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Abstract
This study aimed at illustrating how direct measurements, mobile laser scanning and hydraulic modelling can be combined to
quantify environmental drivers, improve vegetation models and increase our understanding of vegetation patterns in a sub-arctic
river valley. Our results indicate that the resultant vegetation models successfully predict riparian vegetation patterns (Rho = 0.8 fo
total species richness, AUC = 0.97 for distribution) and highlight differences between eight functional species groups (Rho 0.46–
0.84; AUC 0.79–0.93; functional group-specific effects). In our study setting, replacing the laser scanning-based and hydraulic
modelling-based variables with a proxy variable elevation did not significantly weaken the models. However, using directly
measured and modelled variables allows relating species patterns to e.g. stream power or the length of the flood-free period.
Substituting these biologically relevant variables with proxies mask important processes and may reduce the transferability of the
results into other sites. At the local scale, the amount of litter is a highly important driver of total species richness, distribution and
abundance patterns (relative influences 49, 72 and 83%, respectively) and across all functional groups (13–57%; excluding lichen
species richness) in the sub-arctic river valley. Moreover, soil organic matter and soil water content shape vegetation patterns (on
average 16 and 7%, respectively). Fluvial disturbance is a key limiting factor only for lichen, bryophyte and dwarf shrub species in
this environment (on average 37, 6 and 10%, respectively). Fluvial disturbance intensity is the most important component of
disturbance for most functional groups while the length of the disturbance-free period is more relevant for lichens. We conclude tha
striving for as accurate quantifications of environmental drivers as possible may reveal important processes and functional group
differences and help anticipate future changes in vegetation. Mobile laser scanning, high-resolution digital elevation models and
hydraulic modelling offer useful methodology for improving correlative vegetation models.
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Introduction
Correlative modelling of vegetation patterns enables the examination of the probable importance of environmental drivers and their
effects on vegetation with static survey data (e.g. [1,2]). In addition, the models can be used to project vegetation patterns in future
conditions ([1,2]). Recent research highlights the importance of the incorporation of all relevant factors into the models and
measuring them at the considered geographical scale (e.g. [3–6]). Moreover, it is important to select biologically appropriate
variables as quantifications of those factors. Using such variables in vegetation models improves our ability to draw relevant
conclusions on future vegetation patterns and their drivers ([7,8]).

Sub-arctic river valleys are one of the regional hotspots of biodiversity. They are characterized by high geodiversity (variation in
topography, geology and earth surface processes) and function as a transition and corridor ecosystem. They therefore provide
microhabitats and refuge for tundra species and fluvial specialist species ([9–14]). Moreover, they allow the extension of many
boreal species into the (sub-) Arctic as outlier populations (e.g. [15,16]). Through the maintenance of a wide range of microhabitats
the river valleys may be one of the key environments for preservation of biodiversity when the climate changes ([14,17]). To better
understand the probable fate of vegetation in the river valleys, it is important to know how vegetation patterns are maintained in
current climatic conditions ([18]).

Globally however, sub-arctic river valleys are relatively simple ecosystems with steep environmental gradients. In addition, they are
characterized by seasonal flooding (e.g. [19,20]). This intense, regular and predictable disturbance may make them suitable for
examining modelling applications (e.g. [21]). In this paper, the term “disturbance” is used on one hand both for events potentially
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causing loss of biomass and physiological stress, and on the other hand for both infrequent and frequent events related to flooding
and animal behaviour (e.g. [22–24]).

A wide variety of direct and indirect factors (c.f. [7]) have been suggested to influence species richness, distribution and abundance
depending strongly on the spatial and temporal dimensions of the study setting. Seven essential factors are generally considered t
drive the formation of habitats and vegetation patterns: light, water, nutrients, temperature, biotic interactions, disturbance and the
availability of carbon dioxide ([25–27]). At the local scale, the availability of carbon dioxide varies very little and is not considered an
important driver of vegetation patterns (e.g. [28–31]).

Light, water and nutrients constitute site productivity. Mainly, increasing site productivity is expected to have a positive effect on the
probability of vegetation establishment and primary production ([32,33]). Species richness is expected to peak at a certain
productivity level, since beyond that level, the most competitive species are assumed to exclude others (competitive exclusion;
[13,33]). Soil pH, organic matter and the amount of litter are commonly accepted proxies for nutrient and long-term soil water
conditions, since they either control or are controlled by these drivers ([34,35]).

Disturbance is generally assumed to have a negative effect on species richness, probability of vegetation occurrence and
vegetation abundance, by destroying plants and removing seeds ([32]). Only in most productive environments, disturbance is
expected to increase species richness ([32,33,36]). In the riparian environment, however, the complexity of earth surface processe
and biotic processes has been suggested to create diverging and unpredictable disturbance-diversity relationships (reviewed by
[12]). Riparian vegetation is subject to regular flooding, caused by precipitation peaks and snowmelt. In addition, slope processes
cause both gradual and catastrophic disturbance events along the banks ([12]). These disturbances are one of the most important
factors influencing species richness and distribution in river valleys (e.g. [13,37–39]). Commonly, disturbance is quantified using
proxies instead of measuring it directly. Most studies have estimated the net effect of fluvial disturbances in riparian environments
using e.g. the elevation relative to low water mark as a surrogate (e.g. review by [12]). However, disturbance can be directly
quantified by measuring erosion and accumulation, unit stream power ([40], as a driver of vegetation patterns [41]), analysing river
bank stability ([42]), animal paths and burrows or the frequency and duration of flooding ([43]).

Biotic interactions have also been shown to be important in maintaining vegetation patterns. Theory and studies in disturbance-
dominated environments indicate that disturbance efficiently reduces competition (e.g. [36,43–45]) but does not remove it
completely ([12]). Empetrum nigrum is a widespread generalist and competitive species, and its presence has been shown to have
a strong negative effect on majority of vascular plants of the sub-arctic environment ([46]). In turn, vegetation is expected to have a
notable effect on the mobility of sediment, therefore influencing the intensity of earth surface processes (e.g. [42,47]). This
stabilizing effect of established vegetation is expected to facilitate other species (nurse plant effect; [44,48]).

The responses of species groups to environmental drivers are known to diverge due to different adaptation strategies ([14,49]). Th
lower boundary of species ranges along river banks are expected to correspond to species’ sensitivity to flooding ([50–52]). Many
plants of the riparian environment have adaptations to submergence and the movement of water and sediment ([12,52]) giving
them the opportunity to establish in highly dynamic but competition-free sites.

Mobile laser scanning can be cost-efficiently implemented in narrow corridor-type ecosystems to produce (potentially a series of)
high-resolution digital elevation models (DEM; e.g. [53–55]). Consecutive DEMs allow precise calculation of erosion and
accumulation along river banks ([56]). When the DEMs are combined with in situ measurements of water flow conditions in a few
locations, hydraulic modelling can be utilised to calculate a time series of 3D flow fields for the river valley (e.g. [57,58]), and furthe
transformed into e.g. unit stream power and frequency and duration of flooding. However, to our knowledge the laser-scanning
based quantification of erosion and accumulation or hydraulic variables have not been utilized in improving correlative modelling of
vegetation patterns.

Using elevation as a proxy variable for multiple disturbance gradients also helps to alleviate issues of multicollinearity when there
are several parallel gradients. However, multicollinearity issues can be managed with variable selection prior to statistical
multivariate modelling and using advanced modelling methods that are less sensitive to multicollinearity issues (e.g. boosted
regression trees; [59,60]). These methods have potential in clarifying the relationship between vegetation patterns, disturbance and
other drivers ([61,62]).

This study aims to 1) examine how correlative models of local-scale vegetation patterns in riparian ecosystems can benefit from
incorporating both directly measured environmental variables and variables based on laser scanning and hydraulic modelling (c.f.
[6]). The outcomes of the vegetation models are utilized to examine, 2) what are the most influential factors in determining
vegetation patterns of the whole community and across functional groups in this study setting and 3) which components of
disturbance are most influential for vegetation patterns and how they limit vegetation establishment? This is achieved by combining
high-resolution survey data of e.g. light and soil conditions to accurate estimates of disturbance patterns. Disturbance is determine
with modern laser scanning techniques (erosion and accumulation) and hydraulic modelling (fluvial disturbance variables).
Moreover, advanced statistical modelling methods are applied to draw robust conclusions from the data. The study is conducted in
a sub-arctic river valley. This is a relatively simple system with few interacting species and steep environmental gradients ([19,20]).
Biotic interactions and the influence of abiotic drivers are expected to be easily detected in such a setting ([21,36]). The study area
may therefore be suitable for examining the modelling approach.

Study area
The study area was located in the northernmost Finland, and constituted a 3.5-km reach of the lower Pulmanki River (Fig 1; Lower
Pulmanki River; N 69° 55.111', E 028° 01.664'; N 69° 56.281', E 028° 02.631'). Before entering into Pulmanki Lake, the sub-arctic
river flows along a 1 km-wide depression filled with glaciofluvial sand and gravel deposits ([19]; Finnish Geological Survey Surficial
deposits database). The river valley is characterised by distinct annual variation in water level with one high snowmelt-induced
spring flood ([55]). The interannual variation in the water surface elevation of the spring flood is distinct ([55]). This creates a steep
environmental gradient from the highly dynamic river bed to relatively stable river banks. The Lake Pulmanki may cause a
backwater effect during the spring flood. Due to annual differences in the strength of the backwater effect, the water surface slope
varies notably depending from year to year.
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Fig 1. Study area.
Location of the study area (Lower Pulmanki River; N 69° 55.111', E 028° 01.664'; N 69° 56.281', E 028° 02.631') and
surveyed plots in northernmost Finland (A-C) and representative scenery from the area (D-E) (Background data: Topographic
database 2015, General map 1:1 000 000 2015 and Elevation model 10 m 2015 of the National Land Survey of Finland).
https://doi.org/10.1371/journal.pone.0225936.g001

The study area is located at the transition zone between boreal taiga and arctic tundra ([63]). The vegetation is mainly influenced b
the northern location, proximity to the Arctic Ocean (Barents Sea) and the fluvial landscape. The river valley is surrounded by
mountain birch (Betula pubescens ssp. czerepanovii) forests that extend close to the waterline at sheltered locations. Alpine dwarf
shrub heaths dominate the higher terraces and fen vegetation covers local depressions. The dynamic sand bars and steepest
slopes remain sparsely vegetated (Fig 1).

The study considered the entire channel and floodplain along the 3.5-km stretch. The study area was determined by bankfull flood
extent and covered a total of 27.5 ha. Permanently submerged parts of the channel were excluded from the analysis. This lower
margin of the study area followed the river’s shoreline in low discharge conditions in September 2016, at c. 15 and 14 meters abov
sea level upstream and downstream, respectively. The upper margin of the study area was determined from aerial photography
from high flow conditions of spring 2013, when the water level had reached a typical spring maximum ([20]). An extra ten meters
outside the 2013 flood extent was added to the study area to cover the entire flood frequency gradient.

Methods
General study design

To address the study questions, 1) we built complex statistical multivariate models to examine if the incorporation of biologically
meaningful environmental variables based on laser scanning and hydraulic modelling (“full” models) significantly improved
vegetation models. They were compared to models were plot elevation was used as a proxy for the multiple environmental factors
(“simple models”; following the methodology of [64]). 2) We then analysed the importance of each factor in the “full” models in
explaining the vegetation patterns in this study setting. The effects of the most influential factors on vegetation patterns were
examined. 3) Finally, we examined the relative influence of the disturbance components and their effects on vegetation patterns in
more detail.

