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Abstract

Modern multifunctional forest management can profit from high-quality information on the
potential distribution of woody species generated by species distribution models (SDMs).
Forest structure is an important factor in determining the distribution of woody species in
forests, for example because it affects light conditions within forest stands. Remotely sensed
data from light detection and ranging (LiDAR) can capture this three-dimensional structure
of forests, leading to the expectation that LIDAR-derived data should enhance the predictive
performance of SDMs. We test if and how LiDAR-derived data increases the predictive
performance of SDMs for light-demanding and shade-tolerant shrub and tree species in Swiss
Forests. Our analyses suggest that LIDAR-derived data generally increases predictive
performance of models. However, the response to including LiDAR-derived data varies
depending on plant functional type: the increase in predictive performance is largest for light-
demanding shrubs, reduced for light-demanding trees, and is lost for shade-tolerant species.
We further find that shade-tolerant and light-demanding species show opposing responses
along the LiDAR-derived predictors. Our results suggest that LIDAR-derived data indeed
capture some aspects of light availability in forests, and that including LiDAR-derived
predictors in SDMs should be considered for light-demanding shrubs, but may be of less use
for trees (especially if shade-tolerant). We conclude that improving SDMs and resulting maps
by including LiDAR-derived predictors potentially helps to ameliorate multifunctional,

biodiversity-friendly forest stand management.

Keywords

LiDAR,; airborne laser scanning; forest structure; habitat suitability models; distribution map;

light availability
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1 Introduction

The growing engagement for multifunctional, biodiversity-friendly forest management
(Gustafsson et al., 2012; Lindenmayer and Franklin, 2002), has spurred the interest in
modeling the potential distribution of forest species using so-called species distribution
models (Guisan and Thuiller, 2005; SDMs, Guisan and Zimmermann, 2000). The quality and
usefulness of SDMs for forest species depends on developing accurate and precise predictors
for climatic conditions (e.g., temperature), local resource availability (e.g., soil
characteristics) and structural forest features (e.g., crown heterogeneity). In recent years,
airborne light detection and ranging (LiDAR) data became increasingly available and have
proven to be important predictors in biodiversity modeling. For example, LIDAR data
enhance species richness predictions (Bouvier et al., 2017; Camathias et al., 2013; Clawges et
al., 2008; Simonson et al., 2014; Zellweger et al., 2016), improve predicting community
composition and changes (Thers et al., 2017; Zellweger et al., 2017), help explaining animal

distribution and behavior (Ciuti et al., 2018; Davies et al., 2017; Froidevaux et al., 2016), and

increase the quality of SDMs for birds (Farrell et al., 2013; Vierling et al., 2013; Zellweger et
al., 2013).
The main factor that makes LiDAR data informative in biodiversity modeling is their

capacity to describe the 3D structure of vegetation, particularly in forests (Lefsky et al.,
2002). Forest structure, in turn, is known to be a key determinant of the distribution of woody
plant species in forests because it affects both the quantity and heterogeneity of light, a key
resource for woody species growing in forests (Bartels and Chen, 2010; Kumar et al., 2010).
Forest disturbance, natural or induced by management, affects light availability, diversity and
composition of understory tree and shrub species in the short and long term (Ares et al.,
2010; e.g., Halpern et al., 2012; Taki et al., 2010). In the absence of management or

disturbance, mortality-induced changes in the abundance patterns of canopy species change
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the canopy structure and its light transmittance, which affects the composition of subcanopy
communities (reviewed in Barbier et al., 2008). Despite these demonstrated effects of forest
structure on the distribution of woody species, and in contrast to animal ecology (Davies and
Asner, 2014), quantitative vegetation structural attributes based on LiDAR data have rarely
been used in species distribution models for woody species.

The use of LIDAR data in SDMs for woody species can be problematic because woody
species are not only affected by vegetation structure, they also define it to a large degree. In
other words, woody species define the 3D structure of forests habitats, but this structure also
defines how suitable that habitat is for woody species. Although this circularity is routinely
used when attempting to map the actual distribution of woody species (Alonzo et al., 2014;
Brandtberg, 2007; e.g. Holmgren and Persson, 2004; Shi et al., 2018), it can lead to the
underestimation of suitable habitat when spatially projecting the potential distribution of
woody species using SDMs (Bradley et al., 2012). Essentially, this could mean that managers
take wrong decisions because of erroneous predictions from SDMs (for example, because
potentially suitable habitat is not recognized). In an attempt to develop guidance on when and
how to include LIiDAR data in SDMs of woody species, we propose to define ecologically
based hypotheses on how the use of LIDAR data should affect the predictive performance of
SDMs for different functional groups (light-demanding vs. shade-tolerant shrubs and trees),
and how these functional groups respond along pivotal LiDAR gradients.

The goal of this study is to reveal the usefulness and appropriateness of including LIDAR
data in SDMs for woody species. We used the extensive data of the Swiss National Forest
Inventory (Brassel and Lischke, 2001) for testing four hypotheses (Table 1). The fact that
forest structure is important in determining habitat and light conditions in forests leads to the
hypothesis H1 that LIDAR data should generally increase the predictive performance of

