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ABSTRACT: Forests can decrease the risk of shallow landslides by mechanically reinforcing the soil and positively influencing its
water balance. However, little is known about the effect of different forest structures on slope stability. In the study area in St
Antönien, Switzerland, we applied statistical prediction models and a physically-based model for spatial distribution of root rein-
forcement in order to quantify the influence of forest structure on slope stability. We designed a generalized linear regression model
and a random forest model including variables describing forest structure along with terrain parameters for a set of landslide and con-
trol points facing similar slope angle and tree coverage. The root distribution measured at regular distances from seven trees in the
same study area was used to calibrate a root distribution model. The root reinforcement was calculated as a function of tree dimen-
sion and distance from tree with the root bundle model (RBMw). Based on the modelled values of root reinforcement, we introduced
a proxy-variable for root reinforcement of the nearest tree using a gamma distribution. The results of the statistical analysis show that
variables related to forest structure significantly influence landslide susceptibility along with terrain parameters. Significant effects
were found for gap length, the distance to the nearest trees and the proxy-variable for root reinforcement of the nearest tree. Gaps
longer than 20 m critically increased the susceptibility to landslides. Root reinforcement decreased with increasing distance from
trees and is smaller in landslide plots compared to control plots. Furthermore, the influence of forest structure strongly depends on
geomorphological and hydrological conditions. Our results enhance the quantitative knowledge about the influence of forest struc-
ture on root reinforcement and landslide susceptibility and support existing management recommendations for protection against
gravitational natural hazards. Copyright © 2015 John Wiley & Sons, Ltd.
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Introduction

Shallow landslides pose a severe threat to infrastructure, agri-
cultural land and even human life. Hence, a better understand-
ing of landslide triggering factors and improved models are
required to predict zones susceptible to landslide activity
(D’Amato Avanzi et al., 2004; von Ruette et al., 2011;
Piacentini et al., 2012). In addition to topographic, geomorpho-
logical and hydrological features, which are generally seen as
primary factors controlling landslide susceptibility (Sidle,
2006; Miller and Burnett, 2007), vegetation can increase slope
stability by mechanically reinforcing the soil and positively
influencing its water balance. This is particularly the case for
forest ecosystems, where strong root systems and hydrological
regulation by trees are considered to enhance slope stability
(Imaizumi et al., 2008; Bathurst et al., 2010; Guns and
Vanacker, 2013; Kim et al., 2013).
While several case studies indicate positive influences of

forest cover, little is known about the effect of forest structural
characteristics on slope stability (Vergani et al., 2012; Mao
et al., 2014). Different forest effects in six field inventories
from different regions of Switzerland indicate that not only
the presence of forest cover plays an important role for
slope stability, but also forest structural characteristics such
as extent and size of forest gaps, development stage or spe-
cies composition (Rickli et al., 2002; Rickli and Graf, 2009;
Schwarz et al., 2012b). Such forest structural characteristics
are dynamic and can be strongly influenced by manage-
ment interventions and/or natural disturbances. Therefore,
it is very important to quantify their effect on slope stability
and landslide susceptibility (Roering et al., 2003; Bathurst
et al., 2010; Schwarz et al., 2010b).

Several physically-based approaches have been proposed in
order to detect zones prone to slope instabilities. They refer to
physical processes leading to slope failure and account in most
cases for the effect of vegetation by incorporating an additional
cohesion term for the basal failure surface, which is homoge-
neously distributed over the landscape (e.g. Montgomery and
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Dietrich, 1994; Wu and Sidle, 1995). However, several studies
demonstrate that reinforcing effects of roots vary spatially and
temporally (Mao et al., 2012; Schwarz et al., 2012a). Schwarz
et al. (2010b) propose a physically-based modelling framework
for spatial distribution of root reinforcement. It incorporates
root distribution at different distances from the tree in a root
bundle model (RBMw) quantifying root reinforcement under
consideration of the stress–strain behaviour of root bundles.
The reinforcing effect of tree roots is related to three different
mechanisms: basal root reinforcement along a potential slip
surface, lateral root reinforcement and the stiffening effects of
soil under compression (Schwarz et al., 2015). In the case
where roots form a homogeneous network parallel to the slope
and do not penetrate underlying stable strata, lateral root
reinforcement is considered as the dominant root reinforce-
ment process in terms of shallow landsliding (Roering et al.,
2003; Schwarz et al., 2010a).
Statistical approaches including bivariate models, general-

