show distinct varia-
tions of the investigated parameters with soil
depth (especially for the ratio of bacterial/
archaeal abundance and the enzymatic activi-
ties) (Table 4). At these sites, the range of pH
values is comparable to the other 60 sites
(from 4.2 to 6.0). In addition, the ratio of
alkaline/acid phosphomonoesterase activity
shows an increasing trend from northern ex-
posure and high elevation to southern expo-
sure and low elevation. The C/N ratio increas-
es from south-facing to north-facing sites
(Table 4).

Maps of humus form parameters (presence of
organic layers above the mineral soil and bio-
genic soil structure in the mineral soil) were
obtained from spatial modeling. According to
the predictions, organic layers are present

almost throughout the whole north-facing
slope (values close to 1), whereas there is a
relatively heterogeneous pattern at the south-
facing slope (Fig. 3a). The predictions of the
biogenic soil structure in the uppermost min-
eral horizon embrace a distinct decreasing
trend with elevation at the north-facing slope.
This holds partially true for the south-facing
slope, where the predicted percentage of
biogenic soil structure is generally higher as
compared to the north-facing slope (Fig. 3b).
The predicted distribution of pH values of the
A horizon is presented in Fig. 4. Apart from
considerable local patterns of variability,
these predictions show a general trend of
decreasing topsoil acidity from high to low
elevation and from northern to southern slope
exposure.

The results of the submodels (random forests

Table 4. Chemical and microbiological properties of the soils collected at the six study sites at north- and
south-facing areas (N1-N3 and S6-S8, respectively). The results are shown pairwise, i.e., the couples of
north- and south-facing sites at the same elevation (N1-S6; N2—S7; N3-S8). Values are means (n = 3) £
standard deviations. Data are expressed on a dry weight basis. At all sites, soil C only includes organic C
(Corg)- Nitrogen values used for calculation of the soil C/N ratio refer to total nitrogen (Ny).

Leucine- Ratio of
aminopeptidase alkaline/acid
Soil activity (nmol  phospho- Ratio of bacterial/
depth pH MUF g™ dry soil monoesterase Total C Soil Corg/N:  archaeal
Site (cm) H20 (1:10) h™) activity content (%) ratio abundance
N1 0-5 48+04 368.9+184.9 0.14+0.1 246+24 26.9+3.9 11.8+11.9
5-10 48+04 855+48.9 0.08 £ 0.1 10.6 £6.2 206+22 64+35
10-15 48+03 315+219 0.04 £+ 0.1 44+19 18.1+3.7 1.7+04
S6 0-5 6.0+0.5 283.6+56.6 0.83+1.0 10.2+3.7 199+33 4261433
5-10 57+06 945%279 0.52+0.6 40+05 174+28 209+74
10-15 56+05 57.1+195 040+04 26+0.8 154 +1.9 10.0+7.8
N2 0-5 47+08 393.7 +£300.7 0.17+0.2 428+938 238+4.2 2324 +3328
5-10 43+06 1155+454 0.04 £+ 0.1 331+135 248+40 5571546
10-15 45+06 38988 0.02 £ 0.02 11.3+84 20.0+1.8 145+22.2
S7 0-5 5.7+0.2 866.8+80.9 0.56 £+ 0.2 231+1.0 18.1+2.0 650.2+446.5
5-10 58+0.2 207.5+77.9 0.62+0.2 9.0+23 159+15 2504 +356.0
10-15 58+03 131.0+755 0.67+04 56+1.6 14.9+20 17.2+14.9
N3 0-5 46+03 375.3+115.1 0.07 £ 0.04 46.3 £2.3 225+22  340.6 +548.3
5-10 42+02 123.8+2538 0.02 £ 0.01 38.7+129 220+23 247161
10-15 42+03 774187 0.02 £ 0.01 18.8 + 8.1 21118 17.2+15.2
S8 0-5 54+04 289.5+144.1 0.16+£0.2 240+114 21.0+£0.8 7571944
5-10 54+02 70.8+19.9 0.07 £ 0.02 10.1+£5.9 16.7£2.0 19.1+ 3.6
10-15 54+03 90.9%6.5 0.07 £ 0.1 6.1£0.5 142+17 6.8+10.9
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Figure 3. Predicted distribution of the two modeled humus form dimensions: (a) presence of organic
layers above the mineral soil; (b) biogenic soil structure in the mineral soil.

and kriging procedures) are shown in Figs.
S1-56. Mean values of the squared residuals
and explained variances of the underlying
random forest models are shown in Table 5.
The relationships between the pH value and
microbiological parameters as quantified by
linear models are summarized in Table 6. On
the basis of the P values of the linear models,
the leucine-aminopeptidase activity, the ratio
of alkaline/acid phosphomonoesterase activi-
ty and the C/N ratio are rated as usable pa-
rameters for upscaling, whereas the ratio of
bacterial/archaeal abundance is rated as not
usable.

The results of upscaling of the enzyme activi-
ties as well as the C/N ratio are presented as
predictive maps (Fig. 5). Because of the linear

relationship to the topsoil pH value, the pat-
terns concur with the predicted distribution
of pH values (Fig. 4). The predicted activity of
leucine-aminopeptidase in the uppermost
mineral horizon ranges from 22.0 to 310.4
nmol MUF g dry soil h'; the ratio of alkaline/
acid phosphomonoesterase has values up to
1.0 (where the activity of alkaline phospho-
monoesterase is predicted to equal the activi-
ty of acid phosphomonoesterase). Within our
study area, both parameters are generally
predicted to be lower at northern slope expo-
sure and high elevation as compared to south-
ern slope exposure and low elevation. The
predicted values of the C/N ratio range from
16 at south-facing sites with low elevation to
23 at north-facing sites.
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Figure 4. Predicted distribution of topsoil acidity.

Fig. 6 shows the standard error of the predic-
tions from upscaling using the example of
leucine-aminopeptidase (see Figs. S7 and S8

Table 5. Quality measures of the random forest
models.

Mean values Explained

of squared variance
Parameter residuals (%)
Presence of organic
layers above the 0.079 18.05
mineral soil
Biogenic soill
structure in the 0.118 24.18
mineral soil
pH value (H,0) 0.140 37.04
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for alkaline/acid phosphomonoesterase and
C/N ratio). The predictions from linear mod-
eling tend to be more imprecise at sites with
predicted values below ca. pH 4.2 and above
ca. pH 6.0 than at sites with intermediate pH
values.

The linear regression models used for the
analysis of the transferability of upscaling
results from the pH value to humus forms
revealed moderate, but highly significant
relationships between the predictions of
humus form dimensions (biogenic soil struc-
ture in the mineral soil and presence of organ-
ic layers above the mineral soil) on the one
hand and the predicted pH values, enzyme
activities and soil C/N ratio on the other hand
(Table 7).



Table 6. Results of linear modeling of microbiological parameters and the soil C/N ratio as a function of

the pH value (n = number of observations).

Linear regression

Residual

Parameter n equation standard error R? P value
Leucine-aminopeptidase gq | _ gg g7y _ 348 57 171.9 0.1569 <0.001
activity

Ratio of alkaline/acid

phosphomonoesterase 88 y = 0.45988x — 2.05861 0.2882 0.5889 <0.001
activity

Soil C/N ratio 87 y =-3.4416x + 37.2690 3.51 0.3425 <0.001
Ratio of

bacterial/archaeal 18 y =61.08x — 258.55 149.5 0.0914 0.223
abundance

4. DISCUSSION

4.1.
Forms and Topsoil Acidity

Spatial Modeling of Humus

The spatial models illustrate that humus
forms, as well as pH values of the A horizon,
in our study area are arranged in patterns
corresponding to topographical features. The
distributions of both humus form dimensions
(presence of organic layers above the mineral
soil and biogenic soil structure in the mineral
soil) are related to slope exposure. Neverthe-
less, spatial patterns of both humus form
dimensions are relatively dissimilar (Fig. 3).
This implies that effects of topographic char-
acteristics on the biological activity in the
mineral soil are different from those on the
formation of organic layers. For example, the
percentage of biogenic soil structure in the
mineral soil distinctly decreases within the
forested area from low to high elevation
(which indicates a decline of burrowing and
mixing activities of soil organisms), whereas
the presence of organic layers does not show
discernible variations in terms of elevation. It
would be interesting to analyze in more de-
tail, if the climatic conditions in our study
area have a higher effect on the biogenic soil
structure in the mineral soil as compared to
the presence of organic layers. The results

generally emphasize the dominance of

moder-like humus forms on the north-
exposed slope, especially at high elevation.
Mull-like humus forms, on the contrary,
mainly occur at the south-exposed slope,
especially at low elevation. However, the cor-
relations of the topography with the biogenic
soil structure and with the presence of organic
layers are different. Therefore, the humus
forms Amphimull and Eroded Moder are also
common in our study area.

The distribution of pH values of the A hori-
zon likewise relates to the topographical situ-
ation, which influences the microclimatic con-
ditions and the kind of litter: low pH values
(around 4.0-4.5) are clearly dominant on the
north-exposed slope (except for the very low-
est part). In contrast, on the south-exposed
slope there is a trend of relatively high pH
values (around 6.5) decreasing with elevation-
al gain to lower average values (around 4.5-
5.0). Consequently, the analogous distribu-
tions of humus forms and pH values general-
ly turn out as expected [6]: the presence of
mull-like humus forms characterized by a
high biological activity in the mineral soil co-
incides with higher pH values as compared to
moder-like humus forms. Altogether, these
findings at the slope scale confirm and ampli-
fy the trends from modeling at broader scales
[9,57].
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Figure 5. Predicted distributions of microbiological parameters.