SDMs for woody species. The second hypothesis H2 relates to the growth-form of woody
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species. Whereas tall-growing trees can reach the canopy at some point and thus are exposed
to direct sunlight, the smaller shrubs will never reach the canopy. Hence, we expect that the
increase of predictive performance is greater in SDMs for shrubs than for trees. The third
hypothesis H3 is associated with the light requirements of woody species. Shade-tolerant
species, as indicated by their name, can tolerate shade, which implies that they also can grow
in conditions with more available light. This is not true for light-demanding species: they
demand a minimum of available light. Therefore, we expect that the positive effect of LIDAR
data on the predictive performance of SDMs should be greater in light-demanding species
than in shade-tolerant species. The fourth hypothesis H4 predicts opposing responses along
LiDAR gradients for woody species with differing light requirements. We hypothesize that
light-demanding species should positively relate to LIDAR data that characterize open,
sparsely vegetated forest stands, while shade-tolerant species should relate positively to
LiDAR data that captures shading through (dense) vegetation. We tested the four hypotheses
by assessing the predictive performance of a set of SDMs without LIDAR data (based solely
on climatic, topographic and soil predictors) and with LIiDAR data for a total of eight species,
by choosing two woody species from each of the four functional groups (shade-tolerant and

light-demanding shrubs and trees).
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Table 1

The four hypotheses H1 to H4 that are tested in this study are in the first column, with a prediction

on what we expect to find in the statistical analyses in the second column (for details on the statistical analyses

see section 2.4.1).

Hypothesis

Prediction

H1

H2

H3

H4

LiDAR data should generally increase the
predictive performance of SDMs

increase of predictive performance when
including LIDAR data is greater in SDMs
for shrubs than for trees

increase of predictive performance when
including LiDAR data is greater in SDMs
for light-demanding species than for
shade-tolerant species

shade-tolerant and light-demanding
species should show opposing responses

along LiDAR gradients

higher intercept for models that include
LiDAR data

negative interaction effect for trees

negative interaction effect for shade-

tolerant species

details see Figure 1 and section 2.2.3

2 Methods

2.1 Study area and species data

Our study area is Switzerland, covering an area of ca. 41’000 kmz in Europe (45,82° to

47,81° N, 5,96° to 10,5° E). Approximately one third of the country is covered by forests, and

99% of these forests are distributed between 330 and 2140 m a.s.l. We used presence-absence

data of woody species from the fourth National Forest Inventory (NFI4, 2009 to 1017). The

Swiss NFI collects data of 138 woody species across a regular grid with 1.4 km resolution



117

118

119

120

121

122

123

124

125

126

127

128

129

130

131

132

133

134

135

136

137

138

139

(Keller, 2011). At each forested grid-location (N= 6352), the NFI records the presence of all
woody species with heights taller than 40 cm in a circular area of 200 mz2 (7.98 m radius). In a
larger circle of 500 m2 (12.62 m radius), all trees with a diameter at breast height larger than
36 cm are recorded. In accordance with Zurell et al.(2019), all species that were not recorded
as present were assumed to be absent.

Our hypotheses (see Table 1) relate to four distinct functional groups of woody species (light-
demanding vs. shade-tolerant shrubs and trees). Therefore, we used information from the
Flora Indicativa (Landolt et al., 2010) in order to characterize all species regarding their light
requirements and life form. We classified all species from the Swiss NFI that were listed in
the Flora Indicativa as phanerophyte and grow taller than 4 meters as tree species. We used
the “light indicator value” that describes the species’ light requirements using five classes
that range from one (deep shade) to five (full light): we classified all species with indicator
values 1-2 (deep shade, shade) as shade-tolerant and those with values 4-5 (well-lit, full light)
as light-demanding. An indicator value of 3 indicates medium light conditions and was
therefore not added to either class. The resulting list contained 24 candidate species (see
Table Al in the supplementary information) from which two species for each of the four
functional classes were selected. We considered the number of observations in the Swiss NFI
as selection criteria as well as the economic importance (in the case of tree species), while
simultaneously aiming for a broad taxonomic coverage. The selected set of species included
Juniperus communis and Prunus spinosa (light-demanding shrubs), Daphne mezereum and
Lonicera nigra (shade-tolerant shrubs), Populus termula and Pinus sylvestris (light-
demanding trees), Fagus sylvatica and Picea abies (shade-tolerant trees; see Table Al for a

tabular listing of the selected species).
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2.2 Environmental data

2.2.1 Climate, topography, soils

We compiled a set of 17 climatic and 40 topographic predictors as well as one soil predictor
at a resolution of 25 m, which corresponds well with the species data of the reference area in
the NFI (a circle with a diameter of 25.24 m). The climatic predictors were based on monthly
temperature, precipitation, and potential evapotranspiration layers from Zimmermann and
Kienast (1999). The topographic predictors were based on a 25 m digital elevation model for
Switzerland (Swisstopo, 2010a) in order to reflect the topography of the surrounding
landscape, and were calculated using the SAGA GIS v. 2.1.2 (Baltensweiler et al., 2017,
Conrad et al., 2015). We also used a 5 m digital elevation model to describe
microtopographic variation within a cell of the target resolution (Swisstopo, 2010b). The soil
predictor consisted of a modeled pH layer that was based on >1500 soil profiles in Swiss
forests. Please see Table A2 for the details of these climatic, topographic and soil predictors
which were selected while building the SDMs.

2.2.2 LiDAR-derived predictors

We derived vegetation structural indicators (average vegetation height, vegetation cover,
foliage height diversity, and vertical coefficient of variation) at the same resolution (25 m)
from a nation-wide LIDAR dataset, provided by the Swiss Federal Office of Topography
(Swisstopo, 2010b), updated with various cantonal LIDAR datasets. The Swisstopo LIDAR
dataset was acquired during multiple seasons between 2000 and 2007 with a minimal point
density of 0.5 m-2 (Artuso et al., 2003). The data acquisitions of cantonal datasets occurred in
the years 2005 to 2014 with a return density between 4 to 15 points/mz2. Subsampling areas of
higher point densities to the lower densities showed that the variation in density did not affect
the pixel specific values of the structural variables at the resolution of 25 meters (in

agreement with Wilkes et al., 2015; Table A3).
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As LIDAR data was only available for areas below ca. 2000 m a.s.l, we had to remove NFI-
observations without LiDAR data, leading to a total N = 5551 observations.