We used a correlative multivariate modelling technique to examine the influence of environmental factors on the richness,
distribution and abundance of vascular plants and cryptogams of the lower Pulmanki river below the canopy layer. We considered
biotic interaction, disturbance and site productivity variables in the models. First, we analysed their effects on the total number of
species and the total distribution and abundance of vegetation. Second, the analyses were repeated for six functional species
groups. For biotic interactions, we accounted for the shading effect of the canopy and the influence of four dominant species. We
considered disturbance in the form of bioturbation, erosion, sediment accumulation, flooding and stream power. Site productivity
was quantified as solar radiation, organic litter availability, soil pH, soil water content and soil organic matter. The input data for the
statistical analyses is provided as supporting information (S1 Table) and described in detail in the following sections.

Field visits and study plots

The data were collected in the lower Pulmanki river valley during eight consecutive years, between 2009 and 2016. River flow
conditions were measured during the spring flood period each year. The elevation and bathymetry of the lower Pulmanki river valle
were measured in autumn 2014 and again in autumn 2016. Simultaneously in autumn 2016, vegetation, soil and solar radiation
data were collected in 106 study plots.

The water flow conditions of the study reach were measured each year (2009–2016): discharge was measured daily during each
spring flood peak with an Acoustic Doppler Current Profiler (ADCP; SonTek RiverSurveyor M9 0.5 MHz equipped with an echo
sounder with 1% accuracy). Two water pressure sensors (Solinst Levelogger Gold model 3001 with a 15 minute logging interval
and 0.05% accuracy) were installed in the river bed to measure water level variation. One water pressure sensor was at a mid-
reach location and the other was located at the downstream boundary. The water levels were recorded from early May to early
September each year.

The topography of the dry parts of the study area was measured twice with a backpack mobile laser scanner (updated versions of
[65]; Table 1), in September 2014 and in September 2016. The laser scanner, survey grade RTK-GNSS receiver, inertia
measurement unit, batteries and a handheld survey laptop were attached to a backpack system that was carried by one person.

https://doi.org/10.1371/journal.pone.0225936.g001
https://journals.plos.org/plosone/article/figure/image?size=medium&id=info:doi/10.1371/journal.pone.0225936.g001
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Survey paths in the field were designed to enable a multiangular survey campaign in order to avoid extreme oblique angles (> 80
degrees from the ground) and shadow effects of the river banks and trees. The backpack system was carried mostly by walking
along the river banks and on the point bars. One additional survey path was followed with the backpack system placed on an
inflatable boat and navigating the boat down the river. Target spheres (26 targets in 2014 and 36 targets in 2016) were used to
verify the georeferencing and rectify the tilting of the point cloud. Laser scanning produced three-dimensional point clouds of the
study area with an average horizontal point density of 2000–40000 points per m  depending on the range from the trajectory. Point
density was highest in the central parts of the study area while highest flood banks remained out of reach of the scanner.
Simultaneously, the bathymetry of the river was measured with the ADCP. The topographic, bathymetric and water flow data were
later used as inputs for digital elevation models and hydraulic modelling.

Table 1. Systems used for backpack mobile laser scanning.
https://doi.org/10.1371/journal.pone.0225936.t001

In total 200 coordinate points were randomized inside the study area (with ArcGIS Create Random Points tool within the study area
polygon). In early September 2016, 106 of these coordinate points (92 points along the western side of the river and 14 points
covering the largest sand bar on the eastern side of the river; remaining 94 random points on the eastern side were not visited due
to time constraints) were navigated to in the field using a handheld Garmin GPS receiver and study plots were established there
(Fig 1). During these low discharge conditions, the entire gradient from dynamic sand bars to rarely submerged banks was dry. Of
the surveyed plots, 34 (32%) had not been inundated by the river during the observed period (2009–2016) while 56 (53%) had
experienced flooding every spring.

The accurate plot locations were measured with a survey grade RTK-GNSS (Real Time Kinematic Global Navigation Satellite
System; Trimble R10 with 5 cm horizontal accuracy) and photographed once. Plots of 1 m  were temporarily marked on the ground
their vegetation (see following chapter for details) and litter layer (litter cover and thickness) inventoried and soil cores collected.
Soil samples of c. 2 dl were collected just below the litter layer, stored and brought to laboratory following standard procedures (ISO
11464). Four of the 106 samples were lost or destroyed in the process. Photosynthetically Active Radiation (PAR) was measured
once (as a five-minute average) at each plot location above the canopy and below the shrub layer with a LI-COR LI-190R Quantum
Sensor. The measurements were made in uniformly cloudy conditions but during five consecutive days and different times of the
day (between 10 am and 7 pm).

No permissions were required for the study in the lower Pulmanki River (mostly privately owned), based on the Finnish law on
everyman’s rights. The field sampling did not involve endangered or protected species.

Vegetation inventory and variables

During the field visit in early September 2016, the number of species (species richness; Table 2), cover and maximum height of
the vegetation and of individual functional groups were measured in the field, once in each of the 106 study plots. Functional
groups of lichens, bryophytes, graminoids, forbs, dwarf shrubs and shrubs were considered. Pteridophytes were included in
variables describing the total vegetation cover (total species richness, total species distribution, total abundance) but not
considered individually. In addition, the cover and maximum height of four common species of the shrub and herbaceous layers
(Empetrum nigrum, Vaccinium vitis-idaea, Vaccinium uliginosum, Juniperus communis; present in > 10% of the plots) were
measured. These species have also been shown to have strong impact of other species of the sub-arctic vegetation (e.g. [46,64]).

Table 2. Descriptive statistics of the variables.
https://doi.org/10.1371/journal.pone.0225936.t002

2

2

https://doi.org/10.1371/journal.pone.0225936.t001
https://doi.org/10.1371/journal.pone.0225936.t002
https://journals.plos.org/plosone/article/figure/image?size=medium&id=info:doi/10.1371/journal.pone.0225936.t001
https://journals.plos.org/plosone/article/figure/image?size=medium&id=info:doi/10.1371/journal.pone.0225936.t002
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Cover values were converted into binomial species distribution variables (Table 2). Aboveground volume (cover * height) of each
group or species was used as a proxy for aboveground abundance of the group (Table 2). Total aboveground vegetation
abundance was estimated as the sum of values of the six functional groups (Table 2).

Biotic interaction variables

Light attenuation (Table 2) below the shrub layer was calculated from the measurements of PAR above the canopy and below the
shrub layer as:

(

The sensitiveness of the light attenuation variable to diurnal effects (e.g. [66]) was analysed with linear regression analysis (light
attenuation as the function of measurement time). No linear, polynomial or sinusoidal model significantly reduced the residual
deviance (p > 0.01 for F-statistic). We used ANOVA to assess whether there were differences between the five different
measurement days (potentially due to different weather condition; [66]). There were no significant differences between the
measurement days. Based on these results, no adjustments were made to the light attenuation variable. The volume of the four
dominant species was used as a proxy for the intensity of species interactions ([64]; Table 2).

Disturbance variables

The surface area of reindeer, lemming and human paths was measured and the number of animal burrows calculated in each stud
plot in the field. Due to small variation (large majority of plots had no clear paths or burrows), these numbers were converted into a
binomial bioturbation variable (present = 1/absent = 0; present in 29% of the plots; Table 2).

The elevation point data for 2014 and 2016 were filtered by removing points that had an intensity value less than a defined
threshold. This removed points from the air and below ground, as well as some real hits from the targets far from the scanner or
with low reflectivity. Air points were deleted by computing the number of points within a certain radius in the air and removing the
points if the density was less than the threshold. The system-specific thresholds applied in our study were 500 (intensity threshold,
scale 0–2044) and 10 pts within a 50 cm radius (cf. [67]). Subsequently, vegetation was classified out with an algorithm provided b
TerraScan software, and only the ground points were used in further analyses. After the filtering procedure, the data (Table 1) were
resampled into regular point clouds describing the topography of the dry areas with 50 cm point spacing. Point clouds were
registered to EUREF-FIN coordinate system and N2000 height system. Two triangulated irregular networks (TIN, for 2014 and
2016) were calculated from the resampled point elevation data and rasterized into digital elevation models (DEM) with a horizontal
resolution of 50 cm.

The RTK-coordinates of the study plots were used to tie field observations to the DEMs. Of the 106 study plots, 62 plots had
consistent DEM coverage for 2014 and 2016. Erosion or accumulation at the location of a study plot was calculated by
subtracting the 2014 elevation from the 2016 elevation value and multiplying it with the plot surface area (1 m ; Table 2). Study
plots located in the highest flood banks and most sheltered places (44 plots) were masked from one or both DEMs. They were
assumed to have experienced no erosion or accumulation during the two years.

Hydraulic modelling.

Hydraulic modelling was used to determine the inundation area, and the spatial variability of water depth and stream power during
the flood peak (maximum discharge) of each year during 2009–2016. Hydraulic model resolves the fluid motion in each grid cell
over a series of boundary conditions. In this study, a steady state model (constant flow situation) was run for each year (in total
eight runs; Table 3).

Table 3. Boundary conditions and calibration values for hydraulic modelling.
https://doi.org/10.1371/journal.pone.0225936.t003

The model geometry was based on field measurements of bathymetry and topography of the channel edges in September 2016.
The bathymetric ADCP data and the laser scanning-based elevation data for dry areas were combined in a GIS software into a
seamless river geometry. The geometry was interpolated into a raster grid (cell size 1.0 m). The same geometry was used in each
model run.

A curvilinear grid representing the study reach was created in Delft3D software. Compared to a rectangular grid, the curvilinear grid
allows for finer grid resolution over the areas of interest and more accurate simulation of the processes along the river boundaries
and bends. The grid cell size varied between 3 and 8 meters in the channel area, depending on channel geometry. Thus, the
resolution of the geometric sample data set was higher than the grid resolution, and the average value of the sample points falling
inside a grid cell was used.

Discharge (BC 1 in Table 3) and water surface elevation (BC 2 in Table 3) of the peak flood event were used as the upstream
boundary and downstream boundary conditions, respectively. The discharges were based on the ADCP measurements and the
highest discharge of each year was used as the boundary value. The measurements of the two water pressure sensors were

2

https://doi.org/10.1371/journal.pone.0225936.t003
https://journals.plos.org/plosone/article/figure/image?size=medium&id=info:doi/10.1371/journal.pone.0225936.t003
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transformed into water level changes at the mid-reach and downstream boundary and tied to geographic coordinates using the
RTK-GNSS. The water surface elevation of the peak discharge event of each year was used as the downstream boundary value in
the hydraulic modelling. The water level at the mid-reach location was used to calibrate the model.

In the modelling process, the two-dimensional Reynolds averaged momentum and continuity equations were implemented on a
curvilinear, unstructured grid. The peak flood event of each year was modelled separately as a steady state model and the
manning’s friction and horizontal eddy viscosity coefficients were adjusted so that the mid-reach water level corresponded exactly
to the measured mid-reach water level (Table 3). A maximum difference in the modelled and measured water levels of 2 cm was
accepted. A uniform friction value was used over the modelling area. The governing equations are described in detail in ([68]). A
modelling period of 24 hours was used to make sure that the flow had enough time to stabilise during the simulation. A time step of
five minutes was used, and it took approximately 18 time steps for the model to stabilise. The results of time step 100 were
extracted to the results of the hydraulic modelling.