Regarding the quality of the presented mod-
els, the mean values of the squared residuals
from the random forest models are low in
relation to the total ranges of values. Never-
theless, the random forest models show

relatively low explained variances (about 18—
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37%). Therefore, we addressed the local vari-
ability in the data (which the random forest
models were not able to cover) by means of a
kriging procedure of the model residuals
(Figs. 52, 54 and S6). This way, the deviations
of the observed values from those values
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predicted by the random forest model (based
on out-of-bag samples) could be included in
the final predictions. Therefore, the quality of
the presented models is altogether rated as
high. However, the model results only ac-
count for the effects of topographic variation
and spatial forest patterns (random forest
models) together with deviations given by the
kriging of the model residuals. This implies
that the models do not reflect possible effects
of variation of siliceous bedrock (as geological
conditions are similar throughout the study
area). Furthermore, the models are not repre-
sentative of local peculiarities of un-sampled
locations within the study area (e.g. totally
different percentages of ground cover types
or local disturbances).

Until now, only a few studies have consid-

ered spatial modeling of humus forms or

organic horizons in high mountain areas.
Aberegg et al. [30] used a classification tree
approach to model the distribution of mull,
moder and mor humus forms. In a more
recent study, Hellwig et al. [57] introduced an
approach based on decision tree analysis and
fuzzy logic for modeling humus forms. This
approach was specially designed for highly
heterogeneous areas in the high mountains,
where only a low amount of sample data is
available due to poor accessibility. Recent
implementations of this model addressed the
presence of OH horizons [9,57]. The humus
form model presented in this study also in-
volves the biological activity in the mineral
soil, thus accounting for the properties of five
different humus form classes (Fig. 2).

The lack of studies on spatial modeling of
humus forms and other soil parameters relat-
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Table 7. Results of linear regression analysis between predictions for humus forms (x; = presence of
organic layers above the mineral soil, x, = biogenic soil structure in the mineral soil) (Fig. 3) and predic-
tions of topsoil acidity and microbiological parameters (Figs. 4 and 5) (n = 5891366, number of predicted

pixels).

Residual
Parameter Linear regression equation standard error Adj. R? P value
pH value y =-0.53x4 + 0.68x, + 5.05 0.2156 0.4332 <0.001
';it‘f\fi't’;e'am'”o'oept'dase y = —60.80x; + 67.97x, + 159.70  30.54 0.3009  <0.001
Ratio of alkaline/acid
phosphomonoesterase y =-0.27x4 + 0.29x, + 0.31 0.1259 0.3084 <0.001
activity
Soil C/N ratio y =2.12x4 — 2.37x, + 19.58 1.063 0.3009 <0.001

ed to organic matter decomposition contra-
dicts the benefits of spatial models as com-
pared to conventional mapping approaches.
Soil analysis in the field is often time-con-
suming and costly. This is especially true for
high mountain areas, where the spatial varia-
tion of soil properties is complex due to high-
ly heterogeneous environmental conditions.
In this context, digital soil mapping tech-
niques are valuable tools to utilize and com-
bine extensive information on soil-forming
factors, for example from remote sensing [58].

4.2,
Parameters

Upscaling of Microbiological

Topsoil pH values appear to be useful for up-
scaling three out of the four parameters inves-
tigated in this study: leucine-aminopeptidase
activity, ratio of alkaline/acid phosphomono-
esterase activity and C/N ratio. The significant
correlations that we found between pH val-
ues, C/N ratio and enzyme activities corre-
spond to the study of Leifeld and von Liitzow
[59], who found that microbial soil organic
matter decomposition depended on pH and
substrate C/N ratio rather than on inherent
chemical substrate properties. As linear mod-
els depending on pH value were used for
upscaling (Table 6), the predicted spatial pat-

84

terns of enzyme activities and C/N ratio are
arranged in the same spatial patterns as the
pattern of pH values (Fig. 5). The significant
relationships that we found between predict-
ed humus form dimensions on the one hand
and predicted pH values, enzyme activities
and soil C/N ratio on the other hand suggest
that also humus forms are a suitable indicator
of microbiological processes related to organic
matter decomposition.

Regarding leucine-aminopeptidase activity,
the positive relationship with topsoil pH
values aligns with Sinsabaugh et al. [60], who
found an increase of this activity with increas-
ing soil pH levels (pH 4 to 8.5). Furthermore,
the slope exposure had a significant impact
on leucine-aminopeptidase activity, even
though such exposure-effect was elevation-
dependent and a higher activity was regis-
tered at south than at north exposure only at
1400 m a.s.l. This suggests that at this specific
elevation this enzymatic activity might have
been more sensitive to the differences in soil
temperature between both slopes, bearing in
mind that also in alpine soils temperature is
an important factor in the regulation of soil N
mineralization [61]. In addition, the type of
vegetation could also have influenced the
potential activity of the leucine-aminopepti-
dase, since the proportion of easily available



monomers and polymers that enter the soil
varies greatly depending on plant community
composition as pointed out by Sanaullah et al.
[62].

Similar to the activity of leucine-aminopepti-
dase, the ratio of alkaline/acid phosphomono-
esterase activity shows a positive relationship
with topsoil pH values. This implies that the
activity of alkaline phosphomonoesterase in-
creases as compared to the activity of acid
phosphomonoesterase under less acidic con-
ditions, which is consistent with earlier stud-
ies [63,64]. The ratio of alkaline/acid phospho-
monoesterase activity has also previously
been reported as being closely related to the
soil pH value [65]. Our results confirm this
relationship for high mountain forests of the
Central Alps.

The soil C/N ratio of the A horizon is signifi-
cantly, positively correlated with the pH
value. Similarly to the results of this study,
other studies from mountain areas have
shown an increasing C/N ratio of the topsoil
with elevation depending on the kind of litter
[66-68]. Moreover, Cools et al. [20] found a
distinct relationship between the topsoil C/N
ratio and the humus form.

The linear models used to quantify the rela-
tionships between the pH value and the
microbiological parameters are all highly sig-
nificant, but differ in the explained variation
as indicated by the coefficient of determina-
tion (R?) (Table 6). Accordingly, a ranking of
the parameters can be deduced with regard to
the quality of the predictions and to the
usability for upscaling by proxy of humus
forms and topsoil pH values. The ratio of
alkaline/acid phosphomonoesterase activity is
ranked first; the C/N ratio follows in the
second position; the leucine-aminopeptidase
activity takes the third position.

Additionally, standard errors of the predic-
tions from the linear models were determined
to assess the accuracy of the predicted values

in respect of its spatial variability. Although
the pattern of the standard errors corresponds
with the independent variable (pH value), the
maps indicate those areas, where predictions
are less accurate (mostly at the north-facing
slope). Furthermore, they provide quantita-
tive accuracy values, which allow for the
consideration of the magnitude of deviations
when using predicted values.

Contrary to the aforementioned parameters,
upscaling based on pH values is infeasible for
the ratio of bacterial/archaeal abundance (P
value ca. 0.22). Prosser and Nicol [23] suggest-
ed ammonia limitation, mixotrophy, and pH
as the main factors providing niche special-
ization and differentiation between soil am-
monia oxidizing archaea (AOA) and ammo-
nia oxidizing bacteria (AOB) in a wide range
of soil types. In a study of forest soils along an
elevation gradient in South Tyrol (Italian
Alps), Siles and Margesin [69] found that
bacterial and fungal diversity properties and
community structures were highly correlated
to topsoil pH values. However, archaeal,
bacterial and fungal abundances were not
significantly related to pH values [69]. Corres-
ponding to these findings, the results of our
study do not identify a significant relation-
ship between the pH values and the ratio of
bacterial/archaeal abundance in the topsoil of
a high mountain forest. This might be due to
the complex interactions and ecological func-
tions of soil microorganisms or caused by the
range of low pH values, in particular at the
north-facing slope. Especially for undisturbed
forest soils, our knowledge of its autoch-
thonous microorganisms — even in the era of
high throughput molecular ecology — remains
limited [18,70].

Upscaling of microbiological parameters is
based on two sampling sets and two steps of
modeling (random forest model together with
kriging of the residuals and linear regression
analysis). Therefore, the model results are
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subject to potential uncertainty due to limita-
tions both of the sample data and of the
models. The sampling set used for micro-
biological analyses comprises considerably
less investigation sites than the sampling set
used for the determination of humus forms.
Hence, that sampling set is less representative
in terms of factors such as elevation. In addi-
tion, those samples for microbiological analy-
ses partly were collected at sites within a few
kilometers distance from the slopes where
humus forms were described (Fig. 1). With
respect to upscaling, the spatial patterns of
the pH value are used to derive predictions of
the microbiological parameters with a linear
model. The model evaluation revealed that
this is feasible for all parameters except for
the ratio of bacterial/archaeal abundance.
Nevertheless, the actual relationship remains
uncertain (whether linear or not) and other
factors potentially relevant for microbiolo-
gical properties of the mineral soil (e.g. soil C
content, depth of the A horizon) are not part
of these models.

4.3. Soil Ecological Implications

In mountain ecosystems, topography causes a
high spatial variability of microclimatic condi-
tions and slope dynamics. The results of this
study emphasize the considerable effects of
topography on decomposition processes as
expressed by the distribution of humus forms,
topsoil pH values and microbiological param-
eters. Bojko and Kabala [71] established a
significant relationship between soil organic
carbon pools and humus forms of mountain
soils. In that regard, our results confirm the
findings from earlier studies that demonstrat-
ed the pivotal role of topography (alongside
with factors such as vegetation and climate)
for the formation of soil organic carbon pat-
terns in high mountain areas [72-74]. Spatial
variation of organic matter decomposition has
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been reported to be engendered by differ-
ences of soil temperature [75-78], soil mois-
ture [79-82], litter quality and quantity [83-
85], slope processes [86] and seasonality.
These factors are likely to be strongly affected
by the topographic diversity in our study
area, thus they potentially govern also spatial
differences that we found in the models of
this study.

Furthermore, the results of this study are in
line with the patterns of humus forms and
soil pH values described in previous studies
of mountain forests. Egli et al. [87] investi-
gated mountain soils also within the area of
this study and found a higher percentage of
weakly degraded organic matter as well as
higher soil organic carbon concentrations at
northern slope exposure as compared to
southern slope exposure. Other studies de-
scribed patterns similar to this study re-
garding humus forms, pH values and soil
C/N ratio along an elevation gradient (e.g.
[66,88]).