Using the LAStools software (Isenburg, 2015), we developed four LiDAR-derived predictors
(average vegetation height, vegetation cover, foliage height diversity, and vertical coefficient
of variation) to describe forest structure. To normalize the LIiDAR return heights we used the
SwissALTI3D digital terrain model that has a horizontal resolution of 2 m by 2 m and is
based on the Swisstopo LIDAR dataset and reaches + 0.5 m accuracy (one standard
deviation) in all three dimensions (Swisstopo, 2010b). Average vegetation height was
calculated as the mean height of all points between 0.4 and 55.0 m. We chose the lower limit
to align with the minimal size that plants had to reach in order to be recorded in the Swiss
NFI (40 cm), and the upper limit of 55 m in order to eliminate erroneous LiDAR returns
above occurring tree heights. Note that average vegetation height is not equivalent to canopy
height (height of returns at the top of the canopy), but is instead affected by all returns within
a 25 m pixel throughout the vertical vegetation column between 0.4 m and 55 m. Vegetation
cover was calculated as all first returns above 40 cm divided by all first returns, which
indicates how much of a 25 m cell is covered by vegetation taller than 40 cm. Foliage height
diversity (FHD) describes how LiDAR returns are distributed among 5 m vertical bins, and
was calculated as the Shannon Index H = — X, p; In (p;), where p; is the proportion of returns
in bin i relative to all returns. Vertical coefficient of variation was calculated as the
coefficient of variation of all returns (the standard deviation divided by the mean height of all
returns).

2.2.3 Light availability along LiDAR-derived predictors

We here outline how we expected light-availability in a forest stand to change along the
LiDAR-derived predictors (see also Figure 1). We expected light availability to decrease with

increasing average vegetation height because maximal light availability for the understorey is
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reached when there are no or just a few large trees, whereas in forest stands with high, closed
canopies, light availability for the understorey is low (Figure 1a). Light availability within
forest stand is expected to decrease with increasing vegetation cover (Figure 1b). A low
vertical coefficient of variation is caused by low variation of returns in high canopies, a
situation that leads to low light availability in a stand. Conversely, one finds high vertical
coefficients of variation if vertical variation is high relative to a low average canopy height.
Consequently, we expected light availability on low vegetation heights to increase along the
vertical coefficient of variation (Figure 1c). FHD captures how returns are distributed among
vertical bins of vegetation height. It is lowest if all returns are concentrated in one or a few
bins, which is the case in very low vegetation, where a lot of light is available. Highest FHD
is expected if returns are evenly distributed across all height-bins, offering less light within
the stand than the low vegetation that leads to high FHD. Therefore, we expect light
availability to decrease along FHD (Figure 1d).

2.3 Distribution modeling

2.3.1 \Variable selection

Our hypotheses required to fit two types of models for each species: one with only climatic,
topographical, and soil predictors, and one including LiDAR-derived predictors. We selected
the six most important but only weakly correlated variables for each type of model using a
deterministic approach. We first ran a logistic regression for each species and predictor with a
linear and quadratic term, and ranked each predictor’s predictive power using the average
out-of-bag true skill statistic (TSS; Allouche et al., 2006) from a 20-fold cross validation.
Starting from the best performing predictor (rank one), we iteratively removed highly
correlated predictors with a Pearson correlation coefficient |r| > 0.7 in order to avoid multi-
collinearity (Dormann et al., 2013) before selecting the next best predictor. For the models

without LIDAR data, the six best-ranked, uncorrelated, predictors describing climate,
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topography, and soil were chosen, separately for each species. For the models that included
LiDAR data, the three best LIDAR-derived predictors were given the best ranks and
complemented with the three best-ranked predictors out of the climatic, topographic, and soil
predictor group. This procedure ensured that both models types (with and without LIDAR)
had the same number of predictors (6) and this means that the three LIDAR predictors were
included at the cost of three abiotic predictors. Table A4 lists the combination of variables
used for each type of model and species.

2.3.2 Modeling procedure

In line with current standards (Aradjo et al., 2019), we used an ensemble of models to assess
predictive performance of SDMs with and without LIDAR data. For each species and
predictor-set we used the following five algorithms and packages in the R statistical software
(Version 3.4.4, R Core Team, 2018): generalized linear model (GLM, Nelder and
Wedderburn, 1972) and generalized additive model (GAM, Hastie and Tibshirani, 1990;
using mgcv, Wood, 2006) with binomial error distribution and logit link, random forest (RF,
Breiman, 2001; using randomForest, Liaw and Wiener, 2002), artificial neural network
(ANN, Ripley, 1996; using nnet, Venables and Ripley, 2002) and MaxEnt (using dismo,
Hijmans et al., 2017; Phillips et al., 2006). GLMs were fitted using linear and quadratic
terms. GAMs were fitted with up to four degrees of freedom (k=5). Both RFs and ANN were
tuned to optimize parameter settings. For RFs, we optimized number of trees selecting from
500, 1000, or 2000 trees, chose the best-performing minimal size of terminal nodes from two,
three, or five, and chose the optimal number of candidate variables at each split from one,
two or four variables. For ANNSs, we chose the best combination of number of hidden layers
(two, four, six, eight, or ten) and weight decays (0.001, 0.01, 0.05, 0.1, 0.25). MaxEnt models
were fitted with default settings, except that a minimum of 100 observations was required to

include hinge features, and a minimum of 150 observations to include product features.
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2.3.3 Model performance