The spatial distribution of water depth and flow velocity of each run was extracted over the entire study area. In addition, the spatia
distribution of unit stream power was calculated from the modelling results. The unit stream power (W m ) is the rate of energy
dissipation of water against the channel bed per unit area and is calculated by ([40]):

(

where ρ is the density of water (kg m ), g is the gravitational acceleration (m s ), D is the flow depth (m), S is the water surface
slope and v is the flow velocity (m s ). The water surface slope of the flood event was calculated between the simulated water
levels at the upstream and downstream of the study reach. Unit stream power has been widely used by researchers to quantify
energy dissipation of flow and is strongly related to the capacity of the river to transport sediment ([69]).

Water depth and unit stream power were extracted for each study plot from the hydraulic modelling results. They were extracted
separately for the vegetation survey year 2016 (representing peak water depth and peak unit stream power in 2016) and the
entire period 2009–2016 (peak water depth and peak unit stream power in 2009–2016), to account for short-term and long-term
patterns, respectively (Table 2). In addition, time since flood (since last inundation; [33]) was calculated for each plot (Table 2).

Soil samples and site productivity

The 2016 DEM was further used to calculate solar radiation, i.e. global insolation, in each plot. Before calculation, the DEM was
extended outwards from the study area using the coarse contour and point elevation data of the National Land Survey of Finland
(Topographic database, version 2016). This enabled taking into account the shadow effects of nearby fells. The point elevations
(resampled elevation point cloud and Topographic database) and contours were used to calculate a topographic TIN model. The
TIN model was then rasterized into 50 cm horizontal resolution. Solar radiation was calculated for the plot coordinates, accounting
for latitude, seasonality and daily variation, elevation, slope, aspect and shadows cast by surrounding topographic features (Table
2; [70]). It was calculated with the Solar Radiation toolset of ArcGIS Spatial Analyst ([71]).

Cover and thickness of the litter layer, measured in the field in September 2016, were converted to litter volume (Table 2). The 10
soil samples from September 2016 were analysed in the laboratory following standard procedures for soil organic matter (SFS
3008), soil water content (SFS 3008) and soil pH (ISO 10390; Table 2).

Variable selection

Preliminary selection resulted in 17 potential predictor variables: five biotic, seven disturbance and five site productivity variables.
To reveal possible collinearity issues (potentially caused by underlying causal relationships or artefacts of data collection) between
these variables, the Spearman rank correlation (rho) was calculated between all 17 variables and all variable pairs with high
correlations (|rho| ≥ 0.7) were examined in detail (S2 Table).

The variables based on hydraulic modelling were interlinked to the degree that only one of them was used in further analyses. The
potentially best fluvial disturbance predictor was selected prior to the multivariate modelling, individually for each response variable
It was selected using Spearman rank correlation as an indicator of predictive power.

Four high predictor correlations remained in the final set of predictor variables. Litter volume and soil organic matter, as well as soi
organic matter and water content were strongly correlated. The abundance of Vaccinium vitis-idaea was strongly correlated with
litter volume and soil organic matter. These predictor variables were included in the analyses since they were expected to be
biologically meaningful and were quantified by independent measurements. However, potential collinearity issues were taken into
account when interpreting the results.

Statistical modelling

For all 21 response variables, we fitted two statistical model variants: a “full” model including variables based on laser scanning an
hydraulic modelling, and a “simple” model were these variables were substituted by a single elevation variable. The common part o
the “full” and “simple” models for all response variables was:

(

where the fluvial disturbance variable was selected individually for each response variable (S3 Table).

(

-2

-3 -2
-1
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In addition, the abundance of the four dominant species was included in the lichen, bryophyte, graminoid and forb models. The
abundance of Juniperus communis (a shrub species) was included in the dwarf shrub models and the abundances of the three
dominant dwarf shrub species (Empetrum nigrum, Vaccinium vitis-idaea and Vaccinium uliginosum) were included in the shrub
models. The modelling was repeated for such “total” vegetation variables that excluded the four dominant species. This enabled th
examination of the influence of dominant species on the remaining vegetation.

Boosted regression tree (BRT) method was utilised to fit the multivariate models ([59]). BRT is an ensemble machine learning
technique that estimates the relationship between a response variable and a set of potential predictor variables without a priori
specification of the data model ([59]). Species richness was modelled using a Poisson distribution of errors and logarithmic link
function. Species distribution variables were modelled with a Bernoulli distribution and logit link function. Logarithmic transformatio
(with Gaussian distribution of errors) was applied to the non-normally distributed abundance variables, to linearize the models. Up
to three-way interactions between predictor variables were modelled (interaction depth = 3) and other model settings were kept to
defaults (learning rate 0.001, step size 50, bag fraction 0.5). The optimum model (optimal number of iterations) was determined wit
ten-fold cross-validation with random assignment ([72]).

Model performance was evaluated with five-fold cross-validation with random assignment ([72]). We compared observed values
against predicted values for the validation data of each cross-validation fold. Species richness and abundance models were
evaluated by calculating Spearman rank correlations of observed and predicted values. For occurrence predictions, area under the
curve of a receiver operating characteristic plot (AUC; [72]) was calculated. Predicted occurrence probabilities were first converted
to binary presence/absence data using a species-specific threshold maximizing sensitivity and specificity of the model (for details
see [73]). Performance of the “simple” and “full” models were compared with a paired two-tailed Z test ([74]).

The relative influence of predictor variables in “full” models was determined with Friedman’s ([75]) method (based on the reduction
of squared error attributable to each variable, averaged over all trees and normalised so that the sum of the predictors’ relative
influences was 100). The effects of the most influential predictor variables (with relative influence > 7% in models of total species
richness, distribution and abundance, and relative influence > 10% in the functional group models) on vegetation variables in each
model were plotted (after integrating out the effects of all other variables; [75]) and visually classified into four categories: positive,
negative, unimodal and U-shaped.

The BRT model residuals were examined for spatial autocorrelation by calculating Moran’s I for discrete distance classes using a
lag of 10 m and testing for significance ([76]). The residuals of six models showed significant spatial autocorrelation, indicating that
there was spatial dependence of the observations that could not be accounted for by the fitted model (S4 Table). Therefore, the
spatial structure of the data was summarized into a dummy variable describing the position of plots along the river channel
(distance from the upstream edge of the study area along main flow path). In addition, this variable reflected the potential dispersa
and other effects along the course of the river ([18]). This dummy variable was integrated into the BRT models and its incorporation
reduced spatial autocorrelation of five model residuals. However, the residuals of the lichen richness model remained spatially
autocorrelated (S4 Table), which should be taken into account when examining the results of this model.

The analyses were repeated with generalised linear models ([77]), generalised additive models ([78]) and geographically weighted
regression ([79]). The results of the additional analyses were well in line with the main BRT analyses, suggesting that the results
were independent of the selected analysis method. Finally, the analyses were repeated excluding litter volume from the predictor
variable set. This was done to investigate if important relationships were hidden in the “full” models because of the strong and
complex (potential difficulty to separate cause and effect) relationship between vegetation variables and litter volume. However,
these additional results were well in line with the main BRT analyses (non-significant to significant reduction in predictive power
associated with the exclusion of litter volume from the models and identical rankings of predictor variables based on variable
importance across all models).

All statistical analyses were conducted in the statistical software R ([80]). The BRT models were fitted and examined with R
packages dismo ([81]) and gbm ([82]). Spatial autocorrelation was calculated with package ape ([83]), distances along the river wit
package riverdist ([84]) and r test with package psych ([85]). The additional analyses were conducted with packages mgcv ([86])
and spgwr ([87]).

Results
Influence of mobile laser scanning and hydraulic modelling variables on distribution models

Based on cross-validation, the multivariate BRT models succeeded in predicting total species richness, distribution and abundance
of the vegetation relatively well (Rho ≈ 0.8, AUC > 0.96; Table 4). Graminoid and dwarf shrub models performed equally well (Rho 
0.7, AUC > 0.9; Table 4). Generally, lichen, forb and shrub models performed worst (Rho < 0.6, AUC < 0.9; Table 4). Substituting
elevation (“simple” models) with biologically relevant variables based on laser scanning and hydraulic modelling (“full” models
including erosion and accumulation, fluvial disturbance variables and solar radiation) had no significant influence on model
performance (Table 4). This was mainly due to the fact that in this dataset, site productivity variables dominated all models. Neither
elevation in “simple” models nor the additional variables in “full” models had notable influence in the models.

Table 4. Model evaluation statistics for “simple” and “full” models.
https://doi.org/10.1371/journal.pone.0225936.t004

Most influential factors in determining vegetation patterns

https://doi.org/10.1371/journal.pone.0225936.t004
https://journals.plos.org/plosone/article/figure/image?size=medium&id=info:doi/10.1371/journal.pone.0225936.t004
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The following results are reported for the “full” models that include variables based on laser scanning and hydraulic modelling.
When examining the entire vegetation community, site productivity variables dominated the models. The most influential variable in
the models was litter volume, followed by soil organic matter (relative influence 49–83% and 7–21%, respectively; Table 5). Soil
water content was influential in the species richness and distribution models (c. 7%; Table 5). Biotic interaction and disturbance
variables had generally very little influence in these models (Table 5).

Table 5. Relative influences of predictors in the “full” models of total species richness, distribution and abundance.
https://doi.org/10.1371/journal.pone.0225936.t005

Litter volume and soil organic matter were almost invariably the two most important predictor variables in the functional group
models (13–57% and 8–55%, respectively, Table 6). Lichen species richness was the only variable not significantly influenced by
litter volume or soil organic matter (Table 6). The influence of following biotic interaction variables were highlighted for specific
functional groups: light attenuation for the abundance of shrubs, the cover of Empetrum nigrum for lichens and the abundances of
Vaccinium uliginosum and V. vitis-idaea for the abundances of bryophytes and graminoids, respectively. In addition, fluvial
disturbance was influential for lichens and dwarf shrubs, solar radiation for bryophytes and soil pH for lichens, forbs and shrubs
(Table 6).

Table 6. Relative influences of predictors in the “full” functional group models.
https://doi.org/10.1371/journal.pone.0225936.t006

The BRT methodology is well suited for analysing data with multicollinearity issues and performs well in separating the individual
effects of collinear predictors ([59]). However, it must be noted that the three most influential site productivity variables, namely litte
volume, soil water content and soil organic matter were moderately or strongly correlated (rho between 0.69 and 0.88; S2 Table).
Therefore, their individual effects on vegetation may have been difficult to separate even with advanced modelling methods.
Moreover, litter volume and soil organic matter were moderately correlated with fluvial disturbance variables (|rho| between 0.51
and 0.69; S2 Table). This multicollinearity may have complicated the separation of the influence of site productivity variables and
fluvial disturbance variables.

The effects of litter volume, soil water content and soil organic matter on vegetation variables were mainly positive (Table 7). Acros
all studied response variables, the curves flattened after a relatively low threshold level was reached (Fig 2). Moreover, their effects
on specific response variables were unimodal: for example, forb abundance peaked at intermediate levels of litter volume and
decreased slightly when litter volume increased further (Table 7).

https://doi.org/10.1371/journal.pone.0225936.t005
https://doi.org/10.1371/journal.pone.0225936.t006
https://journals.plos.org/plosone/article/figure/image?size=medium&id=info:doi/10.1371/journal.pone.0225936.t005
https://journals.plos.org/plosone/article/figure/image?size=medium&id=info:doi/10.1371/journal.pone.0225936.t006
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Fig 2. Partial response curves for vegetation cover.
Exemplary BRT partial response curves for the most influential (> 7%) predictor variables in the “full” total species distribution
model. SOM = soil organic matter, SWC = soil water content.
https://doi.org/10.1371/journal.pone.0225936.g002

Table 7. Partial response curves.
https://doi.org/10.1371/journal.pone.0225936.t007

When examining vegetation as a whole, increasing litter volume increased species richness, probability of vegetation occurrence
and vegetation abundance (Table 7; Fig 2). Soil water content had a positive effect on species richness and occurrence probability
(Table 7; Fig 2). Vegetation occurrence probability and abundance were positively influenced by soil organic matter, while the effec
on species richness was unimodal: species richness peaked at intermediate levels of soil organic matter (Table 7, Fig 2).