However, random forest models alone are not
sufficient to predict the spatial distribution of
humus forms and pH values. Most of the
variance in humus forms and pH values is not
explained by those models depending on
climatic, topographic and vegetation influ-
ences. This insight points to the importance of
additional, currently undiscovered mecha-
nisms determining decomposition processes.
These may include rather local effects of
decomposer organisms [89,90], caused by e.g.
litter
[91,92], temporal shifts of decomposer com-

affinity of decomposer organisms
munities during decomposition [93] and re-
sponses to different levels of litter species di-
versity [81,94].

The results of this study show a strong rela-
tionship between topography on the one hand
and enzyme activities and the C/N ratio of the
topsoil on the other hand (Fig. 5). This rela-
tionship might be relevant to consider also for



projections of future landscape development,
as C and N cycling are predicted to be affect-
ed by climate change, especially at high-eleva-
tion sites [95,96].

When integrated with those of previous stud-
ies [8,9,28], our findings show that the humus
form proves to be a comprehensive indicator
for soil ecological processes in a high moun-
tain environment of the Central Alps, includ-
ing soil macro- and mesofaunal as well as
microbiological properties.

5. CONCLUSION

Variations of humus forms, pH values and
microbiological parameters investigated in
this study are arranged in patterns that are
related to topography. Although the under-
lying random forest models explain only be-
tween 18 and 37% of the variances of humus
form parameters and pH values, the predic-
tive maps reveal distinct patterns especially
corresponding to elevation and slope expo-
sure. These patterns are also reflected by the
spatial models of microbiological parameters.
Unlike the ratio of bacterial/archaeal abun-
dance, all parameters are highly significantly
correlated with the pH value. Regarding their
usability for upscaling by proxy of humus
forms and topsoil pH values, they can be
ranked as follows: 1) the ratio of alkaline/acid
phosphomonoesterase activity, 2) the C/N ra-
tio, 3) the leucine-aminopeptidase activity.
With this study, we applied concepts from
digital soil mapping to the field of soil micro-
biology. This study illustrates both the capa-
bility and the high value of modeling tech-
niques to cope with soil ecological research
questions in a spatial context. Thus, we en-
courage further usage of soil-landscape mod-
eling in the context of soil ecological studies.
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View from the Passo di Morbigai on the lower part of the Val di Rabbi and Male in the Val di
Sole (Trentino, Italian Alps).
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1 Discussion

1.1  Spatial patterns of indicators of
decomposition

Environmental influences

Spatial patterns of soil ecological properties
have been poorly studied for a long time
(Kandeler et al. 2001; Ettema & Wardle 2002;
Baldrian 2014); only recently they have gained
increasing attention (e.g. O’Brien et al. 2016;
Rutgers et al. 2016). As a result, specific rela-
tionships between environmental factors and
decomposition processes at different spatial
scales in high mountain forest ecosystems are
still unclear. In the high mountains, patterns
and processes of organic matter decomposi-
tion are affected by environmental factors in
multiple, interactive ways (especially climate,
relief, vegetation, land use and geology, see
Chapter 1). This thesis contributes to an en-
hanced understanding of environmental in-
fluences on decomposition processes at the
landscape and slope scale in the study area in
the Italian Alps.

The mesoclimate at sites of high elevation
(close to the treeline) and at north-facing
slopes is generally colder than at sites of low
elevation (~ 1200 m a.s.l.) and at south-facing
slopes. This entails a longer frost period and
longer duration of snow cover at high eleva-
tion and north-exposed sites, which affects
the activities of the decomposer community.
For example, Zhang et al. (2017) found that
seasonal frost periods at high mountain forest
sites in China lead to a reduced abundance of
topsoil microorganisms and a loss of bacterial
and archaeal diversity. Deep snow cover pro-
vides insulation for the topsoil (Edwards et al.
2007). However, the effects of a typically
patchy distribution of snow cover in the high
mountains (Holtmeier & Broll 1992) together

with a varying snow cover depth on decom-
position processes are more complex (Loffler
et al. 2008; Baptist et al. 2010; Saccone et al.
2013). Additionally, the activities of the
decomposer community are influenced by
further variations of season (Didden 1993;
Baldrian et al. 2013). North-facing slopes are
less prone to drought periods in the summer
as compared to south-facing slopes, where the
solar radiation is much higher. Ascher et al.
(2012) studied humus forms, enchytraeids
and soil microbiological properties at high
mountain sites (Val di Fassa, Trentino) and
found a relationship with climate according to
the elevations and slope exposures of the
sites. Spatial patterns of soil temperature and
moisture in the high mountains are expected
to change in the context of global warming
(Gobiet et al. 2014; Mountain Research
Initiative EDW Working Group 2015). Accord-
ingly, patterns of indicators of decomposition
are also likely to change (Gavazov 2010).

At steep slopes of high mountain forests,
there are often mosaics of ground vegetation
at the small scale, which correlate with ero-
sive and accumulative conditions. A dense
vegetation cover hampers erosion (Guerra
etal. 2017). Twigs, needles and other dead
plant materials that accumulate at the surface
are (locally) moved downhill and deposited
on small terraces or above barriers such as
rocks, trunks and stubs. Spatial patterns of
humus forms are related to these mosaics
(Anschlag et al. 2017). Furthermore, beside
ground vegetation, the tree species composi-
tion is a main factor for decomposition pro-
cesses in forest ecosystems, as it determines
the litter quality (Cools et al. 2014; Dawud et
al. 2016). For example, Schelthout et al. (2017)
found that the density and biomass of earth-
worm ecological groups differed between six
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common European tree species. These differ-
ences were found to be related to the topsoil
pH value and to the concentrations of
exchangeable soil Al and litter Ca (Schelthout
et al. 2017). Moreover, changes in spatial
patterns of indicators of decomposition are
often induced by land-use changes, e.g. pas-
ture abandonment followed by forest succes-
sion (Hiller & Miiterthies 2005; Strandberg
et al. 2005). In managed forests, the temporal
development of those patterns coincides with
the forest cycle (Bernier 1996; Salmon 2018).
Apart from the organic matter, the habitat of
decomposer organisms is shaped by the
weathering products from the geological
parent material. Sites on siliceous bedrocks
generally exhibit more acidic soils as com-
pared to sites on calcareous bedrocks. The
species composition of the decomposer com-
munity is sensitive to changes in topsoil acidi-
ty. Depending on the combination of all envi-
ronmental factors and their local variability,
different lime contents of the parent material
may thus lead to different mosaics of humus
forms (Graefe & Beylich 2003; Bothe 2015).

Indicators of decomposition in the study area

In the study area of this thesis, climatic
influences largely depend on the relief (see
Chapter 1). Variable climatic conditions are
also the reason for vegetation zones with
different species compositions. Besides, the
vegetation is affected by the land use. Nowa-
days, natural forestry is dominant within the
forested areas of the study area. However, the
Southern Alps have undergone a long history
of alpine pastures, especially at south-facing
slopes. The first pastures were created in the
Prehistoric era (Pini et al. 2017). In the last
decades, they have frequently been aban-
doned and recolonized by forest (Sitzia 2009).
Thus, former land-use practices might have
contributed to the current forest structure at
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sites within the study area (Bebi et al. 2017).
Therefore, forest type and density were in-
cluded as covariates in the slope-scale model
(see Chapter 4). The results of this thesis have
revealed that indicators of decomposition are
arranged in spatial patterns according to
elevation and slope exposure (Chapters 2, 3
and 4). Moreover, curvature, slope angle and
forest type are at least partially relevant to
patterns of humus forms and microbiological
topsoil properties at the slope scale (Chap-
ter 4; Hellwig et al. 2017).

Regarding humus forms, the analysis of the
random forest models (conducted by Hellwig
et al. 2017) has shown that slope angle, profile
curvature and partly the LS factor (indicating
the potential of erosion by means of slope
length and steepness) are more important for
the accumulation of organic material above
the mineral soil than for the biological activity
in the mineral soil. Erosion and accumulation
processes might explain this. At sites where
erosion occurs frequently there is much less
litter decay as compared to sites with accu-
mulative features (due to litter relocation).
Thus, there is more parent material of organic
layers at sites where litter accumulates as
compared to those sites where litter is lost
(Hellwig et al. 2017). Furthermore, the analy-
sis revealed a high importance of elevation in
the model of biological activity in the mineral
soil. In contrast, elevation was a negligible
factor for the modelled accumulation of
organic material above the mineral soil. This
points to a higher dependence of the biologi-
cal activity on climatic conditions mediated
by elevation as opposed to the formation of
organic layers (Hellwig et al. 2017).

The spatial patterns of indicators of decompo-
sition predicted in this thesis are in line with
other recent studies that investigated organic
matter decomposition within the study area
Val di Sole / Val di Rabbi in the Italian Alps.
Inside the forests of the study area, Aberegg



et al. (2009) found Moder as dominant humus
form. At sites nearby the study area, Chersich
et al. (2007) studied the dependence of humus
forms on the forest development phase and
found a high presence of Amphimull and
Moder inside the forests, with a higher accu-
mulation of organic carbon and a lower pH
value at northern as compared to southern
slope exposure.

Studies on soil organic matter indicated that
there are generally higher organic matter
contents on north-facing slopes as compared
to south-facing slopes (Egli et al. 2009). Based
on studies of mesocosms, Egli et al. (2016)
found that soil organic matter decomposition
is limited by temperature at elevations above
1700 m a.s.l. (higher decomposition rate on
south-facing slopes than on north-facing
slopes). Below 1700 m a.s.l., it is limited by
soil moisture (higher decomposition rate on
north-facing slopes than on south-facing
slopes) (Egli et al. 2016). Rodeghiero et al.
(2010) only found weak correlations between
soil organic carbon pools and temperature,
precipitation and elevation in a regional-scale
forest carbon inventory study, but did not
consider the relationship to soil moisture.

An exemplary comparison of the enchytraeid
assemblages on north-facing and south-facing
slopes of the study area and their relation-
ships to the ground cover type and topsoil
acidity was conducted by Goémez-Branddn
et al. (2017a). Bardelli et al. (2017) investigated
the soil microbiological properties at different
elevations and slope exposures. The results
from those studies correspond to the results
of this thesis, indicating more acid conditions
and slow organic matter decomposition on
north-facing slopes and high elevation as
compared to south-facing slopes and low
elevation.