We assessed model performance via cross-validation using a repeated split-sample approach.
For each repeat, we randomly split the NFI data into 70 % training, and 30 % testing data.
Each of the five models was fitted on the training data, and the testing data was used to
predict the probability of occurrence for the given species. These probabilities were
transformed into binary predictions of presence/absence by optimizing a threshold that
maximized TSS. We then calculated TSS on the held-out test data (TSScv) for each of the
five models, eight species, two sets of variables, and 20 cross-validation repeats as the basis

to test hypotheses H1 to H3.
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Figure 1  Illustration of expected light availability(orange lines in the background) within a forest stand along

the four LiDAR-derived predictors used in this study. Note that the expected light availability here only
illustrates the general expected trend (actual light availability could to display a more complex response). The
inset boxes illustrate exemplary LIDAR point clouds of a 25 m pixel along three points of the LiDAR-derived

predictor (indicated by black dashed lines). Each inset box shows a subplot in 3D on the left, and a second
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subplot in 2D with the view from the perspective illustrated by the red arrows. The colors of LIiDAR points

illustrate their return height above ground (see color legend).

2.4 Hypothesis Testing

2.4.1 Statistical analyses

We used a mixed effect model in order to test hypotheses H1, H2 and H3. Predictive
performance of models (the TSScv values) constituted the response in this mixed effect
model. Predictor-set (SDMs without vs. SDMs including LiDAR-derived predictors), life
form (shrubs vs. trees) and light requirement (shade-tolerant vs. light-demanding) were
included as fixed effects. We further included the interactions between predictor-set and life
form, as well as between predictor-set and light requirement. Hypothesis H1 predicts a
positive intercept for the predictor-set “with LIDAR”. The interactions between predictor-set
and life form, and between predictor-set and light requirement were included to test
hypothesis H2 and H3. Both these hypotheses predict that the increase in predictive
performance (not its absolute value) changes with a functional attribute of the species. Hence,
in the statistical model we have to inspect the interactions that modulate the increase in
predictive performance, and not the intercepts (the absolute values) themselves. H2 predicts a
negative coefficient for the interaction between predictor-set and life form (trees vs. shrubs),
and hypothesis H3 predicts a negative coefficient for the interaction between predictor-set
and light requirement (shade-tolerant vs. light-demanding). We included a random intercept
for each species, model algorithm and cross-validation repeat to account for repeated
measurements and for differences in model performance between species and models. We
tested for significance of the effects by inspecting the 95 % confidence intervals (ClIs) of a
posterior sample of the effects. These samples were generated by sampling the estimated

distribution of the effect (given by the point estimate and its standard error). The mixed
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model was built using the Ime4 R-package (Bates et al., 2015), the Cls were computed using
the arm R-package (Gelman and Su, 2018).

2.4.2 Response curves

We generated partial response curves of how the probability of occurrence changes along the
LiDAR-derived predictors to test hypothesis H4. Generally, partial response curves are
produced by calculating the predicted probability of occurrence along the focal predictor,
while all other predictors are fixed (here: at their mean). In our study, we generated ensemble
response curves, where the partial responses of the five models along each LiDAR-derived
predictor was averaged. Models that performed better thereby received more weight than
models with lesser performance (average TSScv values were used as weights). We used the
weighted standard deviation of the predicted probabilities across the five models to illustrate
uncertainty among the five model algorithms. The generated response curves were used to
assess whether the responses of light-demanding vs. shade-tolerant species show the

opposing patterns, as predicted by hypothesis H4.

3 Results

On average, predictive performance of models (TSScv) was 0.45 (+£0.13; standard deviation)
across all species, models, and cross-validation repeats when LiDAR data were not included.
Performance across models was similar, with RFs (0.46+0.12), GAMs (0.46+0.12) and
Maxent models (0.46+0.12) performing better than GLMs (0.45+0.14) and ANNSs
(0.44£0.14). Fagus sylvatica reached the best TSScv (0.65 +0.02), whereas Populus tremula
only reached 0.23 (x0.08). When including LiDAR-derived predictors, the changes in TSScv
ranged from —0.18 to 0.27 in absolute terms, whereas relative changes ranged from —48.51 %

to 501.94 % (negative values indicate that models without LIDAR data performed better).
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The functional groups reacted differently to the inclusion of LiDAR data (Figure 2). The
strongest increase in TSS median was 7.5 % (quartile range: 0.7 to 15.8 %) for light-
demanding shrubs (J. communis and P. spinosa), and similar for light-demanding trees 6.9 %
(from 0.4 for P. tremula to 23.2 for P. sylvatica). In contrast, we observed a decrease in
median TSS in shade-tolerant shrubs (—4.2; —10.7 to 6.2 %, D. mezerum and L. nigra) and
trees (—6.3 %; —10 to —1.1 %, F. sylvatica and P. abies). Accordingly, models for light-
demanding species increased in performance by 7.18 % (0.60 to 18.26 %), whereas those for
shade-tolerant species decreased in performance by —5.36 % (—10.20 to 1.35 %). When
inspecting life form, we observed that including LiDAR-derived predictors did only
marginally affect models for trees (0.05 %; —7.36 to 7.81 %), but had a higher effect on
shrubs (2.32 %; —6.16 to 13.56 %).

Models that included LiDAR-derived predictors performed better in five out of eight species
compared to the models without LIDAR data. F. sylvatica and L. nigra showed a decrease in
predictive performance when including LiDAR data, and for P. abies predictive performance
did not differ. Nevertheless, species varied considerably in how model performance changed
with inclusion of LIDAR data. The two extreme examples included trees: P. tremula had a
median increase of 23.3 % (4.6 to 51.6 %) in TSScv, whereas model performance for F.
sylvatica decreased by —9.1 % (—11.1 to —7.4 %). The difference between extremes was
smaller for shrubs: TSScv for L. nigra decreased by —8.0 % (—12.4 to —4.4 %) and increased
for J. communis by 13.8 % (2.9 to 23.4 %). For more details on species-specific results see
Figure 2 and Table A5.

