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Background: The aim of the study was a statistical evaluation of the statistical relevance of potentially explanatory vari-
ables (atmospheric deposition, meteorology, geology, soil, topography, sampling, vegetation structure, land-use density,
population density, potential emission sources) correlated with the content of 12 heavy metals and nitrogen in mosses
collected from 400 sites across Germany in 2015. Beyond correlation analysis, regression analysis was performed using
two methods: random forest regression and multiple linear regression in connection with commonality analysis.

Results: The strongest predictor for the content of Cd, Cu, Ni, Pb, Zn and N in mosses was the sampled species. In
2015, the atmospheric deposition showed a lower predictive power compared to earlier campaigns. The mean pre-
Cipitation (2013-2015) is a significant factor influencing the content of Cd, Pb and Zn in moss samples. Altitude (Cu,
Hg and Ni) and slope (Cd) are the strongest topographical predictors. With regard to 14 vegetation structure measures
studied, the distance to adjacent tree stands is the strongest predictor (Cd, Cu, Hg, Zn, N), followed by the tree layer
height (Cd, Hg, Pb, N), the leaf area index (Cd, N, Zn), and finally the coverage of the tree layer (Ni, Cd, Hg). For forests,
the spatial density in radii 100-300 km predominates as significant predictors for Cu, Hg, Ni and N. For the urban areas,
there are element-specific different radii between 25 and 300 km (Cd, Cu, Ni, Pb, N) and for agricultural areas usually
radii between 50 and 300 km, in which the respective land use is correlated with the element contents. The popula-
tion density in the 50 and 100 km radius is a variable with high explanatory power for all elements except Hg and N.

Conclusions: For Europe-wide analyses, the population density and the proportion of different land-use classes up
to 300 km around the moss sampling sites are recommended.
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Background

For As, Cd, Ni, Pb and N, there is good evidence that
atmospheric deposition is one of the main factors for the
accumulation of substances in mosses [12, 26, 40]. The
level of these correlations varies from element to element
depending on the reference areas studied, such as par-
ticipating states or ecological spatial units [41-48]. For
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and indicate if changes were made.

the variance not explained by simple bivariate regression
(deposition, accumulation of substances in mosses), fur-
ther significant predictors could be identified and should
be regarded: The spatial density of various land-use
classes around the moss sampling sites (agricultural, for-
estry, urban-industrial, respective areal percentage), the
distance and height of adjacent tree stands, the distance
to the sea as an indicator of the sea spray effect, the popu-
lation density, the altitude above sea level as well as the
precipitation amount [11, 23, 24, 27, 31, 52]. In the Ger-
man Moss Survey (GMS) which is part of the European
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Moss Survey (EMS), so far potential influences of the
resuspension of mineral dust particles from neighbouring
areas [17] have not been investigated in detail. The same
holds true for the potential influence of the precipitation
amount during moss sampling, whereby it is expected that
due to leaching processes from the atmosphere especially
in highly polluted areas the element content increases
with the precipitation quantity [1, 16]. Based on the data
of the EMS2010, it was further shown that the spatial den-
sity of different land uses around the moss sampling sites
would have to be investigated in larger radii than hith-
erto (> 100 km) in order to determine the spatial extent of
influence in terms of correlations between element con-
tents and the respective land use [27]. It was also found
that the information on population density averaged for
the moss sampling sites did not sufficiently reflect the
real conditions there. Finally, results of deposition model-
ling [37] offer the opportunity to further substantiate the
investigation of potential predictors of element accumula-
tion in moss samples.

Against this background, the aim of the present study
was therefore the statistical evaluation of the signifi-
cance of a set of potentially explanatory variables for
the estimation of element contents in moss samples
that was updated and extended since the previous moss
survey in Germany. It is hypothesized that the atmos-
pheric deposition can be confirmed as most significant
predictor of element contents in moss samples. To this
end, the information on characteristics of the sampling
sites and its surroundings and other data (Table 1) were
analysed by means of multivariate statistics in order to
identify and rank potential factors influencing the ele-
ment contents in moss samples as well as to quantify
and test the statistical relationships for significance.
The investigation presented is the most comprehen-
sive study aiming at correlating elements accumulated
in moss samples due to atmospheric deposition. Ger-
many is the only participant of the European Moss Sur-
vey that realized a large GIS-database encompassing
not only element measurements from the surveys 1990,
1995, 2000, 2005, and 2015 but also data on character-
istics of moss sampling sites and their surroundings
which both can be integrated into statistical analysis. To
this end, we introduced CA into environmental moni-
toring. The database can be made available by the Ger-
man Environment Agency (Umweltbundesamt—UBA).

Materials and methods

Data

The empirical design of moss sampling and chemi-
cal analyses was detailed by Nickel & Schroder [26]
and Schroder et al. [45]. The resulting measurement
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values of 12 heavy metals (HM) and nitrogen (N) accu-
mulated in moss samples collected on 400 sites across
Germany in the summer of 2015 were used as target
variables of the statistical analyses. The set of descrip-
tors (= potential predictors) associated with the accu-
mulated element deposition examined comprises a set
of potentially explanatory variables, modified, updated
or extended from a technical point of view compared
to GMS2005, which were collected in the field accord-
ing to the Moss Manual [13] or derived from it or from
available data sources (Table 1).

Regarding the moss monitoring data, the limits of
quantification for the elements determined, as well
as the results of the quality control with the moss ref-
erence materials M2 and M3 [53], are published in
Schroder & Nickel [43]. With the exception of Cr
(recovery rate RR=14%, M3), the element concentra-
tions for M2 and M3 measured in this study did not
differ significantly from the respective reference val-
ues (RR <10%), meaning that the recovery rates were in
most cases above 90%. Except for Zn (M2), the mean
values of the measured heavy metal concentrations in
the reference material (M2, M3) are within the confi-
dence intervals reported by Steinnes et al. [53].

The collection of information about potential
descriptors from available data sources was performed
as follows: To determine the modelled heavy metal
deposition (Cd, Hg, Pb) at the moss sampling sites,
the site coordinates were spatially linked with the
50 km x 50 km deposition fields of the chemical trans-
port model EMEP/MSC-E [55]. The total deposition of
the year 2015 was used as well as the 3-year average of
the atmospheric total deposition, corresponding to the
3-year shoots taken according to the sampling guideline
(here: 2013-2015 for the GMS2015, since on the one
hand a better comparability with the LOTOS-EUROS
modelling was given and on the other hand EMEP
modelling was not yet available at the time of the evalu-
ation for the year 2016).! Accordingly, the modelled
nitrogen deposition for the year 2015 and the period
2013-2015 was determined? by spatial linkage with the
50 km x 50 km grid of the EMEP/MSC-W model [51],
specified for substance groups (N, NO,, NH,) and
deposition processes (dry, wet, total).

! EMEP/MSC East: http://www.msceast.org/index.php/pollution-assessment/
emep-domain-menu/data-hm-pop-menu (download 11.01.2018).

2 EMEP/MSC West: Data sets 2013 v2016, '2014; '2015 emis2014’ (for the
year 2015 only the models 2015 emis2014’ based on 2014 emission data
were available at the time of the study); http://emep.int/mscw/index_mscw.
html (download 06.12.2017).
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Table 1 Site- and regional-specific descriptors of the element content in the EMS2015
Descriptor Abbreviation® Unit
Atmospheric deposition
Average Cd, Hg, Pb deposition for the years 2013-2015 and 2015 (EMEP)P cd_dep1315, cd_dep15 [ug m~2a~]
hg_dep1315, hg_dep15
pb_dep1315, pb_dep15
Mean N-deposition of the years 2013-2015 and 2015 (EMEP)P N_1315, N_15 (see also explanations in Table 2) [mg m~2a "]

Mean N-deposition of the years 2013-2015 (LOTOS-EUROS)®
Meteorology

Local main wind direction®

Average annual rainfall®

Average rainfall of the last 3 or 90 days (before sampling)
Weather conditions®

Geology/Soil/Relief

Soil type, humus species, exposure® ¢

Source rock, soil type?
Thickness of the humus layer
Slope inclination®

Orographic height® <

Background values of HM content (As, Cd, Cr, Cu, Hg, Ni, Pb, Sb, V, Zn) in
topsoils (50th percentile)®

Sample extraction
Moss species, vegetation, occurrence, lime particles

Vegetation structure

Distance of the extraction site from the projection of the tree or shrub layer
of surrounding forests and shrubs (minimum, maximum, mean value)-