Additional studies showed that the decay of
deadwood in the study area depends on soil
moisture and temperature, which was reflect-

ed in varying deadwood chemical and micro-
biological properties according to elevation
and slope exposure (Petrillo et al. 2015;
Fravolini et al. 2016; Gomez-Brandén et al.
2017b). Deadwood from European larch (Larix
decidua) was found to have longer residence
times than deadwood from Norway spruce
(Picea abies), especially at north-facing slopes
(Petrillo et al. 2016). The concept of ligno-
forms (= humus forms related to deadwood)
was introduced in the context of fieldwork in
the study area to describe morphological
differences in the incorporation of deadwood
into the soil (Tatti et al. 2018).

Correlations between humus forms, soil or-
ganisms and soil biological activity

This thesis has found strong correlations be-
tween humus forms, soil organisms and soil
biological activity in the study area in the
Italian Alps. Enchytraeid species, extracellular
enzymes, the pH value and the C/N ratio of
the topsoil are known to be key parameters in
the context of soil biological and biogeo-
chemical processes (e.g. Didden 1993; Ponge
2003; Burns et al. 2013). The spatial distribu-
tion of all these indicators of decomposition
has shown to be related to elevation and slope
exposure (Figure 1).

Altogether, the results of this thesis give clear
evidence that the humus form is a good indi-
cator of soil biological and biogeochemical
processes in the study area. This is in line
with previous studies that reported humus
forms as meaningful indicators of soil biolo-
gical and ecological processes at high moun-
tain sites (Salmon et al. 2008; Ascher et al.
2012; Moscatelli et al. 2017).

Effects of scale

Spatial patterns of indicators of decomposi-
tion are dependent on the model scale. Pat-
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Dominant humus form Moder

Enchytraeid species Maoder indicators

Properties of the A horizon

pH value
Leucine-aminopeptidase
activity

Ratio alkaline/acid

phosphomonesterase
activity

C/N ratio

North-facing slopes

South-facing slopes
Mull, Amphimull

Mull indicators

Figure 1. Landscape-scale distribution of indicators of decomposition from adverse to favorable environ-
mental conditions in the forests of the study area Val di Sole / Val di Rabbi.

terns at the landscape scale mostly depend on
macro-topographical features, especially ele-
vation and slope exposure (see Chapters 2
and 3). Environmental conditions at low
elevation (~ 1200 m a.s.l.) and on south-facing
slopes are favorable for organic matter
decomposition as compared to high elevation
(close to the treeline) and north-facing slopes,
where accumulation of organic matter is high.
At the slope scale this trend is also evident —
additional spatial variations of indicators of
decomposition were found to be related to
curvature, slope angle and forest type
(Hellwig et al. 2017). Still the (dis)similarity
between landscape-scale effects and slope-
scale effects on spatial patterns of indicators
of decomposition is difficult to evaluate
because of disparate sampling designs and
the accompanying different approaches for
modelling (see Chapters 2, 3 and 4).

Gradients of elevation and slope exposure are
low at the local scale (= scale of one sampling
site, 25m x 25m). Here the data analysis
revealed a high variability of humus forms
according to micro-topography and ground
vegetation (see Chapter 3; Anschlag et al.
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2017). Soil ecological processes are driven by
complex interactions at the micro-scale. These
are subject to a high spatial variability due to
micro-scale differences in soil aggregation,
pore space and organic matter content
(Nunan 2017). This mosaic of micro-habitats
might simultaneously trigger and arise from
mosaic-like differences of humus layers that
were observable at the scale of a sampling site

(see Chapters 2, 3 and 4).

1.2  Methods for digital mapping of
indicators of decomposition

Factor-based approach to digital soil mapping

This thesis presents a novel method for digital
soil mapping with limited sample data based
on expert knowledge for an area with a highly
heterogeneous landscape. In the last decade,
digital soil mapping has shifted from research
studies to common practice (Minasny &
McBratney 2016). However, specific issues
such as digital soil mapping with limited data
(Zhu et al. 2015; Stumpf et al. 2016) and in
hardly  accessible

heterogeneous, areas



(Cambule et al. 2013) have only been the focus
of recent studies. In this situation, it is partic-
ularly important to select an appropriate
modelling method and a thorough model
evaluation (Zhu et al. 2015; Beguin et al.
2017).

The concept of digital soil mapping includes a
wide array of methods for the spatial predic-
tion of soil parameters (McBratney et al.
2003). In this thesis, spatial patterns of humus
forms, soil organisms and soil biological
activity were modelled utilizing factor-based
approaches for digital soil mapping. Factor-
based approaches integrate relationships
between environmental influences and the
target soil properties into spatial modelling
(McBratney et al. 2003). Purely geostatistical
approaches were not appropriate in this study
area due to the high heterogeneity of the
mountainous landscape both at the local scale
and at the landscape scale. Factor-based ap-
proaches appeared useful, though, as it is well
established that factors such as climate and
litter quality influence indicators of decom-
position (Bradford et al. 2016). Therefore,
modelling was based on the spatial variation
of those environmental covariates that were
expected to affect decomposition processes in
the study area (especially terrain attributes,
see Chapters 2, 3 and 4).

Digital mapping of indicators of decompo-
sition

This thesis contributes to digital mapping of
soil ecological parameters. Maps of these

parameters are useful to evaluate the effects
of environmental changes or disturbances on
ecosystem functioning. Organic matter de-
composition is among the most fundamental
processes for ecosystem functioning, which
are conceptualized as ecosystem services
(Costanza et al. 2017). Consequently, maps of
indicators of decomposition also provide in-
formation on spatial variations of ecosystem
services. With regard to high mountain forest
ecosystems, this study appears to be the first
instance of employing digital mapping tech-
niques to investigate soil ecological relation-
ships on such a broad scale.

Digital soil mapping is most frequently
utilized for the prediction of soil taxonomic
classes, soil texture, hydraulic properties and
chemical elements or substances in soils
(McBratney et al. 2003; Scull et al. 2003;
Grunwald 2009). Moreover, there are several
studies on spatial modelling of pH values
(e.g. Laslett et al. 1987; Baltensweiler et al.
2017; Robinson et al. 2017). Other indicators of
decomposition have only rarely been ad-
dressed. Pino (2016) mapped the diversity of
microorganisms in soils of New South Wales.
Delgado-Baquerizo et al. (2018) analyzed eco-
logical groups of soil bacteria at the global
scale and built maps of the major bacterial
clusters. Furthermore, recent studies mapped
spatial patterns of extracellular enzyme activi-
ties in soils at the local scale (Baldrian et al.
2010; Baldrian 2014; Boeddinghaus et al.
2015). Aberegg et al. (2009) mapped humus
form classes in the same study area as in this

SLOPE SCALE
High data availability
Data mining

Random Forest + Kriging of the residuals

LANDSCAPE SCALE

Low data availability
Expert knowledge
Fuzzy logic

Figure 2. Methodological approaches at the landscape versus slope scale depending on the data basis

(modified from Hellwig et al. 2017).
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thesis (including woodless areas). This thesis
advances predictive mapping of humus
forms, soil organisms and soil biological
activity at the landscape and slope scales.

Methods at the landscape versus slope scale

According to the data availability different
methods were applied at the landscape scale
and at the slope scale (Figure 2). Modelling at
the landscape scale relies on a small amount
of data (sites N1-N3, 56-S8, see Chapters 2
and 3). The sampling sites were determined
on the basis of expert knowledge. They cover
an elevational gradient and opposing slope
exposures (north-facing and south-facing
slopes). This implied that for the prediction of
indicators of decomposition it was only possi-
ble to include elevation and slope exposure as
covariates. In this situation, an approach com-
bining decision tree analysis with fuzzy logic
performed better than an approach solely
based on decision trees (see Chapter 2).

At the slope scale, 30 sites per slope were de-
termined with conditioned Latin Hypercube
Sampling. This allowed using a data mining
approach, since the sampling method yielded
a sampling set that represented the environ-
mental conditions of the whole study area
relatively well.

As compared to the decision tree models at
the landscape scale, the random forest models
at the slope scale are more robust, since they
have a lower tendency to overfit the training
data and they alleviate the influence of
extremes in the data (Breiman 2001; Prasad
et al. 2006). Nevertheless, the methodological
framework comprising a decision tree analy-
sis and fuzzy membership functions has ap-
peared to be a suitable approach for predict-
ing indicators of decomposition when the
landscape is heterogeneous. The random
forest models were coupled with a kriging of
the residuals, which accounts for the spatial
variation in the training data that cannot be
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explained by the environmental covariates.
This proved to be a suitable approach for pre-
dicting indicators of decomposition when the
training dataset is an accurate representation
of the variation in environmental conditions
in the study area.

1.3 Model limitations

Data uncertainties

The sample data are subject to different
sources of uncertainty. A high small-scale
variability of ground cover (litter, grass, moss,
fern, shrubs) and humus forms indicates that
single samples for the analysis of biological
and biogeochemical parameters might not be
typical of the entire site. Therefore, a set of
several samples was taken per site consider-
ing visible variations of the ground cover (see
Chapters 2, 3 and 4). Furthermore, side effects
of the transport and laboratory analyses of the
samples cannot completely be excluded, al-
though samples were treated thoroughly.
Integrating all samples used for modelling,
the data are deemed transferable to typical
sites throughout the study area.

Regarding the environmental data, errors and
uncertainty arise from the compilation of the
digital terrain models. Both topographic maps
and LiDAR data provide approximations to
actual elevation values (Fisher & Tate 2006;
Wechsler 2007). Additionally, all environ-
mental data are spatially imprecise, as they
contain spatially aggregated values according
to their resolution.

The results from this thesis are related to the
study area Val di Sole / Val di Rabbi in the
Italian Alps. Spatial patterns of indicators of
decomposition are not directly transferable to
study areas with different parent materials,
climatic conditions, forest types or land-use
practices. However, this thesis provides a
methodological framework that can be used
similarly to analyze spatial patterns of in-



dicators of decomposition in other study
areas characterized by a heterogeneous land-
scape.