Analyses indicated that both the main effect for predictor-set as well as its interactions with
life form and light requirement were significant (Table 2). In contrast, the main effects for
life form and light requirement were not significant. The main effect of predictor-set

indicated that TSScv increased for light-demanding shrubs when including LiDAR-derived
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predictors. This increase was, however, reduced for tree species, especially so for shade-

tolerant species, as indicated by the two negative interaction terms. The large effect for the

interaction between predictor-set and light requirement means that model performance

estimates of models with LIDAR data for shade tolerant species are lower than for light-

demanding species (see the model coefficients in the central panels of Figure 2).

Table 2 The results for the fixed effects of the mixed model that statistically tested whether the predictive

performance of SDMs (measured as TSScv) changed as predicted by hypotheses H1, H2 and H3. The first

column gives the estimate the second and third column define the lower and upper limits of the 95 %

Confidence Intervals (CI). Significant effects (i.e. Cls do not include zero) in bold. Note that we highlight in the

first column in brackets what levels the fixed effects take (the levels mentioned for the intercept constitute the

base levels).

lower ClI upper ClI
Intercept
(no LiDAR, shrubs, light-demanding) 0.426 0.272 0.589
predictor-set
(with LiDAR) 0.047 0.039 0.054
life form
(trees) ~0.001 -0.192 0.189
light requirement
(shade-tolerant) 0.051 —-0.128 0.239
predictor-set : life form
(with LIDAR, trees) -0.016 —0.024 —0.006
predictor-set : light requirement
(with LIiDAR, shade-tolerant) —0.061 —0.069 —0.052
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342 Figure 2 Summary figure of results for shrubs in a) and trees in b). The left panels show model performance
343  (TSScv) for models without the use of LiDAR data, right panels show model performance for models that

344 included LiDAR-derived predictors. The central panels (with inset axes for TSScv) illustrate the interaction
345  effects as estimated by the mixed effect model, highlighting that the inclusion of LiDAR-derived predictors
346 increases model performance for light-demanding species (light green), but decreases model performance for

347  shade-tolerant species (dark green).

348
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The majority of ensemble response curves for light-demanding species indicated that the
probability of occurrence for a given species decreased along any of the four LiDAR-derived
predictors (see examples in Figure 3 and the complete set of response curves in Figure Al
and Figure A2), except along foliage height diversity which displays a hump-shaped pattern
for J. communis and P. sylvestris and an invariant response for P. spinosa. P. sylvestris
further exhibits a positive response along vegetation cover and hump-shaped responses along
average canopy height, which is diverging from the most common pattern of light-demanding
species (Figure 3). Most ensemble response curves for shade-tolerant species showed an
opposite pattern: the probability of occurrence of most species increased along the LIDAR-
derived predictors (see the examples in Figure 3). The exceptions here concern average
vegetation height and canopy variation for D. mezereum (decreasing probability of
occurrence and invariant response, respectively), as well as vegetation cover for F. sylvatica,
FHD for L. nigra, and average vegetation height for P. abies (all hump-shaped, see examples

in Figure 3).
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Figure 3  Expected (a, b) and unexpected (c, d) partial response curves for the shade-tolerant F. sylvatica (a)
and L. nigra (c) and light-demanding P. tremula in (b) and P. sylvestris in (d). Solid black lines indicate the
weighted ensemble responses and grey polygons reflect the weighted standard deviation across the five model
algorithms. Note that we assumed light availability to decrease with increasing average vegetation height,
vegetation cover and FHD, and to increase with vertical coefficient of variation. Also note that the response of
F. sylvatica along vegetation cover is not as expected, whereas the response of L. nigra along vegetation cover
is as expected. Partial response curves for each species and model algorithm along all LiDAR-derived predictors

are displayed in Figure Al and Figure A2.
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4 Discussion

Our study showed that the inclusion of LiDAR-derived predictors in SDMs is beneficial for
light-demanding species, especially shrubs. Results also indicated that light-demanding and
shade-tolerant species generally exhibit opposing responses along LiDAR-derived predictors.
SDMs and resulting distribution maps for woody species can thus be improved by using
LiDAR data, especially when following a set of recommendations based on the life form and

light requirements of species.

4.1 LiDAR and model performance

Our results from the statistical analyses indicate that LIDAR data does increase model
performance, and that this increase is less pronounced in shade tolerant species and in tree
species, congruent with the predictions from hypotheses H1 to H3. A closer inspection of the
results, however, reveals variation across the investigated species. In line with our hypothesis
H3, model performance of all four light-demanding species increased when including
LiDAR-derived predictors, but only one shade-tolerant species exhibited the same response.
We argue that our structural predictors derived from LIDAR data captured substantial aspects
of the limiting light availability in forests and thus are valuable predictors in SDMs of light-
demanding species. This is also in accordance with the literature of SDMs that included
forest structure derived from LiDAR data for animal species which depend on open forest
stands (see Davies and Asner, 2014 for examples).

Shade-tolerant species, on the other hand, are less limited by light conditions, and their
distribution could be more affected by other environmental factors such as climate or soil
properties. In our study, the inclusion of LIDAR-derived predictors was at the cost of
excluding such environmental factors. Apparently, this cost was higher than the benefit from
including forest structural data, leading the models with LiDAR data to perform worse than

the models based solely on climate, topography and soil characteristics for most shade-
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tolerant species. The only exception is D. mezereum, where model performance increases by
10% on average. The response curve for D. mezereum along the vegetation cover gradient is
similar to those of other shade-tolerant species, its response along average height and canopy
variation, however, rather parallels those from light-demanding species (Figure Al). Further
investigations that go beyond the scope of this study would be required to assess if the
observed similarity to response curves of light-demanding species is responsible for the
exceptionally high increase in model performance of D. mezereum when including LIiDAR-
derived predictors.