Height of the tree layer of surrounding forests and shrubs (minimum, maxi-
mum, mean)©

Degrees of coverage of the tree and shrub layer®

Leaf area index®
Potential emission sources

Spatial density of surrounding land uses (agricultural, forestry, urban-indus-
trial) in radii of 1, 5, 10, 25, 50, 75, 100, 150, 200, 250, 300 km around the
moss sampling pointb

Population density in radii 5, 50, 100 km around the moss sampling point®

LE_all_N (see also explanations in Table 2)

MainWindDirection
pre1315_gk

pre3 days, pre90 days
Weather

SoilTexture
HumusSpecies
SlopeDirection

HumusLayer
SlopeGradient
elev_eu_gk
HM_Ob50P

MossSpecies
SamplingFrom
Frequency
VisibleDustParticles

DistTreeCrownsAverage
DistTreeCrownsMin
DistTreeCrownsMax
DistShrubsAverage
DistShrubsMin
DistShrubsMax

TsLayerHeightAverage
TsLayerHeightMin
TsLayerHeightMax

TreeCoverage
ShrubCoverage
TreeShrubCoverage

LAI (=sLAl), LAI2 (=wLAl)

agr1-300
for1-300,urb1
—300

popdens5-100

(@]
3

m . NNJ
mag/kg]

Inhabitant




Nickel and Schroder Environ Sci Eur (2019) 31:80 Page 4 of 21
Table 1 (continued)
Descriptor Abbreviation? Unit
Distance to local emission sources (veg. free area, agricultural land, etc.), SDistNoneVegetationAreas m]
Surface area, Arable land, Stable, Detached house, Rural settlement, Urban  SDistAgriculturalAreas
settlement, Unstable. Road, small country road, large country/federal SDistAnimalFarmingUnits
road, railway, motorway, industry with high chimney, small industry, waste ~ SDistPloughedAgriculturalFields
incineration plant, landfill, thermal power plant, building site, raw material ~ SDistSingleHouses, SDistVillage
extraction®d SDistTown, SDistUnsealedRoads
SDistSmallPavedCountryRoads
SDistFederalRoads, SDistMotorways, SDistRailroadTracks
SDistIndustriesWithHighChimneys
SDistSmallindustries
SDistWastelncinerationFaculties
SDistDumpingGrounds
SDistCombustionEnergyPlants
SDistConstructionSites
SDistGravelPit
Distance to the sea (North Sea and Baltic Sea)® CDistSea [km]
Potential risk of erosion of arable soils by wind (1, 2, 5 km—radii)? pegwind_1-5 [0-5]

EMEP: Cooperative programme for monitoring and evaluation of the long-range transmission of air pollutants in Europe

LOTOS-EUROS: Open-source chemical transport model [22]
@ See also explanation of the abbreviations below

b Potential predictors derived from available data sources

¢ Accompanying information collected in the field according to ICP [Vegetation [13]]

4 Accompanying information derived from generally available data sources in accordance with the Sampling Directive (ICP [Vegetation [13]])

¢ Vegetation structure measures derived from c and d [42]

Further data on atmospheric N-deposition calculated
with the LOTOS-EUROS model (LE, [38, 39]) were
included: arithmetic averages specified for Ni,..;, NO,,
NH,, and deposition processes (dry, occult, wet, total) for
the period 2013-2015 (1 km x 1 km) were available. All
values of the LE model in Eq/ha/year were converted to
mgm 2a~' (1 Eq/ha/year=14mgm 2a™?).

The precipitation was calculated for Germany from
data of the German Weather Service (DWD)? as an arith-
metic mean of the annual totals of the 1 km x 1 km grid
of the monthly precipitation heights for the period 2013
to 2015 and thus updated compared to the previous cam-
paign. In addition, the mean precipitation of the period
three and 90 days prior to sampling was determined from
regionalized (1 kmx 1 km) data with daily resolution
[35].

The orographic height of the moss sampling points was
derived from the digital elevation model of the Shuttle
Radar Topography Mission (SRTM, 90 m x 90 m) using
its coordinates.*

In order to determine different spatial land-use den-
sities around the sampling sites, the land-use classes of
the Corine Land Cover 2012 [7] were grouped according

3 DWD Climate Data Center (CDC), annual sum of the monthly rainfall grids
for Germany, version v1.0: ftp://ftp-cdc.dwd.de/pub/CDC/grids_germany/
annual/.

* http://www2.jpl.nasa.gov/srtm/cbanddataproducts.html (download

01.09.2015).

to urban-industrial land use (111—continuously built-
up, 112—partially built-up, 121—industrial areas,
122—transport network, 123—port, 124—airport, 131—
mining areas, 132—Ilandfills, 133—building sites [14]);
agricultural land use (211—arable land, 212—irrigated
land, 213—rice crops, 221—vineyards, 222—fruit crops,
223—olive groves/plantations, 231—meadows and pas-
tures, 241—mixed areas of permanent and annual crops,
242—complex management, 243—arable land and fallow
land, 244—forest pastures) as well as forests and wood-
lands (311—deciduous forests, 312—coniferous forests,
313—mixed forests, 324—forest and bushes), and their
percentage shares were classified for radii of 1, 5, 10, 25,
50, 75 km (CLC 100 m x 100 m) as well as for radii of
100, 150, 200, 250, 300 km (CLC 250 m x 250 m) around
the 400 moss sampling sites of the GMS2015 by neigh-
bourhood analysis (ESRI ArcGIS Focal Statistics) and
subsequent spatial linkage with the moss survey network
geometries.

The population density was derived from avail-
able data of the Gridded Population of the World
(GPW, ~1 km x 1 km grid) of the year 2015 by averaging
each within 5, 50 and 100 km radii around the 400 moss
sampling sites.®

As an indicator for atmospheric transport from marine
emission sources [53], the smallest distance to the

> https://sedac.ciesin.columbia.edu/data/collection/gpw-v4.
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coastline of the North Sea and Baltic Sea was calculated
for each of the 400 moss sites in Germany. The distances
were then divided into ten distance classes: distances
between 0 and 10 km to the coast were assigned the value
1, those between 10 and 20 km were assigned the value
2, and so on. In order to minimize the overlapping of the
sea spray effect with other covariates such as elevation
above sea level, distances beyond 100 km to the coast
were assigned to a single class labelled with 11.

As an indicator of the influence of possible resuspen-
sion of mineral dust particles from neighbouring arable
land, the potential erosion hazard of arable land by wind
in Germany (1:1,000,000)° was selected. The arithmetic
mean of the potentially possible soil erosion by wind on
arable land (grid data set 250 m x 250 m) differentiated
as hazard classes 0-5 in radii of 1, 2 and 5 km around the
400 moss sampling sites of GMS2015 was determined
by neighbourhood analysis and assigned to the sampling
areas.

As a further indicator for the heavy metal accumulation
in moss samples, the 50th percentile of the background
values of the content of As, Cd, Cr, Cu, Hg, Ni, Pb, Sb,
V and Zn in topsoils was used. They were derived from
information on bedrocks, soil horizons, main types of
land use and settlement structures (data basis: Utilization
and climate region differentiated map of the groups of
soil source rocks in Germany 1:1,000,000) [3, 15].

All statistical analyses and modelling were carried out
using statistical packages from the R programme system
[28, 34]. The abbreviations used in the results figures and
tables for the predictors are listed at the end of this text.

Bivariate correlation analysis

Nonparametric correlation analyses (Spearman) were
performed for the element contents in moss samples (tar-
get variable) and the ordinal and metrically scaled vari-
ables contained in the descriptor set, and the results were
checked for significance (p <0.05).

Correlation coefficient (Spearman:)r;

63 (R — Ry)*
n(n?—1)

The correlation coefficients of the bivariate analysis
were interpreted according to Brosius [6] as very weak
(<0.2), weak (0.2 t0<0.4), medium (0.4 to<0.6), strong
(0.6 to <0.8), very strong (> 0.8).