ized linear models or classification trees are also applied in
order to detect landslide susceptibility and to disentangle differ-
ent influencing factors (Guzzetti et al., 1999; Vorpahl et al.,
2012). Their reasonable use requires a sufficiently large number
of observational landslide data and is based on the assumption
that future landslides will be triggered by the same factors as
the observed ones. Landslide occurrence is the dependent var-
iable and related to a set of explanatory variables, such as hy-
drological and terrain conditions (Guzzetti et al., 1999). Most
models consider the presence of vegetation (e.g. forest or open
land), but do not integrate more detailed information about its
structural characteristics (e.g. Nandi and Shakoor, 2010;
Neuhäuser et al., 2011; Piacentini et al., 2012).
The objective of this study was to quantify the influence of

forest structural characteristics on landslide susceptibility and
root reinforcement. The term ‘landslide’ is used for shallow
landslides, which are less than 2 m deep according to the Swiss
recommendations (Lateltin, 1997). We applied statistical
prediction models in order to detect factors predominantly
influencing landslide susceptibility and quantified root rein-
forcement with a physically-based model. Based on an inven-
tory of shallow landslides in St Antönien (Switzerland), we
designed a generalized linear model and a random forest
model including variables describing forest structure along with
geomorphological and topographic parameters. For the same
study area, we implemented a root distribution model and a
RBMw in order to relate root reinforcement with forest
structural parameters. Based on modelled values of root
Figure 1. Study area (black border) in St Antönien with landslide (yellow d
root distribution was measured (blue triangle). Source: swissimage © 2014
wileyonlinelibrary.com/journal/espl
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reinforcement for trees with different diameters at different stem
distances, we introduced a proxy-variable for root reinforce-
ment as a function of tree distance and tree diameter. We hy-
pothesized that: (i) forest structure significantly influences
slope stability in addition to terrain and hydrological factors;
(ii) susceptibility to shallow landslides increases with increasing
size of forest gaps, increasing distance to the nearest tree and
decreasing stem diameter of the nearest tree; (iii) root reinforce-
ment decreases with increasing distance from trees and de-
creasing stem diameter and is smaller in areas affected by
landslides compared to non-affected control plots facing simi-
lar terrain prerequisites.
Material and Methods

Study area and databases

We used data from a landslide inventory compiled by the Swiss
Federal Institute for Forest, Snow and Landscape Research
(WSL) in 2005 [see further details in Rickli (2001 and Rickli
et al. (2008)]. The study area located in St Antönien (Canton
of Graubünden, Switzerland; Figure 1) covers an area of 0.77
km2. It ranges from 1540 to 2000 m above sea level (a.s.l.)
and has got an average inclination of 31.2°. The dominant geo-
logical formation is Flysch (Prättigauer Flysch), partially cov-
ered by till. After the heavy rainfall event of 2005, 36 shallow
landslides with a volume larger than 30 m3 were recorded in
the forest (Rickli et al., 2008; Figure 2). We complemented this
data set with 11 additional landslides in the forest, recorded
during the field investigation and which were not necessarily
caused by the same rain event. The new landslides are all less
deep than 2 m and have sizes comparable to those of the land-
slides from 2005. The forest in the study area is dominated by
spruce (Picea abies), accompanied by a few larches (Larix
decidua) and rowans (Sorbus aucuparia). In the western part,
the stands mainly consist of strong timber. Approximately one
third of the forest is artificially afforested in order to protect from
natural hazards (Rickli et al., 2008). A substantial area, espe-
cially in the western part, is pastured.

In addition to the forest landslides, a set of control points
where no landslides were recorded served as comparative data
for the statistical analysis and the quantification of root rein-
forcement. As it can be expected that landslides do not occur
at very flat or at especially densely forested slopes, the determi-
nation of control points was dictated by these two factors. We
ots) and control (yellow crosses) points and the locations of trees where
swisstopo (5704000000). This figure is available in colour online at
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Figure 2. Landslide in a forest gap in the study area in summer
2005 (8 August 2005). This figure is available in colour online at
wileyonlinelibrary.com/journal/espl