Model evaluations

Due to the high uncertainty of both sampling
and environmental data, the results of spatial
modelling needed to be evaluated extensive-
ly. The methods used for the evaluation of the
spatial models presented in this thesis were
chosen depending on the modelling methods.
Although frequently disregarded, model eval-
uations are generally important to interpret
and potentially use the results for further pur-
poses (Bennett et al. 2013).

All models showed a satisfying reliability (see
Chapters 2, 3 and 4). However, due to the
data scarcity, the landscape-scale predictions
are especially dependent on single observa-
tions. The distinctly higher deviations of the
predictions from the observations at the vali-
dation sites as compared to the goodness of fit
of the model indicate that there is a risk of
overfitting the sample data (see Chapter 2).
Therefore, the landscape-scale models have
been evaluated considering the goodness of
fit, resampling of the training data, observa-
tions from validation sites, systematic mani-
pulation of the input data to account for un-
certainties and deviations of landform types
from the training data (see Chapter 3). In this
context, the mean error (ME) and the root
mean squared error (RMSE) were used as
quantitative metrics. Both metrics are com-
monly used and appropriate to evaluate the
performance of models (Chai & Draxler 2014).
The random forest models revealed spatial
patterns at the slope scale depending on
several environmental factors with explained

variances between 18 % and 37 %. Kriging of
the model residuals enabled to increase the
goodness of predictions of the modelled
parameters (see Chapter 4).

1.4  Future perspectives

Soil ecological mechanisms relevant for eco-
system functioning in high mountain forests
are still not well understood (Broll 1998;
Baldrian 2017; van der Wal & de Boer 2017;
Frouz 2018). Thus it is necessary to examine
further parameters related to organic matter
decomposition in high mountain forests (e.g.
focusing on soil food webs, litter traits or
root-soil interactions). Presuming an en-
hanced understanding of soil ecological pro-
cesses, future models of the system of organic
matter decomposition may employ mecha-
nism-based simulation approaches in place of
purely data-based mapping approaches
(Cuddington et al. 2013; Sarmento Cabral et
al. 2017).

Future spatial models of soil ecological
parameters need to meet new demands to
support ecosystem management in the face of
environmental changes. First, they should be
able to cross spatial scales from the local scale
up to the landscape scale. Second, they should
(e.g.
Stockmann et al. 2015) to map changes over

integrate the temporal dimension
time and to calculate future scenarios. This is
particularly important in view of expected
responses of soil organisms involved in the
carbon cycle to a changing climate (Reichstein
et al. 2013; Frank et al. 2015; Coyle et al. 2017).
Third, spatial models should always be com-
municated together with limitations and esti-

mates of uncertainty.
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2 Conclusion

This thesis focused on spatial patterns of hu-
mus forms, soil organisms and soil biological
activity in a study area in the Italian Alps.
Modelling methods frequently used in the
context of digital soil mapping have been
refined to derive predictive maps of indica-
tors of decomposition based on correlations
between sample data and environmental data.
Models have been developed and evaluated
both at the landscape scale and at the slope
scale.

The first research question asked for suitable
methods for data-based spatial modelling of
indicators of decomposition. The study area
of this thesis is located in the high mountains,
a quite heterogeneous landscape in terms of
environmental conditions. The study of pa-
rameters related to organic matter decomposi-
tion has shown that predictive mapping in
such a landscape requires a specific method-
ological design depending on the data avail-
ability and the model scale. Factor-based ap-
proaches from digital soil mapping appeared
suitable for mapping indicators of decomposi-
tion, as they are designed to include exten-
sively available data on environmental influ-
encing factors. At the landscape scale, the
data basis was characterized by a small
amount of sample data achieved in an expert-
based sampling design. Modelling thus de-
mands a knowledge-based approach. The
application of fuzzy logic has shown to be
adequate in deriving membership functions
from decision trees. Predictive maps are pro-
duced by combining all functions depending
on the different environmental parameters
that are considered as covariates. At the slope
scale, the data basis consisted of a relatively
large amount of sample data that were
acquired in a model-based sampling design.
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This allows for the application of random
forest as a data mining method for spatial
modelling, which integrates several environ-
mental covariates.

The second research question concerned the
dependence of spatial patterns of indicators of
decomposition on the model scale. With re-
gard to the described patterns, the model
results at the landscape scale and at the slope
scale are similar. However, together with a
high availability of sample data, the higher
level of detail at the slope scale allows to
capture the effects of additional topographical
parameters such as curvature and slope angle.
Due to limited data availability at the land-
scape scale, it remains unclear if these topo-
graphical parameters influence the patterns of
indicators of decomposition similarly at the
landscape scale. Therefore, spatial models at
the landscape scale have a higher uncertainty.
At the slope scale, geostatistical analyses such
as kriging of the model residuals from ran-
dom forest may help to derive realistic predic-
tions. Sample data acquired at the local scale
indicate that micro-topography and ground
vegetation, but not the tree species composi-
tion, are the most important factors for small-
scale variability of decomposition processes.

The third research question targeted the cor-
relations between the spatial distributions of
humus forms, soil organisms of different de-
composer communities and soil microbiologi-
cal parameters. The respective spatial patterns
have been shown to be distinctly correlated
among each other and with environmental
conditions.

On north-facing slopes, there are generally
adverse environmental conditions for decom-
position processes. This is evident, as the



spatial models show that topsoils at these
sites are characterized by low pH values, a
decomposer community dominated by
Moder-indicating enchytraeids, a relatively
high C/N ratio, a low activity of leucine-
aminopeptidase and a low ratio of the activi-
ties of alkaline and acid phosphomono-
esterase. In this situation, the spatial models
of humus forms indicate almost exclusively
Moder (partly eroded) and Mor. Decomposi-
tion on north-facing slopes is probably limit-
ed by soil temperature. Therefore, decomposi-
tion processes are hampered more at high
elevations near the treeline than at low eleva-
tions close to the valley bottoms.

On south-facing slopes, environmental condi-
tions are generally rather favorable for
decomposition processes. The spatial models
show that topsoils on south-facing slopes are
characterized by relatively high pH values, a
decomposer community dominated by Mull-
indicating enchytraeids, a low C/N ratio, a
high activity of leucine-aminopeptidase and a
high ratio of the activities of alkaline and acid
phosphomonoesterase. In this situation, the

spatial models of humus forms indicate a
high presence of Mull and Amphimull. Spa-
tial variations of indicators of decomposition
along the elevational gradient are not as
pronounced on the south-facing slopes when
compared to those of the north-facing slopes.
This indicates that decomposition processes
on south-facing slopes are probably limited
by both soil temperature and soil moisture.
Decomposition processes are hampered by
drought periods during the summer especial-
ly at the highly irradiated, warm sites at low
elevation on south-facing slopes.

Altogether, environmental conditions for or-
ganic matter decomposition in the study area
vary significantly according to the topograph-
ical position, especially between different ele-
vations and slope exposures. The relatively
high coincidence of spatial patterns of humus
forms and of ecological properties of the top-
soil suggests that the humus form can be used
as indicator of organic matter decomposition
processes in the investigated high mountain

area.
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Appendix 1: Online appendix of Chapter 2

Code from the file DecTreeAnalysis.R

# Use R package rpart (Therneau et al., 2015)
Tibrary(rpart)
# Select folder that contains file 'hf_data.txt'

setwd(choose.dir(default=".", caption="select data folder"))

# Load data

hf_data <- read.delim("hf_data.txt")

# Apply weights for different soil cover types

hf_data_w <- data.frame(hf_data[rep(seq_len(dim(hf_data)[1]), hf_data$weight), ,
drop = FALSE], row.names = NULL)

# Build decision tree

dec_tree <- rpart(OH ~ elevation + exposition, method="anova", data=hf_data_w,
minsplit = 50)

plot(dec_tree, uniform = TRUE, compress = TRUE, main="Decision tree: OH horizon",
margin = 0.1, nspace = 1, branch = 0.5)

text(dec_tree, use.n = FALSE, all = TRUE, fancy = TRUE, fwidth = 6, fheight
2.0, cex = 1.0, adj = c(0.5,0.8))

Derive fuzzy membership function (bell-shape) for areas higher than 1300 m
.s.1.:
<- function(x, c, b) 1-(1-0.5167)*exp(abs((x-180)/b)Ac*10g(0.5))

Minimize deviation at north-exposed sites (exposition = 360 degrees), where OH
63.33 % (see decision tree)
_appl <- function(c, b) abs(f(360, c, b) - 0.6333)

# Choose intermediate value c = 2
optimize(f_appl, c(0,10000), tol = 0.01, c = 2) # Minimum for b = 285

# Different behaviour of fuzzy membership function for other c values

—H Il #H —Ho =

optimize(f_appl, c(0,10000), tol = 0.01, c = 1) # Minimum for b = 452
optimize(f_appl, <(0,10000), tol = 0.01, c = 3) # Minimum for b = 245
Data from the file hf data.txt

site OH elevation exposition weight
N1F1l 0 1200 360 1
N1F2 0 1200 360 1
N1F3 0 1200 360 1
N1M1 0 1200 360 9
N1M2 0.5 1200 360 9
N1M3 0 1200 360 9
N2M1 1 1400 360 10
N2M2 1 1400 360 10
N2M3 0 1400 360 10
N3Gl 1 1630 360 8
N3G2 1 1630 360 8
N3G3 0 1630 360 8
N3M1 0 1630 360 2
N3M2 1 1630 360 2
N3M3 0 1630 360 2
S6G1 0 1200 180 1
S6G2 1 1200 180 1
S6G3 1 1200 180 1
s6L1 0 1200 180 9
S6L2 0 1200 180 9
S6L3 0 1200 180 9
S7G1 0.5 1400 180 10
S7G2 0.5 1400 180 10
S7G3 0.5 1400 180 10
S8G1 0 1630 180 2
S8G2 0 1630 180 2
S8G3 0 1630 180 2
s8L1 1 1630 180 8
S8L2 0 1630 180 8
S8L3 1 1630 180 8
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Appendix 2: Supplementary material of Chapter 3