The effect of pH on functional species groups varied: while increasing pH had a positive effect on six response variables, it had a
negative effect on lichen species richness and abundance (Table 7). The effect of the fluvial disturbance variable on lichen
response variables and dwarf shrub occurrence probability was negative (Table 7; Fig 3; note that effect of “time since flood” on
three lichen variables was converted from positive to negative since it represents a negative influence of fluvial disturbance). Solar
radiation had a negative effect on bryophyte species richness (Table 7). The abundance of the dominant dwarf shrub species had
positive effects on the lichen richness, occurrence probability and bryophyte abundance (Table 7). However, lichen abundance
peaked and graminoid abundance reached its minimum at intermediate levels of dominant dwarf shrub abundance (Table 7). Light
attenuation was positively associated with shrub abundance (Table 7). However, since this predictor variable measured how much
light availability diminished below canopy and shrub layers, the association was probably caused by the shadowing effect of shrubs
when shrubs were present, light attenuation was higher.

Fig 3. Partial response curves for lichens.
Exemplary BRT partial response curves for the most influential (> 10%) predictor variables in the “full” lichen abundance
model. TSF = time since flood; E.nig = abundance of Empetrum nigrum.
https://doi.org/10.1371/journal.pone.0225936.g003

https://doi.org/10.1371/journal.pone.0225936.g002
https://doi.org/10.1371/journal.pone.0225936.t007
https://doi.org/10.1371/journal.pone.0225936.g003
https://journals.plos.org/plosone/article/figure/image?size=medium&id=info:doi/10.1371/journal.pone.0225936.g002
https://journals.plos.org/plosone/article/figure/image?size=medium&id=info:doi/10.1371/journal.pone.0225936.t007
https://journals.plos.org/plosone/article/figure/image?size=medium&id=info:doi/10.1371/journal.pone.0225936.g003
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Influence of the components of disturbance and vegetation establishment

Peak stream power either in 2016 or during 2009–2016 was identified as the best fluvial disturbance predictor for most response
variables (10 and 8, respectively; S3 Table) and selected for multivariate modelling. The best correlate for total vegetation and
graminoid variables varied depending on the type of variable (species richness, distribution or abundance), while one single fluvial
disturbance variable was identified as the strongest correlate with other functional groups (S3 Table):

The influence of erosion and accumulation and the fluvial disturbance variables on vegetation variables was relatively low,
compared to other explanatory variables (Table 5; Table 6). Vegetation was found along the entire fluvial disturbance gradient, but
the probability of vegetation occurrence was negatively influenced by increasing fluvial disturbance. The probability decreased
sharply at around 5 W m  peak unit stream power (Fig 4). While the BRT methodology performs well in identifying the individual
effects of collinear predictors ([59]), the moderate collinearity effects between fluvial disturbance variables, litter volume and soil
organic matter may have masked some of the influence of the fluvial disturbance variables.

Fig 4. Vegetation along disturbance gradient.
The distribution of species presences and absences along the fluvial disturbance gradient (A) and the partial response curve
(when the influences of other predictors have been integrated out) for peak unit stream power in 2009–2016 in the total
species distribution model (B).
https://doi.org/10.1371/journal.pone.0225936.g004

The fluvial disturbance variable had a notable relative influence in the lichen, bryophyte and dwarf shrub models, particularly in the
species distribution models (Table 6). However, all functional groups occurred along the entire fluvial disturbance gradient (Fig 5).
Fluvial disturbance had a negative influence on the occurrence probability of all these functional groups (Fig 5). Bryophyte
occurrence probability decreased sharply at around the same disturbance level as that of the entire vegetation community (peak
unit stream power c. 5 W m ; Fig 5). Dwarf shrub occurrence probability decreased sharply already at lower disturbance levels
(peak unit stream power c. 3 W m ; Fig 5). Lichen occurrence probability was low closely after flood and increased steadily after
four years since previous flood (Fig 5). Based on these results, vegetation was expected to occur in large areas for example at the
point bars, while the potential areas for lichens were much narrower along the river valley (Fig 6).

Fig 5. Functional groups along disturbance gradient.

Lichens–Time since flood

Bryophytes–Peak stream power during 2009–2016

Forbs–Peak stream power in 2016

Dwarf shrubs–Peak stream power during 2009–2016

Shrubs–Peak stream power in 2016

-2

-2
-2

https://doi.org/10.1371/journal.pone.0225936.g004
https://journals.plos.org/plosone/article/figure/image?size=medium&id=info:doi/10.1371/journal.pone.0225936.g004
https://journals.plos.org/plosone/article/figure/image?size=medium&id=info:doi/10.1371/journal.pone.0225936.g005
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The distribution of lichen, bryophyte and dwarf shrub species presences and absences along the fluvial disturbance gradient
(A, C, E) and the partial response curve (when the influences of other predictors have been integrated out) for the fluvial
disturbance variable in the corresponding species distribution models (B, D, F).
https://doi.org/10.1371/journal.pone.0225936.g005

Fig 6. Spatial distribution of vegetation in relation to disturbance.
The distribution of vegetation in relation to peak unit stream power (A) and lichen distribution in relation to time since last flood
(B). “Full” BRT models predict the probability of vegetation occurrence to increase sharply when peak unit stream power falls
below 5 W m  (green and yellow areas). Lichen occurrence probability is predicted by the “full” BRT model to increase after
four years since last flood (green and yellow areas).
https://doi.org/10.1371/journal.pone.0225936.g006

Discussion
The study in a sub-arctic river valley suggests that the complexity of vegetation patterns of the riparian ecosystem can be efficiently
regenerated by correlative species richness, distribution and abundance models, when most important factors are incorporated into
the models (e.g. [5,6]). The analysis indicates, that the vegetation models may not be significantly improved (nor weakened) when
the commonly used proxy variable elevation is substituted with variables based on laser scanning and hydraulic modelling. This
may be a local or ecosystem-specific finding: in this data, all these factors (elevation, erosion and accumulation, fluvial disturbance
variables, solar radiation) had an overall weak influence on vegetation patterns, when compared to site productivity factors. In this
environment, certain vegetation communities grow in areas with a high amount of litter and organic matter in the soil and have
existed there undisturbed for many years (probably decades).

In our study area, the moderate multicollinearity effects between fluvial disturbance and site productivity variables may have led to
the underestimation of the influence of fluvial disturbance. This may be the case even though the BRT methodology is generally
well suited for dealing with collinearity ([59]). However, the incorporation of the biologically more meaningful variables instead of
proxies is justifiable in itself ([7,8]) and may facilitate transferring the results into other environments and locations. The
transferability into similar environments would be an interesting subject for further studies. In addition, in situ measurements of PAR
and light attenuation below canopy and soil analyses ensure that most relevant factors are accounted for when for example
examining the diversity-disturbance relationship or biotic interactions ([3,4,88]).

Our data illustrates that it is possible to derive multiple biologically relevant variables from mobile laser scanning data and hydraulic
modelling. These include solar radiation, peak water depth, peak unit stream power and time since last flood. These variables are
more useful than simplistic proxy variables (such as plot elevation that often correlates strongly with vegetation variables; e.g. [89])
in understanding the drivers of vegetation patterns. Moreover, the incorporation of multiple biologically meaningful variables instead
of one proxy may bring out some interesting processes and functional group differences ([12]).

Mobile laser scanning is a relatively cost-efficient method for producing precise elevation data and high-resolution DEMs in riparian
corridors ([54,55,65]), and can be easily repeated for an estimate of erosion and accumulation along the river banks ([57]).
Moreover, when time series of flow conditions are available (at least for the open water periods, which is relatively easy to
implement), hydraulic modelling allows the calculation of temporal variation in unit stream power and flood height ([57,58]), which
can be summarized into biologically meaningful variables. Unit stream power describes the rate of energy dissipation of water and
transported particles against the channel bed (and vegetation) per unit area ([40]). It therefore represents the intensity of
disturbance caused by flowing water and particles to vegetation ([41]). Peak water depth indicates if a plot has been inundated by
water, which causes e.g. anoxic stress to vegetation ([90]). In addition, water depth influences the severity of the stress ([91]).
Estimates of global radiation can be greatly improved by substituting coarse DEMs with laser scanning-based high-resolution DEM
(c.f. [61]).

The results indicate that litter abundance is the most important driver of vegetation patterns in this study setting ([92]). This
highlights the role of successional processes ([93]) at this spatial scale in a riparian environment. Based on the results, litter has a
uniformly positive effect on species richness, species occurrence probability and abundance in this sub-arctic ecosystem. The
effect may be opposite or more complex and species-specific in other (more productive) environments ([34,92]). In the river valley,
litter accumulates in areas with existing vegetation cover (thus, vegetation patterns influence the spatial patterns in litter volume,
not only vice versa). Slope and fluvial processes redistribute litter also on barren surfaces, facilitating the establishment of species
there ([34,92,93]). Since both disturbance and existing vegetation influence the distribution of litter, the effects of litter and
disturbance as well as the cause and effect in the litter-vegetation-relationship may be difficult to separate. In our data, the

-2

https://doi.org/10.1371/journal.pone.0225936.g005
https://doi.org/10.1371/journal.pone.0225936.g006
https://journals.plos.org/plosone/article/figure/image?size=medium&id=info:doi/10.1371/journal.pone.0225936.g006
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statistical association between litter and fluvial disturbance was not particularly strong (Rho |0.12|-|0.69| depending on the
disturbance variable). In addition to litter, soil organic matter and soil moisture are highly influential for the maintenance of
vegetation patterns in this study setting.

Expectedly, increasing fluvial disturbance decreases the chances of vegetation establishment in this environment. When examining
functional groups separately, this limiting pattern is clear for lichens, bryophytes and dwarf shrubs. This finding potentially reflects
the sensitivity of these functional groups to flooding and scouring ([50–52]). Intense fluvial disturbance would presumably limit
vegetation establishment across all functional groups, but site productivity is the limiting factor in the sub-arctic river valley, and
masks the effect of fluvial disturbance. Species richness and vegetation abundance decrease notably along the fluvial disturbance
gradient, but vegetation can be found along the entire fluvial disturbance gradient (above minimum shoreline level). Thus, we
cannot determine an absolute disturbance threshold that limits vegetation establishment. This is potentially caused by the presenc
of (few and scarce) extreme specialist species that tolerate high disturbance conditions (e.g. [12]). In addition, small favourable
patches with, for example, high amount of litter and optimal soil moisture conditions may facilitate the establishment of vegetation i
otherwise unfavourable disturbance conditions (e.g. [12,93]). This highlights the importance of interaction between site productivity
factors and disturbance in such extreme environments.