A CASE STUDY IN ST ANTÖNIEN, SWITZERLAND
extracted the slope angle and tree coverage at the landslide
points of 2005 in St Antönien from elevation data with a geo-
graphic information system (GIS). According to their ranges,
we determined the area with tree coverage between 15 and
70% (the 15%- and 85%-quantile of the tree coverage of the
landslide plots) and slope angles between 20° and 50°. In this
area, we randomly set 90 points using a GIS. Their suitability
was verified on an orthophoto and in the field. Points closer
than 30 m to a landslide or another control point were not con-
sidered. Control points which corresponded to landslides not
included in the inventory of 2005 were recorded as landslide
points. Through this process, 47 control points were defined.
Elevation data sets (digital elevation model, DEM) con-

structed from LiDAR (light detection and ranging) were used
to extract terrain and forest structural variables (swisstopo,
2014). They include a digital surface model (DSM) representing
the surface of vegetation and a digital terrain model (DTM)
representing the terrain without vegetation (Mathys, 2005).
The mean point density of the data was 1 point per 2 m2 and
the height accuracy 1.5 m in forested area (swisstopo, 2014).
The data was acquired in 2003 for St Antönien (before the land-
slide event). In order to obtain a canopy height model (CHM),
the DTM was subtracted from the DSM.
As it cannot be ruled out that the landslides substantially

changed the forest structure, orthophotos from 2003 and
2008 served as verification data (swisstopo, 2001). We assessed
whether there was a considerable change in tree coverage be-
fore (2003) and after (2008) the landslides. Furthermore, the
distance from the release point (head scarp) to the nearest tree
was measured on the orthophoto of 2003 and then compared
to the values assessed in the field.
Field methods

For each point location of a landslide and at the control points,
we measured a set of variables potentially relevant for slope
stability according to the Swiss Federal recommendations for
a sustainable protection forest (Frehner et al., 2005) and other
literature specified in Table I. These variables on forest struc-
ture, geomorphology, hydrology and land use were assessed
in an area of 30 m × 30 m around the (potential) release point.
In landslide plots, the release point was defined as the centre of
the landslide scarp. The potential release point in control plots
corresponds to the control points determined by GIS analysis.
In the same study area, the roots of seven trees (Picea abies;

diameter at breast height 45.0 ± 8.0 cm) were investigated in order
Copyright © 2015 John Wiley & Sons, Ltd.
to get input data for the root distribution model (Schwarz et al.,
2012a). We chose trees growing in similar forest communities
under similar site conditions and which are located downhill of
tree-free areas so that their root system is not influenced by
neighbouring trees. Care was taken that pasturing activities were
not too intensive in order to avoid severe disturbances of the root
growth conditions. The individual trees, the site and soil conditions
were analysed and documented. At each tree, we opened three
soil profiles uphill at 1.5, 2.5 and 3.5 m distance with a
dimension of 1.0 m width and 0.5 m depth. Therein, root dis-
tribution, the number of living roots and their diameter were
assessed. The roots were counted and measured by hand with
an electrical vernier calliper directly on the trench wall. The root
diameters were classified in 15.0 mm × 1.0 mm classes starting
with 0.0–1.5 mm until 15.5 mm. Bigger roots were measured
crosswise with exact values. As root excavations are very time-
and labour-intensive, we limited the investigation to uphill root
distribution assuming it to be isotropic (Schwarz et al., 2012a).
Data analysis and modelling approaches

Relations between landslide occurrence and potentially rele-
vant explanatory variables were first analysed univariately.
For each of the variables measured in the field or derived from
elevation data, it was assessed whether there is a significant dif-
ference between landslide and control plots with the Wilcoxon
rank-sum test (continuous variables) or the Chi-squared test
(categorical variables) and logistic regression. In the case where
p-values differ only marginally, the p-values of the Wilcoxon
rank-sum test are reported on later. Subsequently, multivariate
statistics were applied in order to analyse several explanatory
variables simultaneously.

For the multivariate analysis, we used logistic regression
(Hosmer and Lemeshow, 2000) and random forest (Breiman,
2001; Strobl et al., 2008; Strobl et al., 2009a). The final lo-
gistic regression model was determined using stepwise
backward variable selection with the aim to minimize the
Akaike Information Criterion (AIC). The quality of the
models was examined with goodness-of-fit tests and custom-
ary residual diagnostic plots (Stahel, 2013) indicating that
the proxy-variable for root reinforcement should be trans-
formed to the natural logarithm. Random forest models were
implemented using conditional inference trees as base
learners in the cforest function of the party package in the
statistical software R (Hothorn et al., 2006a). The number
of input variables randomly sampled as candidates at each
node (mtry) was integrated as a tuning parameter and the
model with the best performance was finally chosen. Addi-
tionally, we implemented classification trees combining
important forest structural with selected geomorphological
and hydrological variables in order to disentangle overlap-
ping effects. For this reason, conditional inference trees
were applied, using the ctree function of the party package
in the statistical software R (Hothorn et al., 2006b).