© https://download.bgr.de/bgr/Boden/pegwind1000/geotiff/pegwind 1000.
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Random forest regression

In a first step, random forest (RF, [4]) was used for mul-
tivariate statistical analysing the statistical association
of the many potential predictors with the elements con-
tents in moss samples (Table 1). RF preceded the mul-
tiple linear regression (MLR, [36]), since it allows more
efficiently handling the numerous categorical variables
contained in the descriptor set compared to MLR. Fur-
ther, RF enables a limitation to significant categories for
subsequent MLR. RF is based on the aggregation of a
large number of decision trees. Depending on the scale
dignity of the dependent variable, each decision tree is a
classification or regression tree (CART, [5]), which deter-
mines the expressions of object characteristics that make
the statistical distribution of objects in the stages of a
target variable more homogeneous step by step through
a sequence of divisions of the respective set of objects
each into two subgroups [46—48]. Instead of generating
a single prediction model from all available data, as with
CART, RF typically generates ensembles of hundreds of
trees [32], using randomized subsets of the data and the
predictors (bags) to generate each tree. All RF trees are
generated untrimmed in maximum size (no pruning),
and the calculation results of all trees are included in
the aggregation (mode for classifications; mean value for
regressions).

Before the RF models were created, the contents of 12
HM and N in the moss samples (= target variables) were
tested for normal distribution (a=0.05) using the Shap-
iro—Wilk test [49], and, based on this, a log transforma-
tion of the target variables was carried out, if necessary,
for a given left skew. For the RF modelling, all cases of the
data set were used and missing values in the training data
set were completed by imputation (= Missing Data Tech-
nique). The number of variables to consider at each node
was set at one-third of the number of predictors [56]. The
decision on the quantity of trees to be formed was based
on diagrams in which continuously reduced numbers of
trees were plotted against assigned error rates according
to Eq. 2. Characteristic values of the model quality in RF
are usually determined on the basis of the out-of-bag data
(OOB data) removed from the training data set by rand-
omization [20]. The mean squared error (MSE) is calcu-
lated from the sum of the quadratic deviations between
measured values y; and estimated values y°°® divided by
the number of samples. Ideally, the MSE is 0.

1 2
Mean square error:MSEoop = — Z {yi - yl.OOB}
n

i=1
2)
A pseudo-R? (RSQ) is determined to indicate the per-
centage of the explained variance, whereby for the stand-
ard deviation SD the root of the uncorrected variance


https://download.bgr.de/bgr/Boden/pegwind1000/geotiff/pegwind1000

Nickel and Schroder Environ Sci Eur (2019) 31:80

with the sample size is used as divisor. The proportion of
explained variance is ideally 100%.

SD?
3)
In a third step, all RF models for the four standard ele-
ments of the Convention on Long-Range Transbound-
ary Air Pollution (Cd, Hg, Pb, N) and RF models with an
explained variance>20% were optimized by backward
selection until the predictors with the highest relevance
for the estimation of the element contents in moss sam-
ples were identified. In addition to the model quality
parameters mentioned above, two measurement values
of the relative variable weight common for RF models
were used for this purpose: The Increased Node Purity is
a measure for the total increase in the homogeneity of the
data set, which is caused by a split variable at all nodes of
the random forest and is calculated for each split variable
(= explanatory variable) as the mean increase in the Gini
index over all individual decision trees according to Eq. 4
[21].

Percentage of explained variance:RSQ[%] = 1 —

Homogeneity growth:IncNodePurity(Xm)
1
~ NT Z Z pE)Ai(st, 1) (4)

T teT:w(st)=Xm

With: Xm =explanatory variable; T'=decision tree;
t=node, NT=number of decision trees; i(t)=homo-
geneity measure (here: Gini index); p(£)Ai(st,£) =homo-
geneity increase at the single node; st=cut (split);
v(st) =split criterion.

Second, the percentage increase in the mean square
error (%IncMSE) was calculated by (1) randomly swap-
ping (“falsifying”) the expressions of one predictor while
retaining all other predictors, (2) repeating the proce-
dure for each predictor, (3) for each RF model falsified
by exactly one predictor, the mean square error (MSE)
according to Eq. 2 and finally (4) the percentage increase
in the mean square error (%IncMSE) is determined pre-
dictor-specifically by comparing the MSE of both mod-
els (unadulterated RF model; RF model falsified by the
respective predictor). The higher the %IncMSE is, the
higher the importance of the respective predictor in rela-
tion to the target variable is [9]. Explanatory variables of
minor importance for the prediction of the target vari-
ables were iteratively removed from the predictor set
by backward selection using the above parameters (Inc-
NodePurity, %IncMSE) in order to form the optimized
RF model with the highest proportion of the declared
variance (RSQ according to Eq. 3) using the statistics
program system R (R Core [34], Package “rattle”).
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Second, multiple linear regression (MLR) ([36], p 654)
was chosen for the quantitative analysis of the relation-
ships between the potential predictors and the element
contents in moss samples. For reasons of efficiency, the
categorical descriptors contained in Table 1 were lim-
ited to those that had already been identified as signifi-
cant predictors using RF. First, 13 regression models (12
HM, N) were created in a preliminary analysis taking
into account all metrically scaled variables using the total
sample (n=400), the multiple coefficient of determina-
tion (R%) was determined and, in addition to the mod-
els for the four standard elements of the Convention on
Long-Range Transboundary Air Pollution (Cd, Hg, Pb,
N), those models or elements were selected which exhib-
ited significant R*>0.45. The first step was to determine
the multiple coefficient of determination (R%). The mod-
els were optimized by backward selection so that they
only included significant predictors (p <0.05) in the ¢ test.
Finally, the influence of the above-mentioned categorical
predictors on the gradients and axis sections of the thus-
optimized linear models was investigated.

Multiple linear regression

For the interpretation of potential inter-correlations
between the predictors (multicollinearities), the regres-
sion models were further investigated using commonal-
ity analysis (CA) (R Core [34], Package “yhat”). CA makes
it possible to quantify the contribution of a predictor in
the MLR model in such a way that it can be compared
with the contributions of all other predictors [30, 54]. CA
determines the statistical relevance of each predictor for
explaining the variance by the model, expressed in mul-
tiple coefficient of determination R both for each pre-
dictor individually and in all combinations with the other
predictors [29]. The commonality coefficient (CC) serves
as a measure for the contribution of each individual pre-
dictor or each predictor in all predictor combinations to
the estimation of the target variables. The sum of the CCs
of all predictors and predictor combinations yields the R?
of the regression model. In the case of uncorrelated pre-
dictors, their importance for predicting the target size
can thus be assessed solely on the basis of the ranking
of the CC of predictors (CCUnique). In the case of mul-
ticollinearities, the CCs of the predictor combinations
(CCCommon) are essential indicators for assessing the
extent and structure of the common contribution to the
prediction of the target variables [25, 29, 33]. CCCom-
mon can also have negative values, especially if some of
the correlations between the predictors have negative
signs [30]. Negative CCCommon finally have a negative
effect on the level of CCTotal (=CCUnique +CCCom-
mon) as an expression of the proportion of the predictor
in multiple R?. For performance reasons, the CA had to
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be limited to those predictors that were already identified
by the MLR as significant predictors, even if a CA would
have provided another valuable source of information
for variable selection for all conceivable combinations of
variables.

Results and discussion

Bivariate correlation analysis

The bivariate statistical correlations between the descrip-
tors and the HM content in moss samples yields sig-
nificant weak to very weak correlations (Pb: r,=0.23;
Cd: r,=0.12) between the modelled atmospheric heavy
metal deposition (EMEP, mean of the years 2013-2015)
and the corresponding levels in the moss samples of the
2015 campaign, and no significant correlations for Hg
(Table 2). For the modelled deposition in 2015, the cor-
relations are lower (Pb) or equal (Cd) compared to the
average for the years 2013-2015.

Maximum statistical correlations between precipita-
tion and HM content in moss samples are found for Ni
(r,=0.32; mean of the last 90 days before sampling) and
for Pb (r,=0.23; mean of the last 3 years before sam-
pling). The 3-day average before sampling yields only very
weak significant correlations (Al, As, Cr, Fe, V) for a few
elements.

With respect to topographic parameters, orographic
elevation shows significantly weak negative correla-
tions with Cu and Zn contents (r,=—0.28 and —0.27,
respectively) and significantly weak positive correlations
(r,=0.35) with Ni content in moss samples.

The vegetation structure as potential predictor for
the small-scale variability of the HM content in moss
samples shows the highest significant correlations for
the mean distance to the projection of the tree crowns
(Cu: ryg=—0.35, Hg: —0.28, Zn: —0.22), but also for the
mean height of the tree layer (Cd, Cu, Hg, each weakly
positive). With the exception of Zn (simple leaf area
index, weakly positive), the significance of the leaf area
index clearly recedes.