We also found differences between life forms in how model performance increased with
LiDAR-derived predictors. In line with the prediction of our hypothesis H2, we found that
models for tree species profit less from LiDAR-derived predictors than models for shrub
species. Indeed, we find a higher increase in model performance for light-demanding shrub
species than for light-demanding tree species (light green model coefficients in Figure 2).
Shrubs are part of the understorey, and as such are more affected by the overstorey forest
structure than the investigated tree species that grow tall enough to become part of the upper
canopy, where light is not a limiting factor. The significant interaction also indicates a
stronger decrease in model performance for shade-tolerant tree species than for shrubs (dark
green model coefficients in Figure 2). This is likely the consequence of the large drop in
model performance for F. sylvatica when LiDAR-derived predictors are part of the predictor-
set (a median decrease of —9.1 %, Table A5). Across a large part of the Swiss lowlands, F.
sylvatica is the most abundant and dominant tree species (Brzeziecki et al., 1993; Ellenberg,
1988; Keller et al., 1998). Meier and colleagues (2011) found that beech dominance against
its main competitors across Europe is influenced by climate, specifically temperature (degree
day sum) and summer precipitation. It is striking that the LIDAR-derived predictors replaced,

beside a topographic predictor, precipitation of the driest month and summer/winter ratio of
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precipitation (Table A4). Hence, the large decrease in model performance is most likely
caused by the substitution of such informative climatic predictors with LiDAR-derived
predictors due to the design of our study, which required the number of predictors to be
constant across the predictor-sets. However, when constructing the best possible SDM for F.
sylvatica with the data at hand (an inventory with thousands of high-quality presence/absence
observations), we would rather add LiDAR-derived predictors to a chosen set of climatic,

topographic, and soil predictors instead of replacing any of these abiotic predictors.

4.2 Responses along LiDAR predictors

We found that the majority of the partial responses along LiDAR-derived predictors follow
the patterns that we predicted based on how we expect light-availability in a forest stand to
change along the LiDAR-derived predictors. Consistent with this, we found opposing
responses along most LiDAR-derived predictors for shade-tolerant vs. light-demanding
species, just as predicted by hypothesis H4. These opposing responses support our
assumption that the chosen predictors indeed capture relevant aspects of light availability in
forest stands. However, it is important to note that the LiDAR-derived predictors we used to
describe forest structure can also be proxies for other factors affecting the occurrence of
woody species. For example, shrubs in the understorey are not only affected by light
availability, but also by the distinct understorey microclimate (Bramer et al., 2018) that was
potentially captured by our structural predictors derived from LIiDAR data (Frey et al., 2016;
Zellweger et al., 2018).

The fact that our LIDAR-derived predictors are potentially correlated with additional,
unobserved environmental variables could potentially explain some of the unexpected partial
responses. The “chicken and egg” issue raised by Bradley et al. (2012) in combination with
the fact that light requirements of tree species change with their life stage offers an alternative

explanation. For example, we observed a positive association of P. sylvestris occurrence
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probability with vegetation cover, even though one would expect a light-demanding species
to show the opposite trend. However, the light requirement is highest at the rejuvenation
stage, whereas an adult P. sylvestris tree reaches the canopy, where light is not a limiting
resource. And at this adult stage, the full-grown tree contributes a lot to the vegetation cover
of its forest stand, which in turn determines how suitable that forest stand will be as
determined to the SDM (high, according to partial response of P. sylvestris along vegetation
cover). Finding detailed explanations for the shapes of all partial responses along the LIDAR-
derived predictors is clearly beyond the scope of our study. And the fact that we don’t have
adequate explanations, for example, for the unexpected response patterns of P. sylvestris or
the u-shaped response of F. sylvatica along vegetation cover suggests that further research
with targeted analyses is needed to address these issues.

4.3 Challenges and Opportunities

In general, it is important to recall the partial circularity inherent to models that use LIDAR-
derived predictors to model a state of woody species distribution within a stand dynamic
process: LIDAR data picks up vegetation structural attributes that are on the one hand
important in determining their distribution, but on the other hand are also affected by their
inherent distribution. In accordance with earlier reccommendations (Bradley et al., 2012), we
caution against interpreting the derived maps as the potential distribution of a species. Further
research is needed to better disentangle the chicken from the egg, i.e., to disentangle the
effects of trees on canopy structure form the effects of canopy structure on the distribution of
tree species. Separating tree species observations into under- and overstorey canopy
individuals, potentially also in life stages (seedlings, young trees, canopy trees) could shed
light on how and when during their life cycle tree species are affected by the canopy

structure, and how and when they are affecting the canopy structure.
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Focusing on the specifics of our study, we see a possible limitation in the number of species
that we analyzed. We are confident that our results represent general trends for plant
functional groups, but our results also indicate that single species can exhibit unexpected
responses (e.g., P. sylvestris, D. mezereum). Therefore, instead of deciding whether or not to
include LIDAR data in SDMs of woody species simply according to their plant functional
group, we suggest to test if predictive performance of SDMs indeed increases when including
LiDAR-derived predictors. In addition, we would like to point out that the absolute changes
in model performance in our comparisons, as assessed by TSScv are rather small. Average
absolute changes per species range from 0.006 to 0.07, with a mean of 0.04. However,
especially the light-demanding shrubs show increases of up to >0.15 for certain cross-
validation repeats, which we certainly consider worthwhile. Further research is needed to
study if the small absolute differences could be explained by the design of our study and turn
out to increase when the addition of LiDAR-derived predictors does not replace abiotic
predictors.