We used variables compiled during the field investigation
and variables derived from elevation data as well as the
proxy-variable for root reinforcement (see later) as explanatory
variables (Table I). The logistic regression model was first fitted
based on topographic, geomorphological and hydrological var-
iables. In a next step, the set of explanatory variables was
complemented with forest variables. In order to avoid over-
fitting, we only used variables that had a significant effect on
slope stability in the univariate analysis for logistic regression.
In case two of the corresponding variables were substantially
correlated (Spearman ≥ 4; Dancey and Reidy, 2011), the
variable with the lower p-value in the univariate analysis
Earth Surf. Process. Landforms, (2016)



Table I. Variables assessed for landslide and control plots (30 m × 30 m) in St Antönien in the field and calculated from the digital elevation
model (DEM).

Variable Field DEM Expected effect on landslide activity

Slope angle Slope angle at (potential) release
point, 15 m above and 15 m
below.

Slope angle at (potential) release point
and averaged for 30 m × 30 m
(Burrough and McDonnel, 1998)

Gravitational driving forces increase with
the slope angle (e.g. Vorpahl et al., 2012).

Geomorphology type Profile and plan curvature of the digital
terrain model (DTM) (Zevenbergen
and Throne, 1987) at (potential)
release area.

Influences acceleration/deceleration and
convergence of water flow (Cha and
Kim, 2011).

Tree height Height of the highest tree in
the plot.

Mean and maximum tree height
calculated from the canopy height
model (CHM) in a moving window
of 30 m × 30 m

The taller (and older) the trees the better
the root penetration (Waisel et al., 2002).

Successional stage Percentage of different diameter
classes and regeneration
(Keller, 2005).

Larger trees lead to a better reinforcement
of the ground (Frehner et al., 2005).

Coverage in the
stand layer

Share of different layers in tree
coverage (Keller, 2005).

Multi-layered forests ensure better root
penetration (Frehner et al., 2005).

Tree coverage Percentage of area covered by
trees taller than 3 m
(Keller, 2005).

Percentage of stocked cells (>3 m)
based on the CHM.

Canopy cover increases interception
and enhances root penetration (Keim
and Skaugset, 2003).

Stand gaps Gap length and width of largest
gap in a plot.

In stand gaps, the stabilizing effect of roots
is decreased (e.g. Casadei et al., 2003).

Distance to the
nearest trees

Distance between the (potential)
release point and the five
nearest trees.

Increased root reinforcement with smaller
distance to the next trees

Proxy-variable for
root reinforcement

Estimation of root reinforcement
as a function of tree distance
and diameter at breast height
(dbh) class based on a Gamma
distribution (cf. see later).

Higher root reinforcement for larger dbh
and smaller distance to nearest tree.

Old landslides Signs of old soil movements
(e.g. landform, tree growth;
yes, no).

Landslides are expected in areas with
former slope instabilities
(Rickli et al., 2008).

Hydrology Signs of water logging/slope water
discharge (yes, no, vague).

Landslides are more frequent at wet
soils (Vorpahl et al., 2012).

Soil compaction Signs of soil compaction (standing
water, lanes; yes, no, vague).

Compaction decreases water permeability
of the soil (Rickli et al., 2008).

Grazing Signs of grazing/agricultural
land use (track ways of cows,
cows, fences; yes, no, vague).

Trampling by cattle enhances the risk
of landslides (Rickli et al., 2008).
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or the variable resulting in better model performance was
considered. The random forest model was fitted with all
variables regardless of their significance in the univariate
analysis because it is more resistant against over-fitting
(Breiman, 2001; Strobl et al., 2009b).
Due to the limited number of landslide data, models were

calibrated with the full data set. Their predictive performance
was tested with Receiver Operating Characteristic (ROC)
curves indicating the ability of a model to discriminate between
positives (here landslides) and negatives (here control points)
(Zweig and Campbell, 1993; Leathwick et al., 2006). The area
under the ROC curve (AUC; Hosmer and Lemeshow, 2000)
serves as measure of the model performance with 0.5 stand-
ing for completely random, 0.7 for acceptable and 0.8 for
excellent discrimination. As ROC curves generated for the
calibration data tend to be too optimistic (e.g. Steyerberg
et al., 2001; Leathwick et al., 2006), we applied three times
repeated 10-fold cross-validation and calculated the average
performance across the hold-out predictions (e.g. Kohavi,
1995; Yu-Wei, 2015).
We implemented detailed data on vertical and lateral root