As we expect (e.g. [12,33,37]), the intensity of disturbance and the duration of the flood-free period are both influential in
determining vegetation patterns in this kind of riparian environment. Our results suggest that the length of the flood-free period is
more important than the intensity of the fluvial disturbance for lichens, while the intensity is more influential for other functional
groups. This difference may also be attributable to the sensitivity of lichen group to flooding (c.f. [50–52]). The results suggest, that
erosion and accumulation along the shoreline and slope processes along the river banks are not influential for vegetation patterns,
at least at the examined spatial and temporal scales. We hypothesize that this is due to the sudden and localised nature of mass
movements along the slopes and the gradual changes in the erosion and accumulation patterns along the channel.

What remains to be tested in future studies, laser scanning data and airborne photography could be even more fully utilised in
improving vegetation models. For example, laser scanning could be used in defining the friction parametrization of the hydraulic
model ([94]). In addition, combining airborne laser scanning data or photogrammetry point clouds with the mobile laser scanning
data has potential in expanding the DEM seamlessly to the river banks ([95]). Digital surface models, including the vegetation,
could be generated from multi-source laser scanning data for the river banks ([96,97]), which in turn could be used for taking into
account the shading effect of the canopy in densely vegetated areas ([98]). Vegetation metrics and even species distribution data
could be determined from suitable remotely sensed data (e.g. [97,98]). Measuring the river geometry each year would also enable
analysing annual erosion and accumulation ([55]), and it could be used as a changing hydraulic model geometry to enable more
accurate hydraulic modelling.

As previous literature shows, temperature influences vegetation patterns at the landscape scale ([25,26,99,100]). However, the
microclimatic variability in a river valley is more unpredictable and difficult to infer from elevation models. Thus, the influence of
temperature on vegetation patterns at this scale remains beyond the scope of this study. The incorporation of direct measurements
of the microscale variability of surface and topsoil temperature conditions could improve local-scale vegetation models even furthe

Conclusions
Correlative vegetation models are a useful tool for examining the drivers of vegetation patterns. Robust inference requires trying to
incorporate all important factors in the models and using biologically meaningful variables to quantify them. We demonstrate how in
situ measurements, mobile laser scanning and hydraulic modelling can be combined to quantify the key environmental patterns.
Our results from a sub-arctic river valley indicate that the correlative vegetation (vascular plant, bryophyte and lichen) models built
on these environmental variables succeed in predicting riparian vegetation patterns and highlighting differences between functiona
species groups.

Our results are in line with the common finding that elevation is a useful measure of relative position along the main local
environmental gradient and an effective predictor variable in vegetation models. However, using directly measured and modelled
variables allow relating vegetation patterns e.g. to stream power or the length of the flood-free period. Substituting a “practical prox
variable” with biologically relevant variables in correlative vegetation models raise important processes and may allow more precis
between-site comparisons.

The amount of litter is the dominant driver of local-scale variation of species richness, distribution and abundance across all
functional groups in this sub-arctic riparian environment. In addition, soil organic matter and soil water content are important factors
influencing vegetation patterns. Fluvial disturbance is a key limiting factor only for lichen, bryophyte and dwarf shrub species. The
long-term peak intensity of stream power is the most important component of disturbance for most functional groups, while the
length of the disturbance-free period is more relevant for lichens.

In conclusion, seeking biologically meaningful quantifications of environmental drivers may bring out important processes and
functional group differences related to vegetation patterns. Mobile laser scanning, high-resolution DEMs and hydraulic modelling
offer valuable solutions for improving correlative vegetation models. Thus, they allow us to better examine the vulnerability of
vegetation to environmental change and to project future vegetation patterns.

Supporting information
S1 Table. Input data for the analyses.
The field survey site is located in the lower Pulmanki River (N 69° 55.111', E 028° 01.664'; N 69° 56.281', E 028° 02.631').
https://doi.org/10.1371/journal.pone.0225936.s001
(XLSX)

S2 Table. Spearman rank correlations of potential predictor variables.
High correlations (|rho| ≥ 0.7) and highlighted with bold font.
https://doi.org/10.1371/journal.pone.0225936.s002
(XLSX)

S3 Table. Spearman rank correlation between response variables and fluvial disturbance variables.

https://journals.plos.org/plosone/article/file?type=supplementary&id=info:doi/10.1371/journal.pone.0225936.s001
https://doi.org/10.1371/journal.pone.0225936.s001
https://journals.plos.org/plosone/article/file?type=supplementary&id=info:doi/10.1371/journal.pone.0225936.s002
https://doi.org/10.1371/journal.pone.0225936.s002
https://journals.plos.org/plosone/article/file?type=supplementary&id=info:doi/10.1371/journal.pone.0225936.s003
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The highest value (and thus the fluvial disturbance variable selected for multivariate modelling for each response variable) is
highlighted with grey background colour. Peak water depth in 2016 and in 2009–2016 were not selected for any models and are
therefore not shown in this table.
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S4 Table. Moran’s I statistic and associated p-value for raw values and BRT model residuals.
The reduction in the significant spatial autocorrelation is shown before and after the inclusion of the dummy variable “distance alon
river”. Significant (p < 0.01) values are highlighted with grey background colour.
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(XLSX)

Acknowledgments
The Department of Geography and Geology and the Kevo Research Station, University of Turku provided laboratory facilities and
support for this study.

References
Robertson MP, Peter CI, Villet MH, Ripley BS. Comparing models for predicting species’ potential distributions: a case study using correlative and
mechanistic predictive modelling techniques. Ecological Modelling. 2003;164: 153–167.

Guisan A, Thuiller W. Predicting species distribution: offering more than simple habitat models. Ecology Letters. 2005;8: 993–1009.

Pearson RG, Dawson TP. Predicting the impacts of climate change on the distribution of species: Are bioclimate envelope models useful? Global Ecolog
and Biogeography. 2003;12: 361–371.

Dormann CF. Promising the future? Global change projections of species distributions. Basic and Applied Ecology. 2007;8: 387–397.

McGill BJ. Matters of scale. Science. 2010;328: 575–576. pmid:20431001

Austin MP, Van Niel KP. Improving species distribution models for climate change studies: variable selection and scale. Journal of Biogeography. 2011;38
1–8.

Austin MP. Spatial prediction of species distribution: an interface between ecological theory and statistical modelling. Ecological Modelling. 2002;157:
101–118.

Araújo MB, Guisan A. Five (or so) challenges for species distribution modelling. Journal of Biogeography. 2006;33: 1677–1688.

Naiman RJ, Décamps H, Pollock M. The role of riparian corridors in maintaining regional biodiversity. Ecological Applications. 1993;3: 209–212.
pmid:27759328

Meave J, Kellman M. Maintenance of rain forest diversity in riparian forests of tropical savannas: Implications for species conservation during Pleistocene
drought. Journal of Biogeography. 1994;21: 121–135.

Stohlgren T, Coughenour M, Chong G, Binkley D, Kalkhan M, Schell L, et al. Landscape analysis of plant diversity. Landscape Ecology. 1997;12: 155–
170.

Naiman RJ, Decamps H. The ecology of interfaces: Riparian zones. Annual Review of Ecology and Systematics. 1997;28: 621.

Pollock MM, Naiman RJ, Hanley TA. Plant species richness in riparian wetlands—A test of biodiversity theory. Ecology. 1998;79: 94–105.

Gould WA, Walker MD. Plant communities and landscape diversity along a Canadian Arctic river. Journal of Vegetation Science. 1999;10: 537–548.

Callaghan TV, Björn LO, Chernov Y, Chapin T, Christensen TR, Huntley B, et al. Biodiversity, distributions and adaptations of Arctic species in the contex
of environmental change. AMBIO. 2004;33: 404–417.

https://doi.org/10.1016/S0304-3800(03)00028-0
http://scholar.google.com/scholar?q=Comparing+models+for+predicting+species%E2%80%99+potential+distributions%3A+a+case+study+using+correlative+and+mechanistic+predictive+modelling+techniques+Robertson+2003
https://doi.org/10.1111/j.1461-0248.2005.00792.x
http://scholar.google.com/scholar?q=Predicting+species+distribution%3A+offering+more+than+simple+habitat+models+Guisan+2005
https://doi.org/10.1046/j.1466-822X.2003.00042.x
http://scholar.google.com/scholar?q=Predicting+the+impacts+of+climate+change+on+the+distribution+of+species%3A+Are+bioclimate+envelope+models+useful%3F+Pearson+2003
https://doi.org/10.1016/j.baae.2006.11.001
http://scholar.google.com/scholar?q=Promising+the+future%3F+Global+change+projections+of+species+distributions+Dormann+2007
https://doi.org/10.1126/science.1188528
http://www.ncbi.nlm.nih.gov/pubmed/20431001
http://scholar.google.com/scholar?q=Matters+of+scale+McGill+2010
https://doi.org/10.1111/j.1365-2699.2010.02416.x
http://scholar.google.com/scholar?q=Improving+species+distribution+models+for+climate+change+studies%3A+variable+selection+and+scale+Austin+2011
https://doi.org/10.1016/S0304-3800(02)00205-3
http://scholar.google.com/scholar?q=Spatial+prediction+of+species+distribution%3A+an+interface+between+ecological+theory+and+statistical+modelling+Austin+2002
https://doi.org/10.1111/j.1365-2699.2006.01584.x
http://scholar.google.com/scholar?q=Five+%28or+so%29+challenges+for+species+distribution+modelling+Ara%C3%BAjo+2006
https://doi.org/10.2307/1941822
http://www.ncbi.nlm.nih.gov/pubmed/27759328
http://scholar.google.com/scholar?q=The+role+of+riparian+corridors+in+maintaining+regional+biodiversity+Naiman+1993
https://doi.org/10.2307/2845467
http://scholar.google.com/scholar?q=Maintenance+of+rain+forest+diversity+in+riparian+forests+of+tropical+savannas%3A+Implications+for+species+conservation+during+Pleistocene+drought+Meave+1994
http://scholar.google.com/scholar?q=Landscape+analysis+of+plant+diversity+Stohlgren+1997
https://doi.org/10.1146/annurev.ecolsys.28.1.621
http://scholar.google.com/scholar?q=The+ecology+of+interfaces%3A+Riparian+zones+Naiman+1997
http://scholar.google.com/scholar?q=Plant+species+richness+in+riparian+wetlands%E2%80%94A+test+of+biodiversity+theory+Pollock+1998
https://doi.org/10.2307/3237188
http://scholar.google.com/scholar?q=Plant+communities+and+landscape+diversity+along+a+Canadian+Arctic+river+Gould+1999
https://doi.org/10.1371/journal.pone.0225936.s003
https://journals.plos.org/plosone/article/file?type=supplementary&id=info:doi/10.1371/journal.pone.0225936.s004
https://doi.org/10.1371/journal.pone.0225936.s004


12/9/2019 Improving distribution models of riparian vegetation with mobile laser scanning and hydraulic modelling

https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0225936#abstract0 14/18

View Article Google Scholar

16.

View Article PubMed/NCBI Google Scholar

17.

View Article Google Scholar

18.

View Article PubMed/NCBI Google Scholar

19.

View Article Google Scholar

20.

View Article Google Scholar

21.

View Article PubMed/NCBI Google Scholar

22.
View Article Google Scholar

23.
View Article Google Scholar

24.
View Article Google Scholar

25.
View Article Google Scholar

26.

View Article Google Scholar

27.

28.
View Article PubMed/NCBI Google Scholar

29.

View Article Google Scholar

30.
View Article Google Scholar

31.