The statistical relationship between the HM content
in moss samples and the percentage of agricultural
land around the sampling sites depends on the size of
the selected radius: The lower the agricultural den-
sity is in radii between 1 and 150 km around the col-
lection point, the higher the Al, Cd, Cr, Hg, Ni, Pb and
Sb contents are in moss samples. This is most evident
for Ni (r,=—0.24) and, with the exception of Pb, for
the investigated radii of 25-75 km. In contrast, the
higher the agricultural density in radii between 200 and
300 km, the higher the Cd, Cu, Hg, Pb, Sb and Zn con-
tents in moss samples. The strongest positive correla-
tion shows Pb within the 250 km radius (r,=0.21).
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The statistical correlations of the forest area percent-
ages prove to be element specific: Positive correlations
are found for Al, As, Cd, Cr, Ni and Pb, negative cor-
relations for Cu, Hg and Zn, in each case in relation to
the significant correlations. The strongest correlations
for Cd and Pb are found with respect to small radii
(1-5 km), for Cr and Ni with respect to medium radii
(100 km) and for Al, As, Cu, Hg, Ni, Zn with respect
to large radii (250-300 km) around the moss sampling
sites.

The spatial densities of urban-industrial uses show
positive correlations in nine of the 12 HM investigated
(Cd, Cr, Cu, Fe, Ni, Pb, Sb, V and Zn). With the exception
of Cd for the radii of 25-75 km, the strongest statistical
relationships can be detected. The highest correlation
coefficient for Pb for the radii 50 km and 75 km is r,=0.3.
For Cd, the larger radii (200-250 km) are relevant. Al and
Hg show no significant correlations, As negative very
weak correlations (300 km radius). The investigation of
the population density in different radii around the sam-
pling sites showed the comparatively strongest significant
positive correlations mostly with the population density
in the radius 50 km (Fe, Cr, Cu, Ni, Pb, V, Zn), at Cd in
the radius 5 km and at Sb in the radius 100 km. The high-
est correlation coefficient is obtained for Ni (r,=0.3).
There are no significant dependencies between Al, As
and Hg contents in moss samples and population density.

The distance of the sampling areas to potential local
emission sources showed remarkable significant corre-
lations only in a few cases: railway lines (Cu: r,=—0.23,
n=179; Zn: r,=—0.21, n=179), industrial installations
with high chimneys (Hg: r,=—0.32, n=109) and land-
fills (Zn: ry=—0.57, n=13).

The 50th percentiles of the HM background values in
topsoils only provide evidence for positive statistical rela-
tionship (r,=0.19) for Ni. All other HMs show no signifi-
cant or negative correlations supporting the thesis that
poikilohydry mosses do not absorb metals from soils.

The potential erosion risk of arable soils by wind (1,
2, 5 km radii) is proved to correlate at low level with
the content of Cu (r,=0.22; radius 5 km), Hg (r,=0.12;
radius 2 km) and Zn (r,=0.22; radius 5 km), while Al
Ni and Pb show negative correlations, strongest within a
radius of 5 km.

The descriptor “Distance to the sea (North Sea and
Baltic Sea)” shows exclusively significant relations with
the HM contents except for Fe, Hg, Sb and V. The direc-
tion of the correlation is different depending on the
element: negative correlations exist for Cu and Zn, posi-
tive correlations in all other cases. The negative correla-
tions—at least for Cu and Zn—are consistent with earlier
investigations by Berg et al. [2], according to which sea
salt cations (Ca, Mg) introduced into ecosystems can
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influence the bioaccumulation of As, Cd, Cu, Pb, V and
Zn in moss samples by competing with the heavy metals
at the exchange sites in the moss tissue and thus compe-
tition from sea salt ions can lead to underestimation of
atmospheric deposition [57]. The statistical relationships
between the descriptors examined and the nitrogen con-
tent in the moss samples are summarized in Table 3.

There are significant correlations only with the EMEP
total depositions calculated for the year 2015 (r,=0.11).
The highest correlations result with respect to the wet
deposition of oxidized nitrogen (r,=0.27). For the
N-deposition calculated with LOTOS-EUROS (LE, aver-
age of the years 2013-2015), the correlations are higher
compared to EMEP. The strongest dependence on the
N content in moss samples is in the proportion of wet
N-deposition (r,=0.31). For dry deposition this is also
significantly positive (r,=0.24), and for occult deposition
it is significantly negative (r,=—0.22). There is a weak
significant relationship (r,=0.28) to the total deposition
weighted according to the proportion of use in each LE
grid.

The mean rainfall (3 years or 90 days before sampling)
indicates very weak negative correlations. With increas-
ing orographic height, the N contents in the moss sam-
ples decrease significantly (r,=— 0.34).

With regard to the influence of the canopy drip effect
on the N content in moss samples, significantly weak
relationships to the mean distance from neighbouring
trees (ry=—0.4) and to the mean height of the tree layer
(ry=0.3) are formed. The correlations with the leaf area
index (LAI), on the other hand, are clearly receding, as
is the case with heavy metals. In comparison with the
results of the investigations of the canopy drip effect [42,
45], this is surprising, since the significance of the leaf
area index for the prediction of contents in the moss sam-
ples was higher than for the height and distance of adja-
cent tree stands. It is important to emphasize that this
only applies to the relationships between the quotients of
the pairwise combined location categories (eaves, semi-
eaves and open land locations) in the small-scale studies
on the canopy drip effect. Probably the quotients more
adequately reflect the small-scale varying canopy drip
effect and are not superimposed by other large-scale var-
ying influencing variables (e.g. land use).

The spatial densities of different land-use classes
around the moss sampling sites show significant posi-
tive relationships for the proportion of agricultural land
in the radii 1-150 km with comparatively highest cor-
relation coefficients in the 5 and 10 km radius (r; 0.26
each). For all radii 1-300 km, there are significant nega-
tive correlations with a maximum for the radius 200 km
(ry=0.41). There are no significant correlations with the
density of urban-industrial uses or population density.
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The significant positive correlation between the N con-
tent in the moss samples and the characteristic value
for the potential erosion hazard of the arable soils by
wind is remarkable (1 km: r,=0.34; 2 km: r,=0.34;
5 km: r,=0.35). Evidence for technically plausible sig-
nificant dependencies of the N content in moss sam-
ples on the distances to potential emission sources was
found for: arable land (ry=—0.13, n=247) and build-
ing sites (r,=—0.94, n=6). All other descriptors do not
provide significant or implausible results. For the dis-
tance to the sea, the N contents in the moss samples, as
for Cu and Zn, indicate a significant negative correlation
(r,=—0.28).

Regression and random forest models

RF models with RSQ > 20% (=proportion of the
explained variance) result for the six heavy metals Cd,
Cu, Hg, Ni, Pb, Zn and for nitrogen (Table 4). The MLR
models for Cd, Cu, Hg, Ni, Pb, Zn, and N show R?* >
0.2 (Table 5). The RF and MLR models with the high-
est explanatory power were reached by using the log-
transformed HM contents in moss samples. For Al, As,
Cr, Fe, Sb and V, the preliminary analysis with RF had
RSQ<20%, so that these were not used for statistical
modelling (RF, MLR). The comparative element-specific
consideration of both regressions results in the following
findings.

Cd—Cadmium

The proportion of variance explained by the RF model
is RSQ=31% (Additional file 1: Figure S1); the coef-
ficient of determination of the MLR model R*=0.36
(Table 5), i.e. approx. 36% of the variance of the Cd con-
tent in moss samples, is explained by multiple linear
regression. The strongest predictor in both models is the
moss species (Additional file 1: Figures S1 and S2). This
is indicated by the characteristic values of the relative
importance of the predictors of the RF model (Increased
Node Purity, Increased MSE) and in the commonal-
ity coefficient (CC) of the MLR model. After logging
off the three moss species-specific axis sections of the
MLR model shown in Table 5, it can be seen that the ele-
ment contents in Plesch are estimated by the Cd model
to be —33% lower than in Hypcup and Psepur, i.e. the
entire linear model for Plesch always shifts the values of
the target variables significantly by —33%. A significant
predictor (RE, MLR) is the population density in 100 km
around the moss sampling sites, not the population den-
sity in the radius of 5 km or 50 km. The higher the pop-
ulation density is within a radius of 100 km, the higher
the Cd content is in moss samples, which indicates the
influence of urban emissions. This finding initially seems
to correspond with the relatively strong significance of
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Table3 Correlation  coefficients (Spearman) for the
relationship between nitrogen content in moss samples
and the selected descriptor set