distribution and root size of seven spruces within our study area
in the modelling framework of Schwarz et al. (2010b. The root
distribution model computes the root distribution characterized
Copyright © 2015 John Wiley & Sons, Ltd.
by the number of roots of variable diameter classes at different
distances from the tree. The input parameters of the root distri-
bution model were calibrated by Caflisch (2014). The confi-
dence intervals of the root distribution results were calculated
via the standard deviation computed with the variance, which
was determined for the analysed trees by using the Maximum-
Likelihood method (Caflisch, 2014). The diameter at breast height
(dbh) serves as input parameter in order to model the number of
roots of different diameter classes at each distance from the tree.
Results of root distribution modelling were used to calculate the
force-displacement behaviours of root reinforcement using the
RBMw (Schwarz et al., 2013). Based on the vertical root distribu-
tion, lateral root reinforcement was calculated as integral from 0
cm to 50 cm soil depth. The RBMwconsiders the variability of root
mechanical properties (e.g. tensile strength) in each root diameter
class to upscale the progressive failure of roots within a root bun-
dle. The probability distribution of root failure is implemented in
the model using a Weibull-survival function (Schwarz et al.,
2013). We used data on root mechanical properties measured by
Schwarz et al. (2011) to calibrate the model. Due to scarce data
for the maximum tensile force versus root diameter function for
coarse roots (>10 mm diameter), RBMw calculations were per-
formed for two ranges of root diameter classes only (0–5 mm and
0–15 mm). The root distribution model and the RBMw were
Earth Surf. Process. Landforms, (2016)



A CASE STUDY IN ST ANTÖNIEN, SWITZERLAND
applied to a subset of the landslide and control plots using the var-
iable ‘distance to the five nearest trees’ (Table I) in order to quantify
and compare the maximum lateral root reinforcement.
igure 4. Distribution of lengths (left; significant) and widths (right;
ot significant) of the largest gaps in control and landslide plots.
Proxy-variable for root reinforcement

We approximated the root reinforcement as a function of tree dis-
tance for the three dbh classes 13–30 cm, 30–50 cm and> 50 cm
(Figure 3). Values of the reinforcement of roots with a diameter be-
tween 0 mm and 15 mm modelled in the RBMw for hypothetical
trees with a dbh of 0.2 m, 0.4 m and 0.6 m served as basis (Mattli,
2014). We used a Gamma distribution as the fitting function. The
root reinforcement (RRF) was normalized with the maximum
modelled root reinforcement of each dbh (F/Fmax). Distances from
trees were divided by the maximum extent of lateral roots (dmax =
18.15 × dbh; Schwarz et al., 2010b). The scale and shape param-
eters of theGammadistributions (Supporting Information Table S1)
were fitted based on the method of least squares. We tested the
goodness-of-fit of the distributionwith a Kolmogorov–Smirnov test
(level of significance = 0.01). For each distance of the nearest tree
to the (potential) release point, we calculated the approximated
root reinforcement (proxy-variable for RRF).
Results

Influence of forest structure on
landscape susceptibility

Both, landslide and control plots were characterized by a
relatively open forest structure (15–70% degree of forest
cover) including clustered patches of spruce trees and gaps
of different size and shape (Figures 1, 2), but gap length
measured in landslide plots was significantly larger com-
pared to gap length of control plots (p < 0.001; Figure 4).
In contrast, gap width in control and landslide plots did
not differ significantly. The distance from the (potential)
release point to the nearest tree as well as the mean
distance to the five nearest trees measured in the field is sig-
nificantly higher in landslide plots compared to control plots
(p = 0.002; p = 0.001). A similar result was obtained for the
distance measured on the orthophoto of 2003 (before land-
slide event; p < 0.001). Moreover, the distances to the
nearest tree on the orthophoto do not significantly differ
Figure 3. Approximated root reinforcement (RRF) of nearest trees to
(potential) release points (dots) based on a gamma distribution (lines)
fitted with modelled values for RRF as a function of diameter at breast
height (dbh) and tree distance (triangles; Mattli, 2014).

Copyright © 2015 John Wiley & Sons, Ltd.
F
n

from the distances measured in the field. The proxy-variable
for root reinforcement of the nearest tree is significantly
higher in control than in landslide plots (p < 0.001;
Figure 5). Approximately two thirds (68.4%) of the five
nearest trees have a dbh between 13 and 30 cm, 22.6% a
dbh between 30 and 50 cm and 9.0% a dbh larger than
50 cm. Tree coverage calculated from the canopy height
model (controlled variable), tree height, successional stage
and layering of the forest do not significantly differ between
landslide and control plots.