We anticipate that positive effects of LiDAR-derived predictors on SDMs could also be
found for non-woody species such as herbaceous species or bryophytes and lichens that
inhabit forests. Modelling of such species by means of LIDAR data would not be affected by
the chicken-egg problem because those species groups hardly affect the forest structure as
characterized by LiDAR-derived predictors. However, non-woody species inhabiting the
understorey strongly depend on light conditions. Indeed, recent studies show that LIDAR-
derived data are well suited to approximate light-demands of herbaceous understory
communities (Alexander et al., 2013).

Remote sensing products already have proven their value in the management of invasive
species (e.g., Hantson et al., 2012; Millerova et al., 2017), and we expect that LIDAR-

derived predictors that inform on light availability also have the potential to improve maps of
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the potential distributions of invasives. Such maps could, for example, identify potential
hotspots for the establishment of black-listed species that are especially competitive under
favorable light conditions and (start to) inhabit Swiss forests, such as Black locust (Robinia
pseudoacacia) in light forests or Cherry laurel (Prunus laurocerasus) along forest edges
(Delarze et al., 2015; Info Flora, 2014).

4.4 Recommendations for Application

Our study set out to discover if LIDAR data is useful when modeling the distribution of
woody species, and to confirm predicted differences between functional groups of woody
species based on specific hypotheses. Our recommendations are based on our results that
show that LiDAR-derived predictors generally increase model performance and are
especially useful when modeling the distribution of light-demanding shrubs.

We emphasize that the inclusion of LIDAR-derived predictors prevents the possibility to
project the models to future conditions, simply because structural data of future forest stands
cannot be acquired. However, using forest structural data in distribution models fitted in one
area may allow to project models to new areas, given LIiDAR data is available for these new
areas in a similar quality. Note that we suggest to apply block cross-validation in order to
assess the transferability of the fitted SDMs (Roberts et al., 2017) when aiming for projection
to another area.

When aiming for producing the best possible maps for management purposes, we recommend
to include LiDAR-derived predictors into SDMs for woody species if the species is light-
demanding, especially so if shrubs are concerned. For such species, LIDAR data exhibit
considerable potential to improve species distributions maps. If occurrence data is limiting
the number of predictors that can be included in SDMs, we warn against a non-reflected
inclusion of LiDAR-derived predictors. The case of F. sylvatica exemplifies that replacing

important abiotic predictors with LiDAR-derived predictors can harm the performance of
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SDMs. Hence, we recommend to test the predictive performance of models with/without
LiDAR-derived predictors when the number of predictors is limited or to apply ensembles of
small models (Breiner et al., 2015). Our recommendations provide a basis how remote-
sensing technologies and highly resolved parameters of vegetation structure can increase the
accuracy of spatially explicit models for woody species. As such, these models and resulting

maps have the potential to inform multifunctional, biodiversity-friendly stand management.
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743 Appendix A: Supplementary Material

744
745  Table A1 Full list of candidate species, with the selected species in bold. Note that we generally selected the

746 most frequent species (number of occurrences), and give reasons when not following this rule in the “comment”

747  column.
é = S =
_ 2 g 8 25 £
light-demanding shrub Juniperus communis 184
Prunus spinosa 177
Pinus mugo subsp mugo 142
Cotoneaster tomentosus 61
tree  Larix decidua 1216 economically not
important
Betula pendula 669 difficult to distinguish
from B. pubescens
Pinus sylvestris 514
Populus tremula 181
Pinus mugo subsp. uncinata 129
shade-tolerant shrub Lonicera nigra 669
Vaccinium myrtillus 484 often missed because of
40 cm height threshold
Lonicera alpigena 286 already one Lonicera
species selected
Daphne mezereum 168
Daphne laureola 62
tree  Picea abies 4603
Fagus sylvatica 3270
Acer pseudoplatanus 2550
Abies alba 2392
Ulmus glabra 503
Carpinus betulus 296
Tilia cordata 246
Tilia platyphyllos 178
Taxus baccata 98

Pseudotsuga menziesii 85
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Table A2 A description of the topographic, soil, and climatic predictors that were used by at least one model.

Predictor

Description

topography c_slope

soil

climate

slope
convexity 3

convexity 12

melton_rug

stream_power

twi_mfd
terhet_sd

soil_pH

bio_4
bio_13
bio_14
gdd
etpt
mind

pdsum
prec_suwirat

prec_su
swb

Average slope of the above catchment based on the multiple
flow direction (MFD) algorithm

Slope (gradient) for each cell based on 3x3 window
Convexity is calculated as the ratio of the number of cells
having positive curvature (= convex cells) to the number of
cells within a radius of 3 cells.

Convexity is calculated as the ratio of the number of cells
having positive curvature (= convex cells) to the number of
cells within a radius of 12 cells.

Melton ruggedness index. Ratio of the upslope catchment
height and catchment area based on the single flow direction.
A measure of the erosive power of flowing water. SPI is
calculated based upon slope and contributing area.1

Wilson, J.P., 2012. Digital terrain modeling. Geomorphology
137(1), 107-121.

Topographic Wetness Index based on the multiple flow
direction (MFD) algorithmz.

terrain heterogeneity: standard deviation of a digital elevation
model with 5 m resolution

The topsoil pH map was calculated based on 1944 forest soil
profiles using the random forest model implementation of the
caret R package (v 6.0-68)s.