View Article Google Scholar

32.
View Article Google Scholar

33.
View Article Google Scholar

34.
View Article Google Scholar

Saarela JM, Sokoloff PC, Bull RD. Vascular plant biodiversity of the lower Coppermine River valley and vicinity (Nunavut, Canada): an annotated checkli
of an Arctic flora. PeerJ. 2017;5: e2835. pmid:28194307

Keppel G, Van Niel KP, Wardell-Johnson GW, Yates CJ, Byrne M, Mucina L, et al. Refugia: identifying and understanding safe havens for biodiversity
under climate change. Global Ecology and Biogeography. 2012;21: 393–404.

Wood KA, Stillman RA, Clarke RT, Daunt F, O’Hare MT. Understanding plant community responses to combinations of biotic and abiotic factors in differe
phases of the plant growth cycle. PLoS One. 2012;7: e49824. pmid:23166777

Mansikkaniemi H, Mäki O. Paleochannels and recent changes in the Pulmankijoki valley, northern Lapland. Fennia—International Journal of Geography.
1990;168: 137–152.

Kasvi E, Vaaja M, Kaartinen H, Kukko A, Jaakkola A, Flener C, et al. Sub-bend scale flow–sediment interaction of meander bends—A combined approac
of field observations, close-range remote sensing and computational modelling. Geomorphology. 2015;238: 119–134.

Wisz MS, Pottier J, Kissling WD, Pellissier L, Lenoir J, Damgaard CF, et al. The role of biotic interactions in shaping distributions and realised
assemblages of species: implications for species distribution modelling. Biological Reviews. 2013;88: 15–30. pmid:22686347

Rykiel EJ. Towards a definition of ecological disturbance. Aust J Ecol. 1985;10: 361–365.

Poff NL. Why disturbances can be predictable—a perspective on the definition of disturbance in streams. J N Am Benthol Soc. 1992;11: 86–92.

Borics G, Varbiro G, Padisak J. Disturbance and stress: different meanings in ecological dynamics? Hydrobiologia. 2013;711: 1–7.

Guisan A, Zimmermann NE. Predictive habitat distribution models in ecology. Ecological Modelling. 2000;135: 147–186.

Soberon J, Peterson AT. Interpretation of models of fundamental ecological niches and species’ distributional areas. Biodiversity Informatics. 2005;2: 1–
10.

Kadereit JW, Körner C, Kost B, Sonnewald U. Strasburger − Lehrbuch der Pflanzenwissenschaften. Berlin, Heidelberg: Springer; 2014.

Körner C. Plant CO2 responses: an issue of definition, time and resource supply. New Phytologist. 2006;172: 393–411. pmid:17083672

Norby RJ, Zak DR. Ecological lessons from Free-Air CO2 Enrichment (FACE) experiments. Annual Review of Ecology, Evolution, and Systematics.
2011;42: 181–203.

Inauen N, Körner C, Hiltbrunner E. No growth stimulation by CO2 enrichment in alpine glacier forefield plants. Global Change Biology. 2012;18: 985–999

Bader MKF, Leuzinger S, Keel SG, Siegwolf RTW, Hagedorn F, Schleppi P, et al. Central European hardwood trees in a high‐CO2 future: synthesis of an
8‐year forest canopy CO2 enrichment project. Journal of Ecology. 2013;101: 1509–1519.

Grime JP. Control of species diversity in herbaceous vegetation. Journal of Environmental Management. 1973;1: 151–167.

Huston M. Ageneral hypothesis of species diversity. The American Naturalist. 1979;113: 81–101.

Facelli JM, Pickett STA. Plant litter: Its dynamics and effects on plant community structure. Botanical Review. 1991;57: 1–32.

http://scholar.google.com/scholar?q=Biodiversity%2C+distributions+and+adaptations+of+Arctic+species+in+the+context+of+environmental+change+Callaghan+2004
https://doi.org/10.7717/peerj.2835
http://www.ncbi.nlm.nih.gov/pubmed/28194307
http://scholar.google.com/scholar?q=Vascular+plant+biodiversity+of+the+lower+Coppermine+River+valley+and+vicinity+%28Nunavut%2C+Canada%29%3A+an+annotated+checklist+of+an+Arctic+flora+Saarela+2017
https://doi.org/10.1111/j.1466-8238.2011.00686.x
http://scholar.google.com/scholar?q=Refugia%3A+identifying+and+understanding+safe+havens+for+biodiversity+under+climate+change+Keppel+2012
https://doi.org/10.1371/journal.pone.0049824
http://www.ncbi.nlm.nih.gov/pubmed/23166777
http://scholar.google.com/scholar?q=Understanding+plant+community+responses+to+combinations+of+biotic+and+abiotic+factors+in+different+phases+of+the+plant+growth+cycle+Wood+2012
http://scholar.google.com/scholar?q=Paleochannels+and+recent+changes+in+the+Pulmankijoki+valley%2C+northern+Lapland+Mansikkaniemi+1990
https://doi.org/10.1016/j.geomorph.2015.01.039
http://scholar.google.com/scholar?q=Sub-bend+scale+flow%E2%80%93sediment+interaction+of+meander+bends%E2%80%94A+combined+approach+of+field+observations%2C+close-range+remote+sensing+and+computational+modelling+Kasvi+2015
https://doi.org/10.1111/j.1469-185X.2012.00235.x
http://www.ncbi.nlm.nih.gov/pubmed/22686347
http://scholar.google.com/scholar?q=The+role+of+biotic+interactions+in+shaping+distributions+and+realised+assemblages+of+species%3A+implications+for+species+distribution+modelling+Wisz+2013
https://doi.org/10.1111/j.1442-9993.1985.tb00897.x
http://scholar.google.com/scholar?q=Towards+a+definition+of+ecological+disturbance+Rykiel+1985
https://doi.org/10.2307/1467885
http://scholar.google.com/scholar?q=Why+disturbances+can+be+predictable%E2%80%94a+perspective+on+the+definition+of+disturbance+in+streams+Poff+1992
https://doi.org/10.1007/s10750-013-1478-9
http://scholar.google.com/scholar?q=Disturbance+and+stress%3A+different+meanings+in+ecological+dynamics%3F+Borics+2013
https://doi.org/10.1016/S0304-3800(00)00354-9
http://scholar.google.com/scholar?q=Predictive+habitat+distribution+models+in+ecology+Guisan+2000
https://doi.org/10.17161/bi.v2i0.4
http://scholar.google.com/scholar?q=Interpretation+of+models+of+fundamental+ecological+niches+and+species%E2%80%99+distributional+areas+Soberon+2005
https://doi.org/10.1111/j.1469-8137.2006.01886.x
http://www.ncbi.nlm.nih.gov/pubmed/17083672
http://scholar.google.com/scholar?q=Plant+CO2+responses%3A+an+issue+of+definition%2C+time+and+resource+supply+K%C3%B6rner+2006
https://doi.org/10.1146/annurev-ecolsys-102209-144647
http://scholar.google.com/scholar?q=Ecological+lessons+from+Free-Air+CO2+Enrichment+%28FACE%29+experiments+Norby+2011
https://doi.org/10.1111/j.1365-2486.2011.02584.x
http://scholar.google.com/scholar?q=No+growth+stimulation+by+CO2+enrichment+in+alpine+glacier+forefield+plants+Inauen+2012
https://doi.org/10.1111/1365-2745.12149
http://scholar.google.com/scholar?q=Central+European+hardwood+trees+in+a+high%E2%80%90CO2+future%3A+synthesis+of+an+8%E2%80%90year+forest+canopy+CO2+enrichment+project+Bader+2013
http://scholar.google.com/scholar?q=Control+of+species+diversity+in+herbaceous+vegetation+Grime+1973
https://doi.org/10.1086/283366
http://scholar.google.com/scholar?q=Ageneral+hypothesis+of+species+diversity+Huston+1979
https://doi.org/10.1007/BF02858763
http://scholar.google.com/scholar?q=Plant+litter%3A+Its+dynamics+and+effects+on+plant+community+structure+Facelli+1991


12/9/2019 Improving distribution models of riparian vegetation with mobile laser scanning and hydraulic modelling

https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0225936#abstract0 15/18

35.
View Article Google Scholar

36.

View Article Google Scholar

37.
View Article Google Scholar

38.
View Article Google Scholar

39.

View Article Google Scholar

40.
View Article Google Scholar

41.
View Article Google Scholar

42.

View Article Google Scholar

43.

View Article Google Scholar

44.
View Article Google Scholar

45.

View Article Google Scholar

46.

View Article Google Scholar

47.
View Article Google Scholar

48.

View Article PubMed/NCBI Google Scholar

49.

View Article Google Scholar

50.

View Article Google Scholar

51.
View Article Google Scholar

52.

View Article PubMed/NCBI Google Scholar

53.

Mod HK, Scherrer D, Luoto M, Guisan A, Scheiner S. What we use is not what we know: environmental predictors in plant distribution models. Journal of
Vegetation Science. 2016;27: 1308–1322.

Nylén T, Luoto M. Primary succession, disturbance and productivity drive complex species richness patterns on land uplift beaches. Journal of Vegetation
Science. 2015;26: 267–277.

Nilsson C, Grelsson G, Johansson M, Sperens U. Patterns of plant species richness along riverbanks. Ecology. 1989;70: 77–84.

Vartapetian BB, Jackson MB. Plant adaptations to anaerobic stress. Annals of Botany. 1997;79: 3–20.

Vervuren P, Blom C, De Kroon H. Extreme flooding events on the Rhine and the survival and distribution of riparian plant species. Journal of Ecology.
2003;91: 135–146.

Bull WB. Threshold of critical power in streams. GSA Bulletin. 1979;90: 453.

Bendix J. Stream power influence on southern Californian riparian vegetation. Journal of Vegetation Science. 1999;10: 243–252.

Beeson CE, Doyle PF. Comparison of bank erosion at vegetated and non-vegetated channel bends. Journal of the American Water Resources
Association. 1995;31: 983–990.

Araujo Calçada E, Lenoir J, Plue J, Broeckx L, Closset-Kopp D, Hermy M, et al. Spatial patterns of water-deposited seeds control plant species richness
and composition in riparian forest landscapes. Landscape Ecology. 2015;30: 2133–2146.

Bertness MD, Callaway R. Positive interactions in communities. Trends in Ecology & Evolution. 1994;9: 191–193.

Nylén T, le Roux PC, Luoto M. Biotic interactions drive species occurrence and richness in dynamic beach environments. Plant Ecology. 2013;214: 1455
1466.

Mod H, Heikkinen R, le Roux P, Väre H, Luoto M. Contrasting effects of biotic interactions on richness and distribution of vascular plants, bryophytes and
lichens in an arctic-alpine landscape. Polar Biol. 2016;39: 649–657.

Gurnell A. Plants as river system engineers. Earth Surface Processes and Landforms. 2014;39: 4–25.

Tewksbury JJ, Lloyd JD. Positive interactions under nurse-plants: Spatial scale, stress gradients and benefactor size. Oecologia. 2001;127: 425–434.
pmid:28547113

Ingerpuu N, Vellak K, Liira J, Pärtel M. Relationships between species richness patterns in deciduous forests at the north Estonian limestone escarpmen
Journal of Vegetation Science. 2003;14: 773–780.

Squires L, Van der Valk A G. Water-depth tolerances of the dominant emergent macrophytes of the Delta Marsh, Manitoba. Canadian Journal of Botany.
1992;70: 1860–1867.

Sand-Jensen K, Frost-Christensen H. Plant growth and photosynthesis in the transition zone between land and stream. Aquatic Botany. 1999;63: 23–35.