Descriptors N
N_15 0.11*

N_dry_ox15 —0.19%*
N_wet_ox15 0.27%*
N_tot_ox15 0.13*

N_wet_red15 0.17**
N_tot_red15 0.11*

LE_all_NH4 0.21**
LE_all_N 0.28**
LE_all_NH4 0.30**
LE_dryall_N 0.24**
LE_dryall_NH4 0.26%*
LE_occultall_N —0.22%*
LE_occultall_NH4 —0.21%
LE_occultall_NO3 —0.24%*
LE_wet_N 0.31%*
LE_wet_NH4 0.32**
LE_wet_NO3 0.20%*
pre1315_gk —0.13*

pre90 days —0.17**
SlopeGradient —0.19**
elev_eu_gk —0.34%
DistTreeCrownsAverage —040**
DistTreeCrownsMin —0.38**
DistTreeCrownsMax —0.39%
DistShrubsAverage —0.18**
DistShrubsMax —0.24**
TsLayerHeightAverage 0.30%*
TsLayerHeightMin 0.20**
TsLayerHeightMax 0.17**
ShrubCoverage —0.12%

LAI 0.16**
agril 0.22%*
agrs 0.26**
agrio 0.26**
agr25 0.24**
agr50 0.24%*
agr7s 0.20**
agr100 0.18**
agriso 0.15%*
forl —0.17**
for5 —0.26%*
for10 —0.29**
for25 —0.31**
for50 —0.35**
for75 —0.34**
for100 —0.34**
for150 —0.37**
for200 —041%
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Table 3 (continued)
Descriptors N
For250 —040**
for300 —0.39**
SDistPloughedAgriculturalFields —0.13*
SDistUnsealedRoads 0.18**
SDistFederalRoads 0.16*
SDistRailroadTracks —017*%
SDistConstructionSites —0.94*
CDistSea —0.28**
pegwind_1 0.34%*
pegwind_2 0.34**
pegwind_5 0.35%

Significance codes: *=0.05; **=10.01

the spatial density of urban-industrial uses in the radius
75-300 km with the strongest signal at 150 km around
the sampling point (RF, MLR). In the MLR model, how-
ever, the relationship proves to be less significant com-
pared to population density and above all negative, i.e.
the higher the urban area share, the lower the Cd con-
tent in moss samples. In both models, the agricultural
area within a radius of 300 km around the sampling sites
also has a high explanatory power with a significantly
positive relationship to the Cd contents in moss samples.
In the RF model, the precipitation quantity 2013-2015
has a high variable weight, in the MLR model, higher
Cd contents are observed with higher precipitation.
Two other variables that can be associated with the fil-
tering effect of the trees can also be assigned medium
importance as explanatory variables: the simple leaf area
index (LAI, derived from surrounding land use) and the
stand height. It is noteworthy that the predictive force
of the modelled Cd deposition recedes—as was already
the case with correlation analysis. In the RF model, the
total deposition (EMEP; mean of the years 2013-2015)
still shows an average relative variable weighting; in the
MLR model, it is no longer included as a predictor. Fur-
ther predictors with a comparatively low but significant
influence on the Cd contents in the moss samples form:
the mean rainfall of the last 90 days before sampling, the
agricultural and forested area in 5-10 km and the for-
ested area in 250-300 km around the moss sampling
sites, the mean distance to the projection of the canopy
of adjacent tree stands, the degree of tree cover and
the slope of the sampling sites as well as the substrate
from which the moss samples were collected (soil, tree
stump).
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Table 4 Characteristics of the random forest models for the relationship between the log-transformed (In) HM contents
and N contents in moss samples and the predictors given in the following figures

Predictors model

Target variable (element content in moss samples)

parameters

InCd InCu In Hg In Ni In Pb InZn N
N 400 400 400 400 400 400 400
ntree 500 500 500 500 500 500 500
mtry 3 4 3 3 3 2 3
Model quality indices
MSE 0.1882 0.0774 0.1878 0.2239 0.2617 0.077 0.0992
RSQ 30.70 4162 19.83 34.50 21.99 38.71 50.18

In log-transformed values, n sample size, ntree number of regression trees in the random forest model, mtry number of variables used for each split, MSE mean

squared residuals, RSQ share of explained variance

Cu—copper

With an RSQ of 42%, the RF model for copper shows the
second highest explanatory power after nitrogen among
the seven RF models presented in this article (Table 4).
The same applies to the MLR model with an R? of 0.38
(Table 5). The variables with the comparatively highest
predictive force in both models are the maximum dis-
tance to adjacent tree populations (negative), the density
of forest use in a radius of 300 km (negative) and the pop-
ulation density in a radius of 50 km around the moss col-
lection point (positive) (Additional file 1: Figures S3 and
S4). This indicates, above all, the influence of the canopy
drip effect and the influence of urban emissions. There is
also a significant dependence with the moss species. For
the same characteristic values, the estimation model of
multiple linear regression always yields 14% higher Cu
contents in Plesch and 18% higher Cu contents in Psepur
than in Hypcup (Table 5). Further predictors with rather
subordinate relative importance in the RF model are the
orographic height, the spatial density of urban-industrial
uses (75-300 km), the humus species and the mean pre-
cipitation (90-day average).

Hg—Mercury

The share of the total variance of Hg accumulation in the
moss samples explained by the RF model is RSQ=20%
(Table 4). It is similar to the MLR model with R?=0.21
(Table 5). The 90-day average precipitation height proves
to be a strong predictor in both models (Additional file 1:
Figures S5 and S6), whereby the Hg content in the moss
samples decreases significantly with increasing precipi-
tation, which could be associated with leaching effects.
In addition, in the RF model the proportion of agricul-
tural land within the radius of 50 km has a high variable
weight, and within the MLR model in the radius of 75 km
at least an average relative variable weight. A low-to-
medium predictive force is the forest density in the radius
75-300 km (RF) and 75-200 km (MLR). With regard to

all other predictors, the results of the regression analysis
differ significantly: While the random forest regression
reveals the mean distance to adjacent tree populations,
the orographic height and the modelled total deposition
(EMEP; mean of the years 2013-2015) as influencing fac-
tors. The multiple linear regression reveals the height of
the tree layer, the wood cover of the extraction area and
the moss species. This means that in both models dif-
ferent indicators of the vegetation structure play a role,
which reflects the relevance of the canopy drip effects
on the Hg contents in moss samples. The multiple linear
regression results in a moss species-dependent shift of
the logarithmic intercept of Plesch by —13% and of Pse-
pur by — 18% compared to Hypcup (Table 5).

Ni—Nickel

According to the indicators of goodness of fit of both
models (RF: RSQ=35%; MLR: R?>=0.32), approx.
32-35% of the total variance is explained by the selected
predictors (Tables 4 and 5). The strongest dependence
of the Ni contents in the moss samples exists with the
moss species. In the MLR model, the moss species as a
categorical variable reduces the axis section by —31%
compared to Hypcup at Plesch and by —39% at Psepur,
calculated on the basis of the logarithmic values from
Table 5. Another strong predictor is the density of forest
use in 100 km around the moss sampling sites (RF, MLR)
(Additional file 1: Figures S7 and S8), where the higher
the proportion of forest area, the higher the Ni con-
tents. Similarly, in both models population density has
a strong influence on Ni contents in moss samples, with
the radius 50 km in the RF model and the radius 100 km
in the MLR model having the relatively largest variable
weight. The positive correlation illustrates the influence
of urban emissions on the Ni contents in moss samples.
RF shows a subordinate variable significance for the oro-
graphic height and the density of urban-industrial uses in
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Table 5 Characteristics of the MLR models for the relationship between the log-transformed (In) HM contents and N
concentrations in mosses and the predictors