We used 80% of the soil profiles as training set, 20% as
independent validation set. A total of 126 predictors were used
to describe topography, climate and geology. The R2 of the
validation set was 0.37, the root mean squared error was 1.08.
Temperature Seasonality

Precipitation of Wettest Montha

Precipitation of Driest Months

growing degree dayss

potential evapotranspirationas

moisture index: difference between precipitation and potential
evapotranspirations

number of days with rainfall >1 mms

ratio of summer (April to September) to winter (October to
March) precipitation sumsa

summer precipitation sum (April to September)4

site water balances
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750

751

752

753

754

755

756

757

758

759

760

761

762

763

764

tave_suwirat  ratio of average summer (April to September) to average winter
(October to March) temperatures

tave_wi average winter (October to March) temperatures

tave_su average summer (April to September) temperatures

1 Colgan, A., & Ludwig, R. (2016). Digital Terrain Model. In Regional Assessment of Global
Change Impacts (Vol. 137, pp. 69-74). Cham: Springer International Publishing.
https://doi.org/10.1007/978-3-319-16751-0_7

2 Bohner, J., & Selige, T. (2006). Spatial prediction of soil attributes using terrain analysis
and climate regionalisation. In J. Bohner, K. R. McCloy, & J. Strobl (Eds.), SAGA -
Analysis and Modelling Applications (Vol. 115, pp. 13-27.).

3 Kuhn, M. (2008). Caret package. Journal of Statistical Software, 28(5)

4 Zimmermann, N. E., & Kienast, F. (1999). Predictive mapping of alpine grasslands in
Switzerland : Species versus community approach. Journal of Vegetation Science, 10,
469-482.

5 Guisan, A., Zimmermann, N. E., Elith, J., Graham, C. H., Phillips, S., & Peterson, a. T.
(2007). WHAT MATTERS FOR PREDICTING THE OCCURRENCES OF TREES:
TECHNIQUES, DATA, OR SPECIES’ CHARACTERISTICS? Ecological

Monographs, 77(4), 615-630. https://doi.org/10.1890/06-1060.1
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Table A3 Results from testing equivalence between subsampled and original point clouds in a test area
(2700kmz2) with varying point densities. The test area was situated in Central Switzerland (xmin: 700012.5;
xmax: 760012.5; ymin: 200012.5; ymax: 245012.5) and consisted of 4.32 million cells (25 m x 25 m). Each
sample (in rows) was constructed by randomly subsampling the LiDAR point densities from as high as 15
points/mzto the 0.5 points/m2 minimal density using the “lasthin” routine from the LAStools software (Isenburg,
2015). Using two one sided t-tests (TOST), we checked if the subsampled values were equivalent with the
values obtained from the original, mixed-density LiDAR dataset. We considered the results to be equivalent if
samples deviated no more than 5% in vegetation cover, 1m in average height, 0.5m in the 5 percentile (p05),
2m in the 95 percentile (p95), and 0.05 in vertical variation (the coefficient of variation). All tests revealed that

values from subsampled rasters are equivalent to the values obtained from using the mixed-density LiDAR

dataset.

vegetation average p05 p95 vertical

cover height variation
sample 1 equivalent equivalent equivalent equivalent equivalent
sample 2 equivalent equivalent equivalent equivalent equivalent
sample 3 equivalent equivalent equivalent equivalent equivalent
sample 4 equivalent equivalent equivalent equivalent equivalent
sample 5 equivalent equivalent equivalent equivalent equivalent
sample 6 equivalent equivalent equivalent equivalent equivalent
sample 7 equivalent equivalent equivalent equivalent equivalent
sample 8 equivalent equivalent equivalent equivalent equivalent
sample 9 equivalent equivalent equivalent equivalent equivalent
sample 10 equivalent equivalent equivalent equivalent equivalent




778  Table A4 The table lists which predictors (in rows) were included for each of the species (in columns). A
779 value of —1 indicates that the variable was included only in the model without LiDAR predictors, a value of 1
780 indicates it was only included in the model with LIiDAR predictors. Zero indicates the variables was included in

781  both models.

2
E [
8 < (1} g (4] S [%2)
= c =z 9 w o b >
s & 3 8§ 2 2 3 %
c Q %) © o g = ”
e > >
g— g (@) 8 = S o %
T 5 ®© L § 2 o £
A J b a » o o o
climate bio 13 0 -1 -1 0
bio_14 0 -1 0 -1 0
bio 4 -1 -1 0
gdd 0 -1 0
etpt -1 0
mind 0 0
pdsum 0 -1 o -1 -1 0 -1
prec_suwirat -1 0 -1
prec_su 0
swh 0 -1 -1
tave_suwirat 0
tave_wi 0
tave_wi 0
soil soil_pH 0 -1 0
topography c_slope 0 -1
convexity 12 -1
convexity 3 -1
melton_rug -1
slope 0
stream_power -1
twi_mfd -1
terhet_sd -1
LiDAR average height 1 1 1 1 1 11
vegetation cover 1 1 1 1 1 11
height variation 1 1 1 1
foliage height diversity 1 1 1 1 11

782



783  Table A5 Table that reports on changes in model performance (TSScv) for each species. The statistics given

784 in each column (min, 25w, 50t, 75th percentile, and max) summarize the results over five models and 20 cross-

785  validation repeats.

light requirement life form  species min 25% 50% 75% max
shade-tolerant shrubs — Daphne 48515 -4732  6.095 21.678 275.735
mezereum
Lonicera 5150 10377 -7972 -4396 8381
nigra
trees Fagus 15734 -11.045 -9.074 -7.394 —1.790
sylvatica
Picea 22260 —-3679 -0.908 2872 12.690
abies
light-demanding shrubs — Juniperus g 00y 9oy 13754 23367 56.564
communis
Prunus ~16.845 -0.830 4413 0494 33.682
Splnosa
trees Populus 43708 4639 23256 51.580 501.942
tremula
Pinus
oivestris  —10100 0082 2815 7263 17674

786

787
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Figure A1l Partial response curves for shade-tolerant species (one per row, see legend), with the ensemble

probability as black solid line, and the single model predictions with line shapes and colors according to the

legend.
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