Table S1 Sample data from the investigation sites N1-N3 (northern slope exposure) and S6-S8 (southern

slope exposure)

Soil cover Percentage of Percentage of Percentage of
Site typgs . Sample mull !ndicator; to moder i_ndicators_ humu_s forms
(weighting for all microannelid to all microannelid showing an OH
aggregation) individuals (%) individuals (%) horizon (%)
N1 moss (90 %) M1 31.91 36.17 0.00
M2 0.00 90.80 50.00
M3 5.26 8.77 0.00
fern (10 %) F1 76.92 19.23 100.00
F2 2.86 77.14 0.00
F3 37.80 29.92 0.00
N2 moss (100 %) M1 0.00 98.63 100.00
M2 15.52 81.03 100.00
M3 0.00 92.54 0.00
N3 grass (80 %) G1 11.36 81.82 100.00
G2 21.19 68.64 100.00
G3 44 .44 55.56 100.00
moss (20 %) M1 0.00 100.00 100.00
M2 0.00 82.00 50.00
M3 0.00 97.14 0.00
S6  litter (90 %) L1 91.07 0.00 0.00
L2 100.00 0.00 0.00
L3 100.00 0.00 0.00
grass (10 %) G1 59.09 0.00 0.00
G2 95.74 0.00 100.00
G3 - - 100.00
S7 grass (100 %) G1 63.41 2.44 50.00
G2 29.49 11.54 50.00
G3 93.46 1.96 50.00
S8  litter (80 %) L1 10.34 17.24 100.00
L2 90.00 5.00 0.00
L3 96.77 0.00 50.00
grass (20 %) G1 83.33 0.00 100.00
G2 21.05 15.79 0.00
G3 58.06 16.13 0.00
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Table S2 Data basis for resampling (designations of the sample plots refer to soil cover types: M = moss,

F =fern, G = grass, L = litter)

Samples left out in resampled data set

Model

no. N1 N2 N3 S6 S7 S8

1 M1, F1 M1 G1, M1 L1, G1 G1 L1, G1
2 M1, F1 M1 G2,M2 L1, G1 G1 L2, G2
3 M1, F1 M1 G3,M3 L1, G1 G1 L3, G3
4 M1, F1 M2 G1, M1 L1, G1 G2 L1, G1
5 M1, F1 M2 G2,M2 L1, G1 G2 L2, G2
6 M1, F1 M2 G3,M3 L1, G1 G2 L3, G3
7 M1, F1 M3 G1, M1 L1, G1 G3 L1, G1
8 M1, F1 M3 G2,M2 L1, G1 G3 L2, G2
9 M1, F1 M3 G3,M3 L1, Gt G3 L3, G3
10 M2, F2 M1 G1, M1 L2, G2 G1 L1, G1
11 M2, F2 M1 G2,M2 L2, G2 G1 L2, G2
12 M2, F2 M1 G3,M3 L2, G2 G1 L3, G3
13 M2, F2 M2 G1, M1 L2, G2 G2 L1, G1
14 M2, F2 M2 G2,M2  L2,G2 G2 L2, G2
15 M2, F2 M2 G3,M3 L2, G2 G2 L3, G3
16 M2, F2 M3 G1, M1 L2, G2 G3 L1, G1
17 M2, F2 M3 G2,M2  L2,G2 G3 L2, G2
18 M2, F2 M3 G3,M3 L2, G2 G3 L3, G3
19 M3, F3 M1 G1, M1 L3, G3 G1 L1, G1
20 M3, F3 M1 G2,M2 L3, G3 G1 L2, G2
21 M3, F3 M1 G3,M3 L3, G3 G1 L3, G3
22 M3, F3 M2 G1, M1 L3, G3 G2 L1, G1
23 M3, F3 M2 G2,M2 L3, G3 G2 L2, G2
24 M3, F3 M2 G3,M3 L3, G3 G2 L3, G3
25 M3, F3 M3 G1, M1 L3, G3 G3 L1, G1
26 M3, F3 M3 G2,M2  L3,G3 G3 L2, G2
27 M3, F3 M3 G3,M3 L3, G3 G3 L3, G3
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Table S3 Sample plot raw data on microannelid species from the investigation sites N1-N3 (north-facing slopes) and S6-S8 (south-facing slopes). Designations

of the sample plots refer to soil cover types: M = moss, F = fern, G = grass, L = litter)

Sample plot
N1M1 N1M2 N1M3 N1F1 N1F2 N1F3 N2M1 N2M2 N2M3 N3G1 N3G2 N3G3 N3M1 N3M2 N3M3

Achaeta danica 15 6 - 10 - 14 33 11 18 - - - - - -
Achaeta sp. (dzwi) - - - - - - - - - - - - - - -
Bryodrilus ehlersi - - - - - - 1 7 - 4 8 - - -
Buchholzia appendiculata 38 - 45 - - - - 9 10 - - -
Cognettia sphagnetorum
Enchytraeus buchholzi
Enchytraeus norvegicus
Enchytronia parva
Enchytronia sp. (holo)
Euenchytraeus bisetosus - - - - - - - - - - - - - - 4
Fridericia auritoides - - - - - - - - - - - - - - -
Fridericia benti
Fridericia bisetosa
Fridericia bulboides
Fridericia christeri -
Fridericia connata 8
Fridericia miraflores - - - 2 - - - - - - - - - - -
Fridericia paroniana - - - 1
Fridericia ratzeli - - - - - - - - - - - - - - -
Fridericia stephensoni - - - - - - - - - - - - - - R
Fridericia waldenstroemi - - - - - - - - - - - - - - R
Fridericia sp. juv. - - - 8 1 - - - - - 3 - - - -
Hemifridericia parva - - - - - - - - - - 13 5 - - -
Henlea nasuta - - - - - - - - - -
Henlea perpusilla - - - 2 - - - - - 7
Marionina clavata - - - - - - 22 19 - 1 57 - 14 16 -
6
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Mesenchytraeus
glandulosus
Mesenchytraeus pelicensis - - - - - - - - - - - - 1 - -
Hrabeiella periglandulata - - - - - - - - - - - - - - -
Total of extracted animals 47 87 57 78 35 127 73 58 67 88 118 36 42 50 70
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> Table S3 Continued

Sample plot

Soec
pecies S6L1 S6L2 S6L3 S6G1 S6G2 S6G3 S7G1 S7G2 S7G3  S8L1 S8L2 S8L3 S8G1 S8G2 S8G3

Achaeta danica - - - - - - - - - - - - -
Achaeta sp. (dzwi) - - - - - - - - 1 - - - -
Bryodrilus ehlersi - - - - - -
Buchholzia appendiculata 211 - 303 - 190 2
Cognettia sphagnetorum - - - - - 1
Enchytraeus buchholzi 3 11 9 8 - - -
Enchytraeus norvegicus - - - 11 1 - 2
Enchytronia parva 36 - - 22 15 14 44
Enchytronia sp. (holo) - - - 8 - 1 -
Euenchytraeus bisetosus - - - - - - -
Fridericia auritoides - 25 - - - - -
Fridericia benti - - - - -
Fridericia bisetosa 1 - - -
Fridericia bulboides 13 - 4
Fridericia christeri - 1 8
Fridericia connata 3 - 15
Fridericia miraflores - - -
Fridericia paroniana 59 21 48 106 - -
Fridericia ratzeli - - - - - - -
Fridericia stephensoni - - - - - - - - - - - - - 3
Fridericia waldenstroemi - 1 - 11 - - - 8 - - - - -
Fridericia sp. juv. 69 30 54 17 59 12 3 43 - 15 2 7 -
Hemifridericia parva - - - - - - - - - - - - -
Henlea nasuta 8 - - - - - - - - - - -

Henlea perpusilla - - - - - - - 9 1 2 - - 4
Marionina clavata - - - - - - - - - - - - -
Mesenchytraeus

glandulosus

Mesenchytraeus pelicensis - - - - - - - 2 - - - - - 2
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Hrabeiella periglandulata - - - 3 - - - - - - - - -

Total of extracted animals 403 89 441 88 376 41 78 153 29 20 31 12 19 31




Table S4 Sample plot raw data on humus profiles from the investigation sites N1-N3 (north-facing slopes)

and S6-S8 (south-facing slopes). Designations of the sample plots refer to soil cover types: M = moss, F

= fern, G = grass, L = litter

Presence of organic horizons

Dominant humus form

Dominant humus form

Sample according to Swiss according to German
plot oL OF OH  classification [28] classification [27]
N1M1 yes yes no Dysmull

N1M2 yes yes partial Eumesoamphi

N1M3 yes yes no Dysmull

N1F1 yes yes yes Eumesoamphi Mullartiger Moder
N1F2 yes yes no Dysmull

N1F3 yes yes no Dysmull

N2M1 yes yes yes Dysmoder

N2M2 yes yes yes Dysmoder Typischer Moder
N2M3 yes yes no Dysmoder

N3G1 yes yes yes Dysmoder

N3G2 yes yes yes Dysmoder (folic)

N3G3 yes yes yes Dysmoder

N3M1 yes yes yes Dysmoder (folic) Typischer Moder
N3M2 yes yes partial Hemimoder

N3M3 yes yes no Hemimoder

S6L1 yes yes no Dysmull

S6L2 yes yes no Dysmull (Amphi)

S6L3 yes yes no Dysmull (Amphi)

S6G1 partial yes no Dysmull (colluvic) Mullartiger Moder
S6G2 yes yes Yes Pachyamphi folic (albic)

S6G3 partial yes Yes Eumesoamphi (albic)

S7G1 yes yes Partial Hemimoder

S7G2 yes yes partial Eumesoamphi Mullartiger Moder
S7G3 yes yes partial Leptoamphi

S8LA1 partial partial yes Dysmoder

S8L2 yes yes no Hemimoder

S8L3 yes yes partial Hemimoder Mullartiger Moder/
S8G1 yes yes yes Dysmoder Typischer Moder
S8G2 yes yes no Hemimoder