Variable Target variable (element content in moss samples)
InCd InCu In Hg In Ni In Pb InZn N
Axis intercept (intercept)
MossSpecies:Hypcup —4.1259%** 2.1396%** —2.8503%** — 0.6498*** — 1.0461%* 3.2543%% 1.4662%**
MossSpecies:Plesch —4.5237%** 2.2703%%* —2.9865* — 1.0266%** — 1.29871%** 3.2504 1.3841
MossSpecies:Psepur —4.1519 2.3067%%* — 3.0545%** — 1.1412%** — 1.398%** 3.569%%* 1.68%**
Slope (slope)
agrs 1.0823*
agr10 — 1.4968**
agr7s —0.8641%** —5.2626%**
agr100 47779
agr150 —2.8215%* —0.7759**
agr200 5.0957%**
agr300 3.8929%**
CDistSea —0.0402**
DistTreeCrownsAverage —0.0042** —0.0078***
DistTreeCrownsMax —0.0078***
for5 1.379%* 0.3196***
for10 — 1.6679%** 0.9194** —0.5501%**
for25 — 1.6428%**
for50 — 1.56%**
for75 —4.8525%**
for100 6.0917%** 3.7169%**
for200 —2.3588%**
For250 —5.6749% — 1.135%* — 5.5023%**
for300 4.8276* — 1.43527%* 5.0524%*
LAI 0.03327%**
LAI2 0.0315** 0.0346***
LE_all_N 0.0016***
LE_all_NH4 —0.0017%**
pegwind_]1 0.1112%*
popdens100 0.0017%** 0.0074%**
popdens5 —0.0003* —0.0003**
popdens50 0.0007*** 0.0004***
pre1315_gk 0.0005*** 0.0009***
pre90 days —0.0068***
ShrubCoverage —0.0046**
SlopeGradient 0.0078**
TreeCoverage —0.004*
TreeShrubCoverage 0.0067** 0.0028**
TsLayerHeightAverage 0.0082** 0.0714***
TsLayerHeightMin 0.0085** 0.0117%**
urb1 0.92771**
urb10 1.5446**
urb25 2.575%%* —1.2321%*
urb150 —4.7086*
Model quality indices
DF 369 381 385 393 386 379 386
RSE 04285 0.289 04383 04849 04797 0.2863 0.3451
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Table 5 (continued)
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Variable Target variable (element content in moss samples)
InCd InCu In Hg In Ni In Pb InZn N
R’ 036 0.38 0.21 032 0.32 0.36 042
adjR2 033 037 0.19 0.31 0.31 0.35 040

In log-transformed values, DF degree of freedom, RSE root of residual standard error, R2 coefficient of determination, adjR2 corrected coefficient of determination

Significance codes: *=0.05; **=0.01; ***=0.001

the radii 75 and 150 km and the MLR for the distance to
the sea.

Pb—Lead

The quality indices of both models differ significantly
with RSQ=22% (RF) and R>=0.32 (MLR) (Tables 4 and
5). Nevertheless, there are similarities between the two
models with regard to the strongest prediction for the Pb
content in moss samples: precipitation (3-year average),
urban-industrial area within a radius of 25 km around
the moss sampling point and the type of moss (Addi-
tional file 1: Figures S9 and S10). On average, higher Pb
values can be seen here with higher precipitation and
higher density of urban-industrial uses, which indicates
the influence of urban emissions. The moss-specifically
determined axis sections of the MLR model show that
the Pb content is always estimated to be —22% lower for
Plesch and —30% lower for Psepur than for Hypcup. This
is followed by the percentage of agricultural land within
radii of 200-300 km (RF) and 150-200 km (MLR), the
percentage of urban land within radii of 50-75 km (RF)
and 1 km (MLR) and the population density within a
radius of 100 km (RF) and 5 km (MLR). The proportion
of agricultural land in the 150 km radius shows a negative
relationship in the MLR model and a positive relationship
in the 200 km radius, which makes it difficult to interpret
the opposite gradients. Further significant, but rather
subordinate, influences on the target variable result from
the 90-day average of the precipitation sum (RF) and the
minimum stand height of surrounding groves (MLR).
The modelled atmospheric deposition plays no role in
either model.

Zn—Zinc

The variance of the Zn content in moss samples is
explained by the predictors remaining after backward
selection to 39% for RF (RSQ=39%) and to 36% for
MLR (R?=0.36) (Tables 4 and 5). The predictors with the
strongest explanatory power in both models are the den-
sity of forest use within radii 250-300 km (RF, MLR), the
population density within 100 km (RF) or 50 km (MLR)
and the moss species. The MLR shows that a high pro-
portion of forest and a low population density within the

relevant radii mean lower Zn bioaccumulation. In addi-
tion, the MLR model estimates element contents in Pse-
pur to be 37% higher than Hypcup and Plesch. In the RF
regression, the precipitation amount (3-year average) and
the agricultural area portion (300 km) are characterized
by a mean variable weight (Additional file 1: Figure S11).
In the ML regression, this is true for the mean distance
to adjacent treetops and the wind erosion sensitivity of
the soils within a 1-km radius around the moss sampling
sites (Additional file 1: Figure S12). Further significant
predictors, however, with comparatively low common-
ality coefficients, are the urban-industrial use within a
radius of 10 km and the weighted leaf area index derived
from the surrounding land use and the wood cover of the
sample sites.

N—nitrogen

The regression models for nitrogen show the highest
quality of fit with RSQ=50% (RF) and R*=0.42 (MLR)
compared to the metals (Tables 4 and 5). The explained
variance is higher, since N is involved as a macronutrient
element in numerous metabolic processes in mosses [10].
In both models, the density of forest uses (250-300 km)
and the type of moss (Additional file 1: Figures S13 and
S14) have the highest variable significance. For Psepur,
the MLR always results in 15% higher N content in the
moss samples than for Hypcup and Plesch. In the RF
regression, the population density in 100 km around
the sampling point is of highest importance for the esti-
mation of the N content in moss samples, whereas in
the MLR model it is of no importance. The distance to
treetops has a high variable significance in the RF model
and a medium variable significance in the MLR model,
whereby the N content in the moss samples decreases
with increasing distance. This illustrates the influence
of the canopy drip effect on the N content in moss sam-
ples. Atmospheric deposition (LE, mean total deposition
of the years 2013-2015) is of only medium importance
in both models. In the RF model, the weighted leaf area
index (LAI2), the degree of coverage of the trees on the
extraction area and the mean stand height are also of
minor to medium importance, which can be linked to the
canopy drip effect. Equally important are the potential
risk of erosion of arable soils by wind (radius 1 km) and
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Random Forest (Increased MSE)
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Fig. 1 Overview of relative importance of the predictors in the RF model (left) and MLR model (right)

Commonality Analysis
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the distance to federal highways, indicating the influence
of local emission sources (dust, traffic emissions).

Predictors

The predictor-specific consideration of both regressions
(Fig. 1) produces the following picture, whereby it should
be noted that all categorical variables—with the excep-
tion of the moss species—were only examined by using
RE.

The classification reflects the percentage of the relative
significance of the predictor as the sum of the relative sig-
nificance of all element-specific relevant predictors. Their
relative importance was quantified by the percentage
increase in the mean square error (IncreasedMSE) for the
RF model and the commonality coefficient (CCTotal) for
the MLR model.

Atmospheric deposition

With regard to the modelled atmospheric deposition (LE
and EMEP; 2015, mean of the years 2013-2015), it can be
seen that this has a lower predictive force for the respec-
tive element contents in the moss samples than in previ-
ous campaigns. For N (LE; 2013-2015) and Hg (EMEP;

2013-2015) the calculated deposition in moss moni-
toring has a mean variable significance, for Cd (EMEP;
2013-2015) a minor significance and for Pb no signifi-
cance. One reason for the declining explanatory power
of deposition at Cd and Pb can be seen in the decrease
in atmospheric deposition between 1990 and 2015 [43]
and the associated increase in the relative importance
of other predictors (surrounding land use, population
density). The median of the Cd deposition calculated
with the EMEP/MSC-E model decreased from 41.29 to
26.06 pg/m? a and for Pb from 1660.33 to 1052.52 ug/m>
a in the period 2005-2015. Comparing the two chemical
transport models, the predictive force of the N-deposi-
tion calculated with the EMEP/MSC-W model is signifi-
cantly lower than that derived by LOTOS-EUROS. One
explanation for this could be the comparatively lower res-
olution and poor data quality of the EMEP models used
for the year 2015, which are still based on the emissions
of the year 2014.

Meteorology
The mean precipitation sum 2013-2015 can be deter-
mined as an important influencing factor for Cd, Pb and
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Zn, the 90-day average for Hg and Pb and subordinated
also for Cd and Cu. However, the weather conditions (3-
day average) cannot be determined as predictor for any
element content; the same is true for the local main wind
direction. The hypothesis that higher precipitation at the
time of sampling induces higher element contents, espe-
cially in polluted areas [1], could not be confirmed by the
data of GMS2015. First, in the MLR model the relatively
high variable weight of the 90-day mean for Hg proves to
be a negative relation, and second, in the RF model the
3-year mean for Pb and Cd each shows higher variable
relevance than the 90-day mean.