According to the final regression model integrating forest
structural variables LOG mix; Table II), landslide susceptibility
in St Antönien was significantly affected by gap length, the
proxy-variable for root reinforcement (transformed to natural
logarithm), slope angle and water logging. Substituting the
proxy-variable for root reinforcement by the distance to the
nearest tree led to a slightly lower model performance. In the
logistic regression model excluding forest variables, slope an-
gle, curvature and water logging were significant. Landslide
plots are significantly steeper, more concave and show more
often signs of water logging. The reported variables were also
decisive in the random forest model where gap length, slope
angle and the proxy-variable for root reinforcement (log-trans-
formed) yielded highest variable importance. The random for-
est model was fitted with a total number of 16 variables
(Supporting Information Figure S1).

The AUC of LOG mix (AUC value 0.89, 0.82 with cross-
validation) was higher than the AUC value of the model solely
based on terrain and hydrological variables (LOG topo, 0.80,
0.75 with cross-validation). The random forest model achieves
higher AUC values of 0.98 and 0.84 with cross-validation.
Effect of forest variables with respect to slope angle
and water logging

The classification tree model fitted with gap length and
slope angle first partitions the data based on a threshold of
20 m for gap length. In plots where the maximum gap is
longer than 20 m, the probability of landslide occurrence
is distinctly reduced if the slope angle is smaller than 36°
(Figure 6a). Using the distance to the nearest tree as explan-
atory variable, the data set is partitioned with a threshold of
6.2 m. In case of smaller distances to the nearest tree, the
probability of landslides is enhanced if the slope angle is
larger than 38° (Figure 6b) or if there are signs of water log-
ging (Figure 6c).
Quantification of root reinforcement

The maximum root reinforcement decreases with increasing
distance from tree stems proportional to the decrease in the
number of roots and the root diameter classes. The root
Earth Surf. Process. Landforms, (2016)



Figure 5. Distribution of the distance between the (potential) release point and the nearest tree (above left), the mean distance to the five nearest
trees (above right), the distance to the nearest tree measured on the orthophoto (below left) and the proxy-variable for root reinforcement (RRF) (below
right). All variables show significant differences.
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distribution shows a relative high range up to 150 roots at the
single distances leading to a high variability in root
reinforcement.
The reinforcement of tree roots up to a diameter of 5 mm is

about 2.5 times higher in the subset of control plots than in
the landslide plots (mean landslides: 329 N; mean control:
1153 N). For roots up to a diameter of 15 mm, the root rein-
forcement in control plots exceeds the root reinforcement in
landslide plots by a factor of about four (mean landslides: 639
N; mean control: 2527 N). This corresponds to the shorter dis-
tance between the (potential) release points to the five nearest
trees in landslide plots (Figure 7).
Discussion

According to the statistical models applied in this study, for-
est structure significantly influences the susceptibility to
shallow landslides along with topographic and hydrological
parameters in St Antönien. Significant effects were found for
gap length, the distance to the nearest trees and the proxy-
Table II. Estimated regression coefficients, standard errors, Z-values
(ratio of estimate and standard error) and p-values of explanatory
variables of the logistic regression model based on terrain,
hydrological and forest variables (LOG mix). The model was fitted
with the whole data set (n = 93).

Estimate Standard error Z-Value p (>|z|)

�5.099 1.567 �3.253 0.001
Slope angle 0.121 0.035 3.473 0.0005
Gap length 0.057 0.017 3.380 0.0007
Water logging (no) �2.112 0.816 �2.587 0.010
Water logging (vague) �1.143 0.748 �1.528 0.126
Log(proxy �
variable root
reinforcement + 1)

�0.209 0.070 �2.998 0.003

Copyright © 2015 John Wiley & Sons, Ltd.
variable for root reinforcement of the nearest tree. The
quantification of root reinforcement in a subset of study
plots with a RBMw substantiates these results. The root rein-
forcement of trees is smaller in landslide plots compared to
control plots indicating a clear link between root reinforce-
ment and landslide susceptibility. These findings are in line
with previous studies, showing that root reinforcement en-
hances soil cohesion and thus slope stability (e.g. Casadei
et al., 2003; Roering et al., 2003; Schwarz et al., 2010c;
Preti, 2013). According to our results, however, forest struc-
ture strongly influences the stabilizing effect of tree roots.
Root reinforcement decreases with increasing distance from
trees and varies considerably, even at the same distance
from trees. Hence, the addition of a uniform cohesion term
for vegetation in physically-based landslide models may
not be appropriate in order to represent the effect of trees
on slope stability. The proxy-variable for root reinforcement
based on tree distance and tree diameter appears to be a
good approximation for root reinforcement. This supports
approaches where tree root effects are represented with spe-
cific forest structural variables in landslide susceptibility
models. As investigations on root distribution are costly
and time consuming, this may be of high relevance, partic-
ularly, with regard to large-scale application of models.
However, recent studies have performed systematic mea-
surements and model calibration that allows the characteri-
zation of the root distribution of the main tree species in
the Alps and their variability and thus the modelling of root
reinforcement without field data (Schwarz et al., 2013;
Vergani et al., 2014).