S8G3 no yes no Hemimoder

(erodic)
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Figure S1 Similarity between the models of the spatial distribution of enchytraeid indicator classes and

the occurrence of humus forms showing an OH horizon.
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Figure S2 Spatial distribution of RMSE values of 27 resampled model results for mull-indicating

enchytraeids.
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Figure S3 Spatial distribution of RMSE values of 27 resampled model results for moder-indicating
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Appendix 3: Supplementary material of Chapter 4

Table S1. Input data for linear models of soil C/N ratio and enzyme activities depending on pH values

Site Soil Soil pH Leucine-amino- Ratio alkaline/ Soil C/N
depth horizons H,0 peptidase acid phospho-
(cm) covered (1:10) activity monoesterase
dry soil h™')

N1a-1 5-10 A 4.39 147.9 0.01 26.5
N1a-2 5-10 A 4.47 87.6 0.00 21.3
N1a-3 5-10 AE/Bs 4.54 96.2 0.01 19.3
N1a-4 5-10 AE 4.83 144.7 0.03 16.4
N1a-5 5-10 AE/Bs 4.39 123.7 0.00 194
N1b-1 0-5 O/A 4.35 180.4 0.16 25.8
N1b-2 5-10 A/Bs 4.43 54.5 0.00 23.6
N1b-3 0-5 O/A 4.22 141.5 0.01 36.6
N1b-4 5-10 A/Bs 4.67 23.7 0.00 22.5
N1b-5 0-5 O/A 4.43 227.7 0.02 35.1
N1c-1 5-10 AE/Bs 5.23 126.0 0.24 17.8
N1c-2 5-10 AE/Bs 5.29 116.8 0.23 21.7
N1c-3 5-10 AE 5.45 128.5 0.37 17.5
N1c-4 5-10 AE/Bs 5.38 105.6 0.26 17.4
N1c-5 5-10 AE/Bs 4.94 58.7 0.08 18.2
S6a-1  5-10 Ah 5.43 72.7 0.22 22.8
S6a-2 5-10 Ah 5.33 66.4 0.59 21.3
S6a-3 5-10 Ah 4.96 30.6 0.03 17.3
S6a-4 5-10 Ah 5.94 149.1 0.57 21.0
S6a-5 5-10 Ah 5.60 61.0 0.23 19.7
S6b-1  0-5 OF/Ah 6.76 438.6 217 15.5
S6b-2 0-5 Ah 6.60 285.8 1.72 18.5
S6b-3 10-15 Bw 6.16 58.9 0.80 13.9
S6b-4 0-5 OF/Ah 6.53 148.5 1.60 14.2
S6b-5 0-5 OF/Ah 6.36 130.6 1.79 18.5
S6¢c-1  0-5 OF/Ah 5.53 192.4 0.13 225
S6¢c-2 0-5 OF/Ah 5.74 337.5 0.13 22.0
S6¢c-3 0-5 OF/Ah 5.77 588.3 0.65 194
S6¢c-4 0-5 OF/Ah 5.84 351.8 0.39 19.3
S6¢c-5 0-5 OF/Ah 5.93 266.2 0.71 20.7
N2a-1 10-15 OH/AE 3.82 50.7 0.00 20.5
N2a-2 10-15 OH/AE 3.87 56.1 0.00 24.2
N2a-3 10-15 OH/AE 3.86 48.5 0.00 21.9
N2a-4 10-15 OH/AE 3.97 57.3 0.00 19.9
N2a-5 10-15 OH/AE 3.81 27.8 0.00 22.2
N2b-1 10-15 AE/Bs 5.07 37.3 0.07 18.1
N2b-2 5-10 AE/Bs 4.94 92.5 0.09 18.8
N2b-3 5-10 AE/Bs 5.17 351.4 0.23 17.4
N2b-4 5-10 AE/Bs 4.89 78.3 0.04 23.6
N2b-5 5-10 AE/Bs 4.63 92.9 0.03 23.8
N2c-1 10-15 AE/C 453 38.7 0.00 20.4
N2c-2 10-15 AE/C 4.50 24.6 0.00 18.0
N2c-3 10-15 AE/C 4.75 43.6 0.04 201
N2c-4 10-15 AE/C 4.48 19.6 0.00 25.3
N2c-5 10-15 AE/C 4.66 26.0 0.00 20.2
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Table S1. Continued

Site Soil Soil pH Leucine-amino- Ratio alkaline/ Soil C/N
depth horizons H,0 peptidase acid phospho-
covered (1:10) activity monoesterase
(cm) by the . activity
sample (nmol .MU_1F g
dry soilh™)

S7a-1 10-15 Bs 5.93 209.9 1.10 14.0
S7a-2 10-15 Bs/C 5.99 121.9 0.88 141
S7a-3 10-15 Bs/C 5.99 131.8 0.94 14.4
S7a-4 10-15 Bs/C 6.00 141.7 0.95 10.8
S7a-5 10-15 Bs 5.81 166.5 0.94 13.2
S7b-1  5-10 AE 5.89 367.5 0.73 194
S7b-2 5-10 AE 5.76 187.7 0.60 17.2
S7b-3 5-10 AE 6.15 356.6 0.86 15.7
S7b-4 5-10 AE 5.93 286.5 0.77 18.5
S7b-5 5-10 AE 5.96 213.4 0.81 15.5
S7c¢1  5-10 AE 5.80 145.4 0.56 17.8
S7c¢c-2 5-10 AE 5.56 93.4 0.24 16.5
S7¢-3 5-10 AE 5.55 97.5 0.33 16.6
S7c¢c4 5-10 AE 5.58 120.1 0.30 16.5
S7¢-5 5-10 AE 5.60 177.9 0.34 14 .4
N3a-1 5-10 OF/AE 4.14 NA' NA' 25.9
N3a-2 10-15 OF/AE 4.56 71.5 0.03 20.1
N3a-3 10-15 OF/AE 4.55 81.5 0.03 20.7
N3a-4 5-10 OF/Bs 4.39 92.6 0.02 22.2
N3a-5 10-15 E/C 4.48 67.5 0.02 25.6
N3b-1 10-15 OH/C 4.31 86.7 0.02 19.7
N3b-2 5-10 OF(/C) 4.32 0.0 NA' 20.1
N3b-3 10-15 OH/C 4.24 70.5 0.01 18.9
N3b-4 10-15 E/C 4.09 100.3 0.01 NA'
N3b-5 10-15 E/C 3.95 28.4 0.00 NA'
N3c-1 10-15 AE 4.04 57.1 0.02 221
N3c-2 10-15 AE 4.06 75.4 0.01 23.5
N3c-3 10-15 AE 4.07 59.2 0.01 19.5
N3c-4 10-15 AE 3.89 98.9 0.01 NA'
N3c-5 10-15 AE 4.07 143.1 0.01 25.5
S8a-1 5-10 OF/Bs 5.52 99.5 0.04 21.2
S8a-2 5-10 Ah/Bs 4.98 142.5 0.03 23.8
S8a-3 5-10 OF/Bs 5.62 892.5 0.09 10.9
S8a-4 5-10 Ah/Bs 5.41 260.7 0.06 18.8
S8a-5 5-10 Ah/Bs 5.66 1403.9 0.12 10.9
S8b-1 5-10 OL/OF/AE 5.20 70.4 0.05 17.2
S8b-2 5-10 OL/OF/AE 5.27 100.0 0.05 14.0
S8b-3 5-10 OL/OF/AE 5.03 77.7 0.06 17.2
S8b-4 5-10 OL/OF/AE 5.31 118.9 0.10 18.2
S8b-5 5-10 OL/OF/AE 5.28 86.6 0.08 17.6
S8c-1 0-5 Ah/Bs 5.18 143.0 0.03 23.2
S8c-2 0-5 Ah/BA 5.50 192.6 0.15 17.5
S8c-3 0-5 Ah/Bs 5.35 131.1 0.09 18.8
S8c4 0-5 Ah/Bs 5.46 133.2 0.10 22.4
S8c-5 0-5 Ah/Bs 5.81 127.2 0.15 18.2

' No sample. Sample was omitted in the respective regression model.
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Table S2. Input data for linear model of the ratio bacterial / archaeal abundance depending on pH values

Site  Soil Dominant pH Ratio
depth soil H,O bacterial /
(cm) horizons of (1:10) archaeal
subsamples abundance
N1a 5-10 AE/Bs 4.52 4.8
N1b 0-5 O/A 4.45 4.7
N1c 5-10 AE/Bs 5.26 4.0
S6a 5-10 Ah 5.45 294
Séb 0-5 OF/Ah 6.58 16.1
Séc 0-5 OF/Ah 5.76 19.1
N2a 10-15 OH/AE 3.87 1.9
N2b 5-10 AE/Bss 4.94 0.5
N2c 10-15 AE/C 4.58 40.2
S§7a 10-15 Bs/C 5.94 32.7
S7b  5-10 AE 5.94 660.5
S7c¢  5-10 AE 5.62 22.0
N3a 10-15 OF/AE 4.53 18.0
N3b 10-15 OH/E/C 417 0.1
N3¢ 10-15 AE 4.03 304
S8a 5-10 Ah/Bs 5.44 221
S8b 5-10 Ah/Bs 5.22 20.3
S8c O0-5 OL/OF/AE 5.46 244
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Table S3. Humus forms (according to [40,41]) and pH values sampled at 60 sites in Val di Rabbi (RN1-
RN30 at a north-facing slope, RS1-RS30 at a south-facing slope). pH values are means from two