He JB, Bögemann GM, van de Steeg H M, Rijnders J, Voesenek L, Blom C. Survival tactics of Ranunculus species in river floodplains. Oecologia.
1999;118: 1–8. pmid:20135154

Kukko A, Andrei C, Salminen V, Kaartinen H, Chen Y, Rönnholm P, et al. Road environment mapping system of the Finnish Geodetic Institute–FGI
Roamer. Proceedings of the ISPRS Workshop Laser Scanning 2007 and SilviLaser 2007. 2007.

https://doi.org/10.1111/jvs.12444
http://scholar.google.com/scholar?q=What+we+use+is+not+what+we+know%3A+environmental+predictors+in+plant+distribution+models+Mod+2016
https://doi.org/10.1111/jvs.12232
http://scholar.google.com/scholar?q=Primary+succession%2C+disturbance+and+productivity+drive+complex+species+richness+patterns+on+land+uplift+beaches+Nyl%C3%A9n+2015
https://doi.org/10.2307/1938414
http://scholar.google.com/scholar?q=Patterns+of+plant+species+richness+along+riverbanks+Nilsson+1989
https://doi.org/10.1093/oxfordjournals.aob.a010303
http://scholar.google.com/scholar?q=Plant+adaptations+to+anaerobic+stress+Vartapetian+1997
https://doi.org/10.1046/j.1365-2745.2003.00749.x
http://scholar.google.com/scholar?q=Extreme+flooding+events+on+the+Rhine+and+the+survival+and+distribution+of+riparian+plant+species+Vervuren+2003
http://scholar.google.com/scholar?q=Threshold+of+critical+power+in+streams+Bull+1979
https://doi.org/10.2307/3237145
http://scholar.google.com/scholar?q=Stream+power+influence+on+southern+Californian+riparian+vegetation+Bendix+1999
https://doi.org/10.1111/j.1752-1688.1995.tb03414.x
http://scholar.google.com/scholar?q=Comparison+of+bank+erosion+at+vegetated+and+non-vegetated+channel+bends+Beeson+1995
https://doi.org/10.1007/s10980-015-0236-y
http://scholar.google.com/scholar?q=Spatial+patterns+of+water-deposited+seeds+control+plant+species+richness+and+composition+in+riparian+forest+landscapes+Araujo+Cal%C3%A7ada+2015
https://doi.org/10.1016/0169-5347(94)90088-4
http://scholar.google.com/scholar?q=Positive+interactions+in+communities+Bertness+1994
https://doi.org/10.1007/s11258-013-0266-y
http://scholar.google.com/scholar?q=Biotic+interactions+drive+species+occurrence+and+richness+in+dynamic+beach+environments+Nyl%C3%A9n+2013
https://doi.org/10.1007/s00300-015-1820-y
http://scholar.google.com/scholar?q=Contrasting+effects+of+biotic+interactions+on+richness+and+distribution+of+vascular+plants%2C+bryophytes+and+lichens+in+an+arctic-alpine+landscape+Mod+2016
https://doi.org/10.1002/esp.3397
http://scholar.google.com/scholar?q=Plants+as+river+system+engineers+Gurnell+2014
https://doi.org/10.1007/s004420000614
http://www.ncbi.nlm.nih.gov/pubmed/28547113
http://scholar.google.com/scholar?q=Positive+interactions+under+nurse-plants%3A+Spatial+scale%2C+stress+gradients+and+benefactor+size+Tewksbury+2001
http://scholar.google.com/scholar?q=Relationships+between+species+richness+patterns+in+deciduous+forests+at+the+north+Estonian+limestone+escarpment+Ingerpuu+2003
https://doi.org/10.1139/b92-230
http://scholar.google.com/scholar?q=Water-depth+tolerances+of+the+dominant+emergent+macrophytes+of+the+Delta+Marsh%2C+Manitoba+Squires+1992
https://doi.org/10.1016/S0304-3770(98)00107-7
http://scholar.google.com/scholar?q=Plant+growth+and+photosynthesis+in+the+transition+zone+between+land+and+stream+Sand-Jensen+1999
https://doi.org/10.1007/s004420050696
http://www.ncbi.nlm.nih.gov/pubmed/20135154
http://scholar.google.com/scholar?q=Survival+tactics+of+Ranunculus+species+in+river+floodplains+He+1999


12/9/2019 Improving distribution models of riparian vegetation with mobile laser scanning and hydraulic modelling

https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0225936#abstract0 16/18

54.

View Article Google Scholar

55.

View Article Google Scholar

56.

View Article Google Scholar

57.

View Article Google Scholar

58.

View Article Google Scholar

59.
View Article PubMed/NCBI Google Scholar

60.

View Article PubMed/NCBI Google Scholar

61.

View Article Google Scholar

62.
View Article Google Scholar

63.
View Article Google Scholar

64.

View Article Google Scholar

65.

View Article Google Scholar

66.

View Article Google Scholar

67.

View Article Google Scholar

68.

View Article Google Scholar

69.
View Article Google Scholar

70.
View Article Google Scholar

71.

72.

View Article Google Scholar

Hyyppä J, Jaakkola A, Hyyppa H, Kaartinen H, Kukko A, Holopainen M, et al. Map updating and change detection using vehicle-based laser scanning.
2009 Joint Urban Remote Sensing Event. 2009: 1–6.

Kasvi E, Vaaja M, Alho P, Hyyppä H, Hyyppä J, Kaartinen H, et al. Morphological changes on meander point bars associated with flow structure at
different discharges. Earth Surface Processes and Landforms. 2013;38: 577–590.

Lane SN, Westaway RM, Murray Hicks D. Estimation of erosion and deposition volumes in a large, gravel‐bed, braided river using synoptic remote
sensing. Earth Surface Processes and Landforms. 2003;28: 249–271.

Lane SN, Bradbrook KF, Richards KS, Biron PA, Roy AG. The application of computational fluid dynamics to natural river channels: three-dimensional
versus two-dimensional approaches. Geomorphology. 1999;29: 1–20.

Rodriguez J, Bombardelli F, García M, Frothingham K, Rhoads B, Abad J. High-resolution numerical simulation of flow through a highly sinuous river
reach. Water Resources Management. 2004;18: 177–199.

Elith J, Leathwick JR, Hastie T. A working guide to boosted regression trees. The Journal of Animal Ecology. 2008;77: 802. pmid:18397250

Main AR, Michel NL, Headley JV, Peru KM, Morrissey CA. Ecological and landscape drivers of neonicotinoid insecticide detections and concentrations in
Canada’s prairie wetlands. Environmental Science & Technology. 2015;49: 8367. pmid:26098364

Lassueur T, Joost S, Randin CF. Very high resolution digital elevation models: Do they improve models of plant species distribution? Ecological Modelling
2006;198: 139–153.

Hannam M, Moskal L. Terrestrial laser scanning reveals seagrass microhabitat structure on a tideflat. Remote Sensing. 2015;7: 3037–3055.

Billings WD. Arctic and alpine vegetations: Similarities, differences, and susceptibility to disturbance. BioScience. 1973;23: 697–704.

le Roux PC, Virtanen R, Heikkinen RK, Luoto M. Biotic interactions affect the elevational ranges of high‐latitude plant species. Ecography. 2012;35: 1048
1056.

Kukko A, Kaartinen H, Hyyppä J, Chen Y. Multiplatform approach to mobile laser scanning. ISPRS—International Archives of the Photogrammetry,
Remote Sensing and Spatial Information Sciences. 2012;XXXIX-B5: 483–488.

Gower ST, Kucharik CJ, Norman JM. Direct and indirect estimation of leaf area index, fAPAR, and net primary production of terrestrial ecosystems.
Remote Sensing of Environment. 1999;70: 29–51.

Vaaja M, Hyyppä J, Kukko A, Kaartinen H, Hyyppä H, Alho P. Mapping topography changes and elevation accuracies using a mobile laser scanner.
Remote Sensing. 2011;3: 587–600.

Kasvi E, Alho P, Lotsari E, Wang Y, Kukko A, Hyyppä H, et al. Two-dimensional and three-dimensional computational models in hydrodynamic and
morphodynamic reconstructions of a river bend: sensitivity and functionality. Hydrological Processes. 2015;29: 1604–1629.

Lewin J, Brewer PA. Predicting channel patterns. Geomorphology. 2001;40: 329–339.

Fu P, Rich PM. A geometric solar radiation model with applications in agriculture and forestry. Computers and Electronics in Agriculture. 2002;37: 25–35.

ESRI. ArcGIS Desktop. 2015;10.3.1.

Fielding AH, Bell JF. A review of methods for the assessment of prediction errors in conservation presence/absence models. Environmental Conservation
1997;24: 38–49.

http://scholar.google.com/scholar?q=Map+updating+and+change+detection+using+vehicle-based+laser+scanning+Hyypp%C3%A4+2009
https://doi.org/10.1002/esp.3303
http://scholar.google.com/scholar?q=Morphological+changes+on+meander+point+bars+associated+with+flow+structure+at+different+discharges+Kasvi+2013
https://doi.org/10.1002/esp.483
http://scholar.google.com/scholar?q=Estimation+of+erosion+and+deposition+volumes+in+a+large%2C+gravel%E2%80%90bed%2C+braided+river+using+synoptic+remote+sensing+Lane+2003
https://doi.org/10.1016/S0169-555X(99)00003-3
http://scholar.google.com/scholar?q=The+application+of+computational+fluid+dynamics+to+natural+river+channels%3A+three-dimensional+versus+two-dimensional+approaches+Lane+1999
http://scholar.google.com/scholar?q=High-resolution+numerical+simulation+of+flow+through+a+highly+sinuous+river+reach+Rodriguez+2004
https://doi.org/10.1111/j.1365-2656.2008.01390.x
http://www.ncbi.nlm.nih.gov/pubmed/18397250
http://scholar.google.com/scholar?q=A+working+guide+to+boosted+regression+trees+Elith+2008
https://doi.org/10.1021/acs.est.5b01287
http://www.ncbi.nlm.nih.gov/pubmed/26098364
http://scholar.google.com/scholar?q=Ecological+and+landscape+drivers+of+neonicotinoid+insecticide+detections+and+concentrations+in+Canada%E2%80%99s+prairie+wetlands+Main+2015
https://doi.org/10.1016/j.ecolmodel.2006.04.004
http://scholar.google.com/scholar?q=Very+high+resolution+digital+elevation+models%3A+Do+they+improve+models+of+plant+species+distribution%3F+Lassueur+2006
https://doi.org/10.3390/rs70303037
http://scholar.google.com/scholar?q=Terrestrial+laser+scanning+reveals+seagrass+microhabitat+structure+on+a+tideflat+Hannam+2015
https://doi.org/10.2307/1296827
http://scholar.google.com/scholar?q=Arctic+and+alpine+vegetations%3A+Similarities%2C+differences%2C+and+susceptibility+to+disturbance+Billings+1973
https://doi.org/10.1111/j.1600-0587.2012.07534.x
http://scholar.google.com/scholar?q=Biotic+interactions+affect+the+elevational+ranges+of+high%E2%80%90latitude+plant+species+le+Roux+2012
https://doi.org/10.5194/isprsarchives-XXXIX-B5-483-2012
http://scholar.google.com/scholar?q=Multiplatform+approach+to+mobile+laser+scanning+Kukko+2012
https://doi.org/10.1016/S0034-4257(99)00056-5
http://scholar.google.com/scholar?q=Direct+and+indirect+estimation+of+leaf+area+index%2C+fAPAR%2C+and+net+primary+production+of+terrestrial+ecosystems+Gower+1999
https://doi.org/10.3390/rs3030587
http://scholar.google.com/scholar?q=Mapping+topography+changes+and+elevation+accuracies+using+a+mobile+laser+scanner+Vaaja+2011
https://doi.org/10.1002/hyp.10277
http://scholar.google.com/scholar?q=Two-dimensional+and+three-dimensional+computational+models+in+hydrodynamic+and+morphodynamic+reconstructions+of+a+river+bend%3A+sensitivity+and+functionality+Kasvi+2015
https://doi.org/10.1016/S0169-555X(01)00061-7
http://scholar.google.com/scholar?q=Predicting+channel+patterns+Lewin+2001
https://doi.org/10.1016/S0168-1699(02)00115-1
http://scholar.google.com/scholar?q=A+geometric+solar+radiation+model+with+applications+in+agriculture+and+forestry+Fu+2002
https://doi.org/10.1017/S0376892997000088
http://scholar.google.com/scholar?q=A+review+of+methods+for+the+assessment+of+prediction+errors+in+conservation+presence%2Fabsence+models+Fielding+1997


12/9/2019 Improving distribution models of riparian vegetation with mobile laser scanning and hydraulic modelling

https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0225936#abstract0 17/18

73.