Geology/soil/relief

Among the topographic parameters, the orographic
height (Cu, Hg and Ni) and the slope inclination (Cd)
are the strongest predictors and among the soil science
parameters the humus species as, for example, mull or
moder (Cu). In contrast, cardinal points of slopes, bed-
rock, soil type, thickness of the humus layer, and HM
content in the topsoil are not involved in any of the
regression models.

Moss species

The moss species in all models has a very high (Cd, Cu,
Ni, Pb, Zn and N) or high variable meaning (Hg). This
confirms the results of earlier multivariate static analyses
[12, 18, 19, 23, 40]. It is important to emphasize, how-
ever, that the boundary conditions uncovered in these
investigations, under which the moss species have dif-
ferent substance contents, can themselves vary spatially.
This applies both to the large-scale consideration and
to the small-scale consideration, where the micro-local
variability of the deposition also does not permit a clear
conclusion as to whether it is the moss species or the
micro-local variance of the deposition that causes the
possibly different element contents. Siewers et al. [50]
do not recommend a mathematical conversion of moss
species-specific element content data, since they are also
element specific and range within the site-specific vari-
ability. Consequently, reliable determinations of the influ-
ence of the moss species on the accumulated deposition
are only possible in systematic, statistically verified labo-
ratory experiments in which all factors such as light, soil
and temperature are constant and only the moss species
and the elements and their content in the artificially gen-
erated wet and dry deposition are systematically varied.
Such laboratory studies should be carried out in Moss
Monitoring 2020. While the MLR models for the nutrient
elements Cu, Zn and N for Psepur and Plesch estimate
significantly higher to equally high element contents
compared to Hypcup, the MLR models estimate signifi-
cantly lower to equally high metal content for Cd, Hg, Ni
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and Pb (Table 5). The influence of the moss species on
element accumulation in combination with other predic-
tors could thus be quantified element-specifically by the
MLR model. However, moss species-specific transfor-
mation of the element contents should not be concluded
from these results. In addition to the moss species, only
the vegetation (tree stump, soil) has an influence on the
Cd contents in moss samples. The frequency of moss
occurrence plays no role as a predictor for the elements
investigated here. The significance of the presence of lime
particles could not be verified as any lime particles were
observed in the field.

Vegetation structure

Of the 14 vegetation structure measures studied, the
mean distance to adjacent tree populations forms the
comparatively strongest predictor (Cd, Cu, Hg, Zn and
N), followed by the height of the vegetation cover (Cd,
Hg, Pb and N), the leaf area index (Cd and N; subordi-
nated for Zn) and finally the degree of coverage of the
tree layer (Ni; subordinated for Cd and Hg). This con-
firms the results of the multivariate statistical analyses of
GMS2005 [31] regarding distance and stand height for N.
(Leaf area index and degree of coverage were not investi-
gated in GMS2005.) In contrast to the small-scale inves-
tigations of the crown drift effect [42, 45], the distance to
trees for all six HM and N proves to be a stronger predic-
tor than the leaf area index. One reason for this could be
that the LAI derived from the surrounding land use (e.g.
deciduous forest and coniferous forest) also has a region-
specific distribution. For example, deciduous forests are
more widespread in lowland areas and coniferous forests
are more widespread in mountain forest areas. Therefore,
the LAI unlike the distance to trees, is an indicator not
only for the small-scale filter effect of local tree popula-
tions, but also for large-scale varying influences (e.g. dep-
osition). The latter has no influence if, as in the case of
Schréder & Nickel [42], relations of characteristic values
between canopy drip and open land moss sampling sites
are used instead of absolute values as here. This leads
to the hypothesis that correlation and regression within
ecological land classes (ELCE, [41, 48]) and ecosystem
types [44] should show stronger statistical relationships
for the LAI as these represent more homogeneous units
with regard to predominant tree species and environ-
mental characteristics.

Land-use density

In many cases, the spatial density of various land-use
classes around the moss sampling sites has a high explan-
atory power for the element contents in moss samples.
In the case of forests and woods, it is mainly the respec-
tive areal percentages within radii of 100-300 km that are
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significant predictors for Cu, Hg, Ni and N. In the case
of urban areas, there are element-specific radii between
25 and 300 km (Cd, Cu, Ni, Pb and N), and in the case
of agricultural areas, there are mostly radii between 50
and 300 km which are statistically relevant. Land-use
density within radii<25 km is rarely of importance (Cd,
Pb and N). It follows from this that spatial land-use den-
sity indicates less the influence of individual local emis-
sion sources in the immediate vicinity of moss sampling
sites than the varying atmospheric deposition over large
areas. This is also supported by the results of the geosta-
tistical variogram analysis, according to which the ranges
of the spatial autocorrelations of the substance content in
the moss samples between 67 km (Hg) and 223 km (Cd)
were determined for seven elements [45]: Annex A5.14).
The findings that the larger radii are usually more impor-
tant than the smaller ones are initially surprising if one
assumes that the filter effect plays a role locally or for
vertical rather than horizontal mass transport directions.
This indicates that the density of the surrounding land
use is less indicative of the filtering effect of the forests
than of the presence or absence of other influencing fac-
tors. The spatial density of land use indicates above all
the large-scale variability of emission sources and their
influence on the element contents in moss samples, i.e.
this overlays the small-scale variability of the emission
sources (e.g. dusts blown away from agricultural and set-
tlement areas with their substance content). This inter-
pretation is also supported by the fact that the distances
between local emission sources and the moss sampling
sites play a rather subordinate role as a predictor (see
below).

Population density

The population density within the 50 and 100 km radius
around the moss sampling sites is a variable with a high
explanatory power for all elements except Hg and N. Pop-
ulation density within radius of 5 km thereby is of minor
importance. The higher the population density is within
radii > 50 km, the higher the average content of Cd, Cu,
Ni, Pb and Z is in the moss samples, as the correspond-
ing MLR models show (Table 5). The direction of the
relationship cannot be determined unambiguously by the
RF model alone, since the possibilities of interpretation
are fundamentally impeded by the hundreds of individual
trees involved in the RF regression. If one considers at
least the first tree of the RF ensemble, which is equivalent
to an analysis using CART, a positive relationship results
for N as for HM. This means that the higher the values
of the two classes of population density generated by the
split variable (= population density) are at the respective
node, the higher the values for the target variable (=N
content in moss samples) are estimated at the following
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two nodes. As with the density of surrounding land use,
population density is less likely to indicate the influence
of local emission sources than the large-scale influences
responsible for element contents in the moss samples.
In order to uncover possible optima of the relevant radii,
population density within radii>100 to 300 km should
therefore be included in subsequent investigations.

Other potential sources of emissions

Of the numerous potential local emission sources
recorded in GMS2015 (Table 1), only the distance to fed-
eral roads (N; traffic emissions) shows a high variable sig-
nificance in the RF regression. The distance to the sea is a
relevant factor only for Ni: the greater the distance is, the
lower the Ni content, measured in the moss samples, is. It
is at least known for Ni that it tends to accumulate in the
oceans and is emitted into the atmosphere as sea spray
aerosol [8]. In both models (RF, MLR), the potential ero-
sion hazard of arable soils by wind within 1 km around
the sampling point is shown to be a comparatively strong
predictor for N in both models (RF, MLR). As the risk
of wind erosion increases, so does the N content in the
moss samples, which indicates an actual re-emission of
nitrogen-containing particles from arable land and depo-
sition on the mosses. Thus, the wind erosion hazard of
arable soils at N proves to be a more significant predic-
tor than the proportion of agricultural land in the same
radius.

Overall, it should be noted that the following descrip-
tors can be regarded as meaningful additions to the
extended set of variables compared to the GMS2005:
land-use density in radii of 150 to 300 km, population
density in extended radii 50 and 100 km, wind erosion
hazard of arable land in radius 1 km, 3-year and 90-day
mean of precipitation sum. As in GMS2005, in GMS2015
the distances to potential emission sources, the back-
ground values of the heavy metal content in topsoils, the
distance to the sea, and the local main wind direction are
of less importance as predictors.