replicates
Sites Elevation Ground covertype Humus form pHin A
a.s.l. (m) (percentage at site) horizon
H.O
(1:10)
RN1 1215 Grass (100%) Amphimull (AMU) 6.06
RN2 1211 Grass (100%) Mullartiger Moder (MOM) 5.18
RN3 1244 Grass (100%) Rohhumusartiger Moder (MRA) 4.88
RN4 1270 Moss (100%) Amphimull (AMU) 5.20
RN5 1278 Litter (70%) Amphimull (AMU) 5.25
Fern (30%) F-Mull (MUO) 4.96
RN6 1298 Litter (50%) Hagerhumus (HMO) 5.1
Grass (50%) Rohhumusartiger Moder (MRA) 4.41
RN7 1309 Grass (100%) Rohhumusartiger Moder (MRA) 4.82
RN8 1340 Litter (100%) Rohhumusartiger Moder (MRA) 4.63
RN9 1362 Grass (100%) Graswurzelfilz-Moder (GMO) 5.00
RN10 1411 Grass (80%) Amphimull (AMU) 4.62
Litter (20%) Amphimull (AMU) !
RN11 1437 Litter (50%) Rohhumusartiger Moder (MRA) 4.41
Grass (50%) Mullartiger Moder (MOM) 4.84
RN12 1442 Grass (80%) Mullartiger Moder (MOM) 4.48
Litter (20%) Rohhumusartiger Moder (MRA) 4.45
RN13 1480 Litter (100%) Rohhumusartiger Moder (MRA) 4.42
RN14 1496 Grass (70%) Rohhumusartiger Moder (MRR) 4.39
Litter (30%) Rohhumusartiger Moder (MRA) 4.64
RN15 1523 Grass (90%) Rohhumusartiger Moder (MRR) 4.72
Litter (10%) Rohhumusartiger Moder (MRR) 4.45
RN16 1540 Grass (100%) Rohhumusartiger Moder (MRR) 4.80
RN17 1622 Grass (100%) Rohhumusartiger Moder (MRR) 4.20
RN18 1648 Grass (100%) Typischer Moder (MOA) 4.25
RN19 1704 Grass (80%) Rohhumusartiger Moder (MRA) 4.69
Litter (20%) Rohhumusartiger Moder (MRR) 4.58
RN20 1735 Grass (100%) Rohhumusartiger Moder (MRR) 4.73
RN21 1757 Grass (100%) Rohhumusartiger Moder (MRR) 417
RN22 1805 Grass (100%) Rohhumusartiger Moder (MRA) 4.24
RN23 1849 Grass (100%) Rohhumusartiger Moder (MRR) 4.46
RN24 1893 Shrubs (100%) Rohhumus (ROR) 4.22
RN25 1895 Grass (80%) Mullartiger Moder (MOM) 4.66
Shrubs (20%) Rohhumusartiger Moder (MRA) 4.71
RN26 1908 Grass (100%) Rohhumusartiger Moder (MRA) 4.74
RN27 1915 Grass (100%) Rohhumusartiger Moder (MRR) 4.02
RN28 1957 Grass (100%) Rohhumusartiger Moder (MRR) 4.52
RN29 1964 Grass (80%) Mullartiger Moder (MOM) 4.71
Shrubs (20%) Typischer Moder (MOR) 4.68
RN30 2007 Shrubs (100%) Rohhumus (ROR) 4.05

' No pH sample was taken under litter at site RN10. For modelling, the pH sample under grass was
weighted with 1.0 (instead of 0.8) at this site.
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Table S3. Continued

Sites Elevation Ground cover type Humus form pHin A
a.s.l. (m) (percentage at site) horizon
H,O
(1:10)
RS1 1229 Grass (100%) F-Mull (MUO) 5.70
RS2 1310 Grass (100%) Typischer Moder (MOA) 5.80
RS3 1329 Litter (100%) Amphimull (AMU) 4.43
RS4 1391 Grass (60%) Rohhumusartiger Moder (MRA) 4.74
Litter (40%) Amphimull (AMU) 4.77
RS5 1415 Grass (100%) Amphimull (AMU) 5.79
RS6 1421 Grass (100%) F-Mull (MUO) 5.36
RS7 1459 Litter (70%) Mullartiger Moder (MOM) 4.67
Grass (30%) F-Mull (MUO) 5.36
RS8 1502 Grass (70%) Rohhumusartiger Moder (MRA) 4.90
Litter (30%) Amphimull (AMU) 4.90
RS9 1523 Grass (100%) Amphimull (AMU) 5.45
RS10 1553 Grass (100%) F-Mull (MUO) 5.95
RS11 1590 Grass (100%) Mullartiger Moder (MOM) 5.39
RS12 1621 Litter (60%) Mullartiger Moder (MOM) 5.05
Moss (40%) Mullartiger Moder (MOM) 4.46
RS13 1677 Grass (100%) Mullartiger Moder (MOM) 5.30
RS14 1719 Grass (100%) Rohhumusartiger Moder (MRA) 4.61
RS15 1728 Grass (50%) Rohhumusartiger Moder (MRA) 4.73
Litter (40%) Hagerhumus (HMO) 492
Moss (10%) Rohhumusartiger Moder (MRA) 4.47
RS16 1783 Litter (60%) Rohhumusartiger Moder (MRA) 4.62
Grass (40%) Rohhumusartiger Moder (MRR) 4.74
RS17 1827 Litter (60%) Rohhumus (ROA) 4.73
Grass (30%) F-Mull (MUO) 5.34
Moss (10%) Rohhumus (ROA) 2
RS18 1892 Grass (100%) Rohhumusartiger Moder (MRA) 4.72
RS19 1908 Grass (60%) Rohhumusartiger Moder (MRA) 4.39
Litter (40%) Rohhumusartiger Moder (MRR) 4.72
RS20 1952 Grass (100%) F-Mull (MUO) 5.30
RS21 1945 Litter (50%) Rohhumusartiger Moder (MRA) 4.51
Grass (50%) F-Mull (MUO) 5.08
RS22 1967 Grass (100%) Mullartiger Moder (MOM) 5.15
RS23 2010 Grass (100%) F-Mull (MUO) 5.02
RS24 2029 Shrubs (60%) Typischer Moder (MOR) 3
Grass (40%) Typischer Moder (MOA) 4.94 and 4.98
RS25 2059 Shrubs (80%) Rohhumus (ROR) 4.75
Grass (20%) Rohhumusartiger Moder (MRA) 4.95
RS26 2090 Grass (100%) Rohhumusartiger Moder (MRA) 5.95
RS27 2130 Shrubs (50%) Rohhumusartiger Moder (MRA) 4.51
Grass (50%) Typischer Moder (MOA) 4.73
RS28 2147 Shrubs (70%) Rohhumusartiger Moder (MRR) 4.46
Grass (30%) Typischer Moder (MOA) 4.92
RS29 2158 Shrubs (80%) Rohhumusartiger Moder (MRR) 4.61
Grass (20%) Typischer Moder (MOA) 5.05
RS30 2212 Shrubs (80%) Rohhumus (ROR) 4.54
Grass (20%) Rohhumusartiger Moder (MRA) 4.86

2 No pH sample was taken under moss at site RS17. For modelling, the pH samples under litter and

9rass were weighted with 2/3 (instead of 0.6) and 1/3 (instead of 0.3) at this site.

The labels of ground cover types got lost for pH samples at site RS24.
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Figure S1. Results of the random forest model for the biogenic soil structure in the mineral soil
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Figure S2. Results of the kriging procedure of the model residuals for the biogenic soil structure in the
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Figure S3. Results of the random forest model for the presence of organic layers above the mineral soil
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Figure S4. Results of the kriging procedure of the model residuals for the presence of organic layers
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Figure S5. Results of the random forest model for the topsoil acidity
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Figure S6. Results of the kriging procedure of the model residuals for the topsoil acidity
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Appendix 4: Abstract of co-authored article (Anschlag et al. 2017)

Journal of Mountain Science 14(4), 2017, 662-673
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Vegetation-based bioindication of humus forms in coniferous
mountain forests

KERSTIN ANSCHLAG ¥, DYLAN TATTI 23, NIELS HELLWIG !, GIACOMO SARTORI 4, JEAN-
MICHEL GOBAT?2, GABRIELE BROLL !

! Institute of Geography, University of Osnabriick, Seminarstrafie 19ab, 49074 Osnabrueck, Germany

2 Functional Ecology Laboratory, University of Neuchatel, Rue Emile-Argand 11, 2000 Neuchatel,
Switzerland

3 School of Agricultural, Forest and Food Sciences HAFL, Bern University of Applied Sciences,
Langgasse 85, 3052 Zollikofen, Switzerland

4+ MUSE, Corso del Lavoro e della Scienza 3, 38122 Trento, Italy

*Corresponding author

ABSTRACT

Humus forms, especially the occurrence and the thickness of the horizon of humified residues
(OH), provide valuable information on site conditions. In mountain forest soils, humus forms
show a high spatial variability and data on their spatial patterns is often scarce. Our aim was to
test the applicability of various vegetation features as proxy for OH thickness. Subalpine conif-
erous forests dominated by Picea abies (L.) H. Karst. and Larix decidua Mill. were studied in the
Province of Trento, Italian Alps, between ca. 900 and 2200 m a.s.]. Braun-Blanquet vegetation
relevés and OH thickness were recorded at 152 plots. The vegetation parameters, tested for their
suitability as indicators of OH thickness, encompassed mean Landolt indicator values of the
herb layer (both unweighted and cover-weighted means) as well as parameters of vegetation
structure (cover values of plant species groups) calculated from the relevés. To our knowledge,
the predictive power of Landolt indicator values (LIVs) for humus forms had not been tested
before. Correlations between OH thickness and mean LIVs were strongest for the soil reaction
value, but indicator values for humus, nutrients, temperature and light were also significantly
correlated with OH thickness. Generally, weighting with species cover reduced the indicator
quality of mean LIVs for OH thickness. The strongest relationships between OH thickness and
vegetation structure existed in the following indicators: the cover of forbs (excluding gramin-
oids and ferns) and the cover of Ericaceae in the herb layer. Regression models predicting OH
thickness based on vegetation structure had almost as much predictive power as models based
on LIVs. We conclude that LIVs analysis can produce fairly reliable information regarding the
thickness of the OH horizon and, thus, the humus form. If no relevé data are readily available, a
field estimation of the cover values of certain easily distinguishable herb layer species groups is
much faster than a vegetation survey with consecutive indicator value analysis, and might be a
feasible way of quickly indicating the humus form.

Keywords: Landolt indicator values; OH horizon; Forest ecosystem; Montane forest; Italian
Alps
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