The significant effect of the proxy-variable can mainly be
attributed to the tree distance, since the diameters of the
nearest trees vary only slightly with dominance between 13
and 30 cm. Therefore, our results do not allow any conclu-
sions about the effect of the tree diameter on root reinforce-
ment. No significant effects were found for other variables
describing the vertical forest structure, such as tree height
or tree layering. Our results thus indicate that primarily
Earth Surf. Process. Landforms, (2016)



Figure 6. Classification trees to predict landslide occurrence in St Antoenien based on significant forest structural variables and selected terrain
variables. The models were fitted with the whole data set (n = 93). The n-values exhibit the number of cases explained by the corresponding variable.
GapL: length of largest gap; Slope_R: slope at the release point; tree1: distance to the nearest tree; WLno: no signs of water logging.

A CASE STUDY IN ST ANTÖNIEN, SWITZERLAND
variables associated with the horizontal forest structure (e.g.
forest gaps) affect landslide susceptibility. A possible reason
could be that the study area in St Antönien is dominated by
a subalpine spruce forest with little vertical variation. Be-
cause of the spatially highly aggregated forest structure, gaps
are a defining feature of the forest. Consequently, gap dimen-
sion can be expected to strongly influence landslide occur-
rence in subalpine forests comparable to St Antönien
because the root reinforcement decreases with increasing
distances from trees. This also supports the findings of
Copyright © 2015 John Wiley & Sons, Ltd.
Casadei et al. (2003). They hypothesize that landslides occur
in patchy forests where increased pore pressures develop in
patches of lower root strength during storm events. We took
account of these findings and emphasized the importance
of the spatial structure and arrangement of trees by control-
ling tree coverage in the same range for landslide and con-
trol plots.

Based on our results, gap length but not gap width predomi-
nantly affects landslide susceptibility. We suggest three possible
explanations for this result:
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Figure 7. Reinforcement by tree roots in a subset of control and
landslide plots for roots with a diameter ≤ 15 mm and ≤ 5 mm.
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1. The least stable landslide shapes are generally longer than
they are wide and thus, the length of forest gaps with low-
strength conditions is expected to be decisive (Milledge
et al., 2014).

2. Roots are resilient in tension whereas soils are more re-
silient in compression (De Baets et al., 2008). Conclu-
sively, the potential root reinforcement decreases more
strongly in long (normal to the slope) than in wide gaps
(parallel to the slope) with comparable soil surface, soil
depth and root distribution.

3. Subsurface water flow is another process that affects the
stability of steep slopes predominantly vertically and is
particularly related to and influenced by root architecture
(Ghestem et al., 2011).

We propose that all of these three explanations are
interlinked and valid to interpret the importance of gap length
in our results.
The classification tree models implemented with selected

forest and terrain variables clearly indicate that the influence
of forest structure is dependent on the slope angle and the
hydrological conditions of the soil. The unfavourable precondi-
tions for slope stability in the case of gaps longer than 20 m are
especially pronounced for slopes steeper than 36°. However,
the stabilizing effect of small tree distances is considerably
reduced on slopes steeper than 38° and on slopes with signs
of water logging. According to Mattli (2015) and Schwarz
et al. (2012b) the effect of lateral root reinforcement decreases
with increasing slope angle implying higher tree densities for
the same stabilization effect. Hales et al. (2009) found a
significant influence of topographic location on root strength.
The tensile strength of tree roots and the mean root cohesion
was significantly higher for convex locations compared to
concave locations. This is consistent with our finding of rising
landslide susceptibility with increasing concavity.
The reinforcing effect of tree roots is expected to influence

the size of landslides. With increasing root strength, larger
masses of soil are needed to overcome resisting forces and thus,
the critical landslide area increases (Casadei et al., 2003;
Mattli, 2014; Milledge et al., 2014). In other words, the larger
the potential landslide volume, the higher the required root re-
inforcement (see also SlideforNET, Schwarz and Dorren, 2014).
Field inventories at different sites in Switzerland, however, did
not reveal a clear correlation between landslide size and land
use (Rickli and Graf, 2009). In this study, we treated landslides
as release points rather than finite volumes. This approach
Copyright © 2015 John Wiley & Sons, Ltd.
provides information about the factors influencing the probabil-
ity of landslides independent of their dimensions. Conse-
quently, it is not possible to address the corresponding
volume-dependent impact of shallow landslides and, therefore,
to predict the damage potential that is, however, fundamental
for hazard analysis (Milledge et al., 2014).