Conclusions

Beyond correlation analysis, regression analysis was per-
formed using random forest regression and multiple lin-
ear regression in connection with commonality analysis
to quantify the statistical relations between atmospheric
deposition of elements accumulated in moss samples and
characteristics of sampling sites and their surroundings.
This combined methodology revealed that strongest pre-
dictor for the content of Cd, Cu, Ni, Pb, Zn and N in moss
samples was the sampled species. In 2015, the atmos-
pheric deposition showed a lower predictive power com-
pared to earlier campaigns. Uncertainties arise due to the
specified inaccuracies of the analytical data, which can
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significantly affect the validity of the conclusions, espe-
cially at low concentration levels. Regarding the statisti-
cal methods applied, it can be concluded that compared
to individual decision trees such as CART, RF tends to be
more robust to changes in training data set, outliers and
over-adaptations due to random predictor and data selec-
tion. By allowing each tree to grow to maximum size, RF
tries to maintain a certain predictive power. The associ-
ated problem of over-adjustment of each individual tree
could be offset by randomizing the predictors. Analogous
to the above advantages, the GMS2015 used RF instead
of CART for the evaluation of substance accumulation in
moss samples. The RF characteristic values of the vari-
able weight compared to CART also offer the advantage
of more direct comparability with those of multiple linear
regression in conjunction with the commonality analysis
used for the first time in environmental monitoring as
exemplified by the GMS2015.

Supplementary information

Supplementary information accompanies this paper at https://doi.
0rg/10.1186/512302-019-0260-7.
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Abbreviations

agr1-300: Spatial density of surrounding agricultural land use in radii of 1, 5,
10, 25, 50, 75, 100, 150, 200, 250, 300 km around the moss sampling point; Al:
aluminium; As: arsenic; CA: commonality analysis; Ca: calcium; CARBIDE: heavy
metal (heavy metal); CART: classification and regression trees; CC: commonal-
ity coefficient; Cd: cadmium; cd_dep1315: modelled total cadmium
deposition (EMEP; mean value of the years 2013 to 2015); CDC: Climate Data
Center; CDistSea: distance to the sea (North Sea and Baltic Sea); CLC: Corine
Land Cover; Cr: chromium; Cu: copper; DistShrubsAverage: distance of the
sampling site to surrounding shrubs (mean value); DistShrubsMax: distance of
the extraction site to surrounding shrubs (maximum); DistShrubsMin: distance
of the extraction site to surrounding shrubs (minimum); DistTreeCrownsAver-
age: distance of the sampling site to the projection of the tree layer of
surrounding forests and woody plants (mean value); DistTreeCrownsMax:
distance of the sampling site to the projection of the tree layer of surrounding
forests and shrubs (maximum); DistTreeCrownsMin: removal of the extraction
site for projection of the tree layer of surrounding forests and shrubs
(minimum); DWD: German Weather Service; ELCE: Ecological Land Classes of
Europe; elev_eu_gk: orographic height; EMEP: European Monitoring and
Evaluation Programme; EMS: European Moss Survey; Fe: iron; for1-300: spatial
density of surrounding forest land use in radii of 1, 5, 10, 25, 50, 75, 100, 150,
200, 250, 300 km around the moss sampling point; frequency: frequency at
place of growth; GIS: geographical information system; GMS: German Moss
Survey; GPW: Gridded Population of the World; Hg: mercury; hg_dep1315:
modelled total mercury deposition (EMEP; mean value of the years 2013 to
2015); HM: heavy metals; HM_dep1315: modelled total deposition of the
respective heavy metal indicated (EMEP; mean value of the years 2013 to
2015);, HM_dep15: modelled total deposition of the respective heavy metal
indicated (EMEP; 2015); HM_Ob50P: background values of HM content in the
topsoil (50th percentile); HumusLayer: thickness of the humus layer;
HumusSpecies: humus species as for example mull or moder; Hypcup:
Hypnum cupressiforme; ICP: International Cooperative Programme; LAI: leaf
area index; LAI2: weighted leaf area index; LE: LOTOS-EUROS; LE_all_N:
modelled total deposition of nitrogen (LOTOS-EUROS; average of the years
2013 to 2015); LE_all_NH4: modelled total deposition of reduced nitrogen
(LOTOS-EUROS; average of the years 2013 to 2015); LE_dryall_N: modelled dry
nitrogen deposition (LOTOS-EUROS; average of the years 2013 to 2015);
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LE_dryall_NH4: modelled dry deposition of reduced nitrogen (LOTOS-EURQOS;
average of the years 2013 to 2015); LE_occultall_N: modelled occult
deposition of nitrogen (LOTOS-EUROS; average of the years 2013 to 2015);
LE_occultall_NH4: modelled occult deposition of reduced nitrogen
(LOTOS-EUROS; average of the years 2013 to 2015); LE_occultall_NO3:
modelled occult deposition of oxidized nitrogen (LOTOS-EURQOS; average of
the years 2013 to 2015); LE_wet_N: modelled wet deposition of nitrogen
(LOTOS-EUROS; average of the years 2013 to 2015); LE_wet_NH4: modelled
wet deposition of reduced nitrogen (LOTOS-EUROS; average of the years 2013
t0 2015); LE_wet_NO3: modelled wet deposition of oxidized nitrogen
(LOTOS-EUROS; average of the years 2013 to 2015); MainWindDirection: local
main wind direction; Mg: magnesium; MLR: multiple linear regression;
MossSpecies: moss species; MSC-E: Meteorological Synthesizing Center-East;
MSC-W: Meteorological Synthesizing Center-West; MSE: mean squared error; n:
sample size; N: nitrogen; N_1315: total deposition of nitrogen, average from
2013 to 2015 (EMEP); N_15: total deposition of nitrogen in 2015 (EMEP);
N_dry_ox15: dry deposition of oxidized nitrogen in 2015 (EMEP); N_tot_ox15:
total deposition of oxidized nitrogen in 2015 (EMEP); N_tot_red15: total
deposition of reduced nitrogen in 2015 (EMEP); N_wet_ox15: wet deposition
of oxidized nitrogen in 2015 (EMEP); N_wet_red15: wet deposition of reduced
nitrogen in 2015 (EMEP); Ni: nickel; OOB: out-of-bag; p: level of significance;
Pb: lead; pb_dep1315: modelled lead deposition (EMEP) from 2013 to 2015
(EMEP); pegwind_1-5: potential risk of erosion of arable soils by wind (1, 2,

5 km—radii); Plesch: Pleurozium schreberi; popdens5-100: population density
within radius 5, 50, 100 km around the moss sampling point; pre1315_gk:
average rainfall for the years 2013 to 2015; pre3days: average rainfall in the last
3 days before the date of sampling; pre90days: average rainfall during the

90 days preceding the date of sampling; Psepur: Pseudoscleropodium purum;
RF: random forest; r.: correlation coefficient (Spearman); RSQ: pseudo-R?
SamplingFrom: vegetation (substrate: soil, tree stump); Sb: antimone; SD:
standard deviation; SDistAgriculturalAreas: distance to agricultural land;
SDistAnimalFarmingUnits: distance to agricultural estates; SDistCombustion-
EnergyPlants: distance to thermal power plant; SDistConstructionSites:
distance to construction sites; SDistDumpingGrounds: distance to landfills;
SDistFederalRoads: distance to federal highways; SDistGravelPit: distance to
gravel pit, sand and stone quarry; SDistindustriesWithHighChimneys: distance
to industrial plants with high chimneys; SDistMotorways: distance to
motorways; SDistNoneVegetationAreas: distance to vegetation-free areas;
SDistPloughedAgriculturalFields: distance to arable land; SDistRailroadTracks:
distance to railway lines; SDistSingleHouses: distance to single houses;
SDistSmallindustries: distance to smaller industrial plants; SDistSmallPaved-
CountryRoads: distance to national roads; SDistTown: distance to larger
settlements; SDistUnsealedRoads: distance to district roads, etc.; SDistVillage:
distance to smaller settlements; SDistWastelncinerationFaculties: distance to
waste incineration plants; ShrubCoverage: degrees of coverage of the shrub
layer; SlopeDirection: exposure; SlopeGradient: slope inclination; SoilTexture:
soil type; SRTM: Shuttle Radar Topography Mission; TreeCoverage: degrees of
coverage of the tree layer; TsLayerHeightAverage: height of the tree layer of
surrounding forests and woody plants (mean); TsLayerHeightMax: height of
the tree layer of surrounding forests and woody plants (maximum);
TsLayerHeightMin: height of the tree layer of surrounding forests and shrubs
(minimum); UBA: umweltbundesamt; urb1-300: spatial density of surrounding
urban-industrial land use in radii of 1, 5, 10, 25, 50, 75, 100, 150, 200, 250,

300 km around the moss collection point; VisibleDustParticles: visible particles;
Weather: weather; Zn: zinc.
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