View Article PubMed/NCBI Google Scholar

74.

75.
View Article Google Scholar

76.
View Article PubMed/NCBI Google Scholar

77.

78.
View Article Google Scholar

79.

View Article Google Scholar

80.

81.

82.

83.

84.

85.

86.

87.

88.

View Article Google Scholar

89.

View Article Google Scholar

90.
View Article PubMed/NCBI Google Scholar

91.

View Article PubMed/NCBI Google Scholar

92.
View Article Google Scholar

93.
View Article Google Scholar

94.

View Article Google Scholar

95.

View Article Google Scholar

le Roux PC, Lenoir J, Pellissier L, Wisz MS, Luoto M. Horizontal, but not vertical, biotic interactions affect fine-scale plant distribution patterns in a low-
energy system. Ecology. 2013;94: 671–682. pmid:23687893

Franklin J, Miller JA. Mapping species distributions. Cambridge, UK: Cambridge University Press; 2009.

Friedman JH. Greedy function approximation: A gradient boosting machine. The Annals of Statistics. 2001;29: 1189–1232.

Moran PAP. Notes on continuous stochastic phenomena. Biometrika. 1950;37: 17. pmid:15420245

McCullagh PJ, Nelder JA. Generalized linear models. 2nd ed. London, UK: Chapman and Hall / CRC Press; 1989.

Hastie T, Tibshirani R. Generalized additive models. Statistical Science. 1986;1: 297–310.

Fotheringham AS, Charlton ME, Brunsdon C. Geographically weighted regression: A natural evolution of the expansion method for spatial data analysis.
Environment and Planning A: Economy and Space. 1998;30: 1905–1927.

R Development Core Team. R: a language and environment for statistical computing. 2017;3.4.1.

Hijmans RJ, Phillips S, Leathwick J, Elith J. dismo: Species distribution modeling. R package version 1.1–4. 2017. https://cran.r-
project.org/web/packages/dismo/index.html.

Greenwell B, Boehmke B, Cunningham J, GBM Developers. gbm: Generalized boosted regression models. R package version 2.1.3. 2017. https://cran.r
project.org/web/packages/gbm/index.html.

Paradis E, Blomberg S, Bolker B, Brown J, Claude J, Cuong CS, et al. ape: Analyses of phylogenetics and evolution. R package version 5.2. 2018.
https://cran.r-project.org/web/packages/ape/index.html.

Tyers M. riverdist: River network distance computation and applications. R package version 0.15.0. 2017. https://cran.r-
project.org/web/packages/riverdist/index.html.

Revelle W. psych: Procedures for psychological, psychometric, and personality research. R package version 1.8.10. 2018.

Wood S. mgcv: Mixed GAM computation vehicle with automatic smoothness estimation. R package version 1.8–24. 2018. https://cran.r-
project.org/web/packages/mgcv/index.html.

Bivand R. spgwr: Geographically weighted regression. R package version 0.6–32. 2017. https://cran.r-project.org/web/packages/spgwr/index.html.

Ovaskainen O, Hottola J, Siitonen J. Modeling species co-occurrence by multivariate logistic regression generates new hypotheses on fungal interaction
Ecology. 2010;91: 2514–2521.

Leong RC, Friess DA, Crase B, Lee WK, Webb EL. High-resolution pattern of mangrove species distribution is controlled by surface elevation. Estuarine
Coastal and Shelf Science. 2018;202: 185–192.

Voesenek Laurentius A C J, Bailey-Serres J. Flood adaptive traits and processes: an overview. New Phytologist. 2015;206: 57–73. pmid:25580769

Colmer TD, Winkel A, Pedersen O. A perspective on underwater photosynthesis in submerged terrestrial wetland plants. AoB PLANTS. 2011;2011:
plr030. pmid:22476500

Nilsson C, Xiong S, Johansson ME, Vought L. Effects of leaf-litter accumulation on riparian plant diversity across Europe. Ecology. 1999;80: 1770–1775.

Nilsson C, Grelsson G. The effects of litter displacement on riverbank vegetation. Canadian Journal of Botany. 1990;68: 735–741.

Cobby DM, Mason DC, Horritt MS, Bates PD. Two-dimensional hydraulic flood modelling using a finite-element mesh decomposed according to
vegetation and topographic features derived from airborne scanning laser altimetry. Hydrol Process. 2003;17: 1979–2000.

Flener C, Vaaja M, Jaakkola A, Krooks A, Kaartinen H, Kukko A, et al. Seamless mapping of river channels at high resolution using mobile LiDAR and
UAV-photography. Remote Sensing. 2013;5: 6382–6407.

https://doi.org/10.1890/12-1482.1
http://www.ncbi.nlm.nih.gov/pubmed/23687893
http://scholar.google.com/scholar?q=Horizontal%2C+but+not+vertical%2C+biotic+interactions+affect+fine-scale+plant+distribution+patterns+in+a+low-energy+system+le+Roux+2013
https://doi.org/10.1214/aos/1013203451
http://scholar.google.com/scholar?q=Greedy+function+approximation%3A+A+gradient+boosting+machine+Friedman+2001
https://doi.org/10.2307/2332142
http://www.ncbi.nlm.nih.gov/pubmed/15420245
http://scholar.google.com/scholar?q=Notes+on+continuous+stochastic+phenomena+Moran+1950
https://doi.org/10.1214/ss/1177013604
http://scholar.google.com/scholar?q=Generalized+additive+models+Hastie+1986
https://doi.org/10.1068/a301905
http://scholar.google.com/scholar?q=Geographically+weighted+regression%3A+A+natural+evolution+of+the+expansion+method+for+spatial+data+analysis+Fotheringham+1998
http://scholar.google.com/scholar?q=Modeling+species+co-occurrence+by+multivariate+logistic+regression+generates+new+hypotheses+on+fungal+interactions+Ovaskainen+2010
https://doi.org/10.1016/j.ecss.2017.12.015
http://scholar.google.com/scholar?q=High-resolution+pattern+of+mangrove+species+distribution+is+controlled+by+surface+elevation+Leong+2018
https://doi.org/10.1111/nph.13209
http://www.ncbi.nlm.nih.gov/pubmed/25580769
http://scholar.google.com/scholar?q=Flood+adaptive+traits+and+processes%3A+an+overview+Voesenek+2015
https://doi.org/10.1093/aobpla/plr030
http://www.ncbi.nlm.nih.gov/pubmed/22476500
http://scholar.google.com/scholar?q=A+perspective+on+underwater+photosynthesis+in+submerged+terrestrial+wetland+plants+Colmer+2011
https://doi.org/10.2307/176567
http://scholar.google.com/scholar?q=Effects+of+leaf-litter+accumulation+on+riparian+plant+diversity+across+Europe+Nilsson+1999
https://doi.org/10.1139/b90-097
http://scholar.google.com/scholar?q=The+effects+of+litter+displacement+on+riverbank+vegetation+Nilsson+1990
http://scholar.google.com/scholar?q=Two-dimensional+hydraulic+flood+modelling+using+a+finite-element+mesh+decomposed+according+to+vegetation+and+topographic+features+derived+from+airborne+scanning+laser+altimetry+Cobby+2003
https://doi.org/10.3390/rs5126382
http://scholar.google.com/scholar?q=Seamless+mapping+of+river+channels+at+high+resolution+using+mobile+LiDAR+and+UAV-photography+Flener+2013
https://cran.r-project.org/web/packages/dismo/index.html
https://cran.r-project.org/web/packages/gbm/index.html
https://cran.r-project.org/web/packages/ape/index.html
https://cran.r-project.org/web/packages/riverdist/index.html
https://cran.r-project.org/web/packages/mgcv/index.html
https://cran.r-project.org/web/packages/spgwr/index.html


12/9/2019 Improving distribution models of riparian vegetation with mobile laser scanning and hydraulic modelling

https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0225936#abstract0 18/18

96.

View Article Google Scholar

97.

View Article PubMed/NCBI Google Scholar

98.

View Article Google Scholar

99.

View Article Google Scholar

100.

View Article Google Scholar

Omasa K, Hosoi F, Uenishi TM, Shimizu Y, Akiyama Y. Three-dimensional modeling of an urban park and trees by combined airborne and portable on-
ground scanning LIDAR remote sensing. Environmental Modeling & Assessment. 2008;13: 473–481.

Puttonen E, Jaakkola A, Litkey P, Hyyppa J. Tree classification with fused mobile laser scanning and hyperspectral data. Sensors. 2011;11: 5158–5182.
pmid:22163894

Swatantran A, Dubayah R, Roberts D, Hofton M, Blair JB. Mapping biomass and stress in the Sierra Nevada using lidar and hyperspectral data fusion.
Remote Sensing of Environment. 2011;115: 2917–2930.

Karrenberg S, Kollmann J, Edwards PJ, Gurnell AM, Petts GE. Patterns in woody vegetation along the active zone of a near-natural Alpine river. Basic
and Applied Ecology. 2003;4: 157–166.

Schickhoff U, Walker MD, Walker DA. Riparian willow communities on the Arctic Slope of Alaska and their environmental relationships: A classification
and ordination analysis. Phytocoenologia. 2002;32: 145–204.

https://doi.org/10.1007/s10666-007-9115-5
http://scholar.google.com/scholar?q=Three-dimensional+modeling+of+an+urban+park+and+trees+by+combined+airborne+and+portable+on-ground+scanning+LIDAR+remote+sensing+Omasa+2008
https://doi.org/10.3390/s110505158
http://www.ncbi.nlm.nih.gov/pubmed/22163894
http://scholar.google.com/scholar?q=Tree+classification+with+fused+mobile+laser+scanning+and+hyperspectral+data+Puttonen+2011
https://doi.org/10.1016/j.rse.2010.08.027
http://scholar.google.com/scholar?q=Mapping+biomass+and+stress+in+the+Sierra+Nevada+using+lidar+and+hyperspectral+data+fusion+Swatantran+2011
https://doi.org/10.1078/1439-1791-00123
http://scholar.google.com/scholar?q=Patterns+in+woody+vegetation+along+the+active+zone+of+a+near-natural+Alpine+river+Karrenberg+2003
https://doi.org/10.1127/0340-269X/2002/0032-0145
http://scholar.google.com/scholar?q=Riparian+willow+communities+on+the+Arctic+Slope+of+Alaska+and+their+environmental+relationships%3A+A+classification+and+ordination+analysis+Schickhoff+2002