The performance of both multivariate classifiers imple-
mented in this study is satisfactory. The high AUC values of
the random forest models confirm previous studies, which eval-
uated random forests as very successful classifiers (e.g. Prasad
et al., 2006; Barbeito et al., 2012; Catani et al., 2013) and
substantiate its suitability for landslide prediction modelling.
The AUC values of all models distinctly decreased when
implementing cross-validation. This proves that validation with
the training data set positively biases the prediction accuracy
(Brenning, 2005; von Ruette et al., 2011). Cross-validation,
however, is regarded to provide a realistic picture of the model
performance for an independent data set (von Ruette et al.,
2011). The decline in the AUC value is especially pronounced
for random forest models. This indicates that they tend to overfit
the data (Vorpahl et al., 2012), although random forests are
regarded to be resistant against over-fitting (Breiman, 2001;
Strobl et al., 2009b). Logistic regression appears to be more ro-
bust regarding the application to other regions. Brenning (2005)
and Schicker and Moon (2012) also found better generalization
capabilities for logistic regression compared to other classifica-
tion models.

The results of this study substantiate the importance of condi-
tion, management and maintenance of forests in landslide
prone areas. They strongly indicate that not only the tree cover-
age but also the small-scale spatial structure of forests and the
arrangement of trees affect slope stability. The length of forest
gaps appears to be crucial implying parallels to other natural
hazard processes such as rockfall and avalanches, where gap
length is recognized as a key variable (Dorren et al., 2005);
Brang et al., 2006). Based on our observations, we propose
an average maximum gap length in the direction of slope of ap-
proximately 20 m. This is in line with the tabulated maximum
gap dimension of a recent study (Schwarz et al. 2012b) of
300 m2 and 17 m width for similar slope inclination (35°) and
soil class (angle of internal friction Φ’ = 30–35°; Rickli et al.,
2008). It is also in the lower range of the proposed gap sizes
for silvicultural interventions in forests with protective functions
(maximum gap size of 600 m2 if rejuvenation is limited and
1200 m2 if rejuvenation is abundant; Frehner et al., 2005).
Moreover, distances between trees should not be too large.
The statistical models indicate a distinct increase in landslide
susceptibility of steep slopes if the distance to the nearest tree
exceeds 6 m. At this distance, the approximated root reinforce-
ment of trees with a dbh smaller than 50 cm is zero. A study in
the French Alps suggests efficient root reinforcement within a
horizontal distance of 4 m between tree islands (Mao et al.,
2014). However, the stabilizing effect of small tree distances
decreases with increasing slope angle and can strongly vary
at the same distances from trees. Hence, the proposed thresh-
olds have to be interpreted carefully since they are based on
statistical means of a particular statistical sample. There are also
strong indications that the influence of forest structural vari-
ables on landslide susceptibility depends on regional and local
conditions, such as vegetation zones or the triggering rainfall
event (Schmidt et al., 2001; Moos, 2014). Overall, however,
this study shows that root reinforcement may considerably af-
fect landslide susceptibility. Additionally, vegetation also posi-
tively influences the water balance of soils by interception,
evaporation and smoothing of rainfall peak intensities and
can, thus, prevent slope instabilities (Keim and Skaugset,
2003; Dhakal and Sidle, 2004).
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A CASE STUDY IN ST ANTÖNIEN, SWITZERLAND
Conclusions

This case study provides quantitative information about the
influence of forest structural characteristics on lateral root
reinforcement distribution and landslide susceptibility which
is of practical relevance for forest management. Our results in-
dicate that forest structure in addition to terrain and hydrologi-
cal features substantially influences slope stability in spruce
dominated mountain forest landscapes. Landslide susceptibility
is decreased in forests with smaller distances from trees and
where gap lengths are smaller than 20 m. The introduced
proxy-variable for root reinforcement of the nearest trees and
the application of a RBMw suggest that this forest structure
effect can at least partly be explained by root reinforcement
of trees. We could also demonstrate that the vegetation influ-
ence depends on the slope angle and the hydrological condi-
tions of the soil. With increasing slope angle and on soils with
signs of water logging, smaller distances between trees are
required to successfully prevent shallow landslides.
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