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Abstract

Due to the difficulty of capturing spatially explicit information on cultural ecosystem
services (CES), previous studies have paid less attention to their relationships with other
services. In this study, we quantified the relationships between selected CES using crowd-
sourced photographs, carbon storage and species richness of plants and butterflies for a case
study in Saxony, Germany. The relationships were quantified based on the mutual infor-
mation metric and using principal component analysis. We further conducted a regression
analysis to control for environmental and infrastructure factors such as the share of land
use classes, landscape diversity and the presence of viewpoints and picnic sites. Our results
showed overall positive relationships between CES indicators and carbon sequestration as
well as species richness. However, the magnitude of the relationships varied: the CES indi-
cators showed a stronger relationship with butterfly species richness than with plant species
richness. Both CES indicators showed the strongest positive relationship with carbon se-
questration. This positive relationship was likely driven by forest cover, which was strongly
associated with carbon storage. However, our regression analysis also showed that too much
forest cover reduces the perceived CES, in particular for landscape aesthetics. Our findings
provide additional information for spatial planning in the study region.
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1. Introduction

Large areas of Germany are characterized by mosaic landscapes in which forests alternate
with urban areas, arable land and grasslands (Bruns et al., 2000; Dittrich et al., 2017). The
biodiversity of and the ecosystem services (ES) provided by these mosaic landscapes can
be attributed to the individual land use/cover (LULC) classes as well as to the interaction
between different classes (Norris et al., 2010; Schaich et al., 2010). Changes in landscape
composition are therefore likely to lead to changes in ES provision (Knoke et al., 2016; Steele
and Wolz, 2019). For example, an increase in forest cover, as targeted by the German Forest
Strategy 2020 (BMELV, 2011) and regional programs of several German federal states (e.g.,
Séchsisches Staatsministerium, 2013), may involve trade-offs or synergies among different
ES. While trade-offs between forest and arable land or grassland are obvious in terms of
the resulting food or timber provision, water regulation, and carbon sequestration (e.g.
Lautenbach et al., 2017; Locher-Krause et al., 2017), effects of such afforestation programs
on other ES categories are less known.

Many intermediate services related to food provisioning - such as crop pollination - require
a landscape composition that enables a connection between ES providing and ES demanding
areas (Schulp et al., 2014). Likewise, studies have shown that landscape mosaics consisting
of forest and agricultural land could be of outmost importance for the provision of cultural
ecosystem services (CES) (e.g. van Berkel and Verburg, 2014). However, the relationships
between CES and other ES or biodiversity have rarely been studied for landscapes with mixed
LULC. As of yet, studies have mostly focused on urban green spaces (e.g., Fuller et al., 2007;
Carrus et al., 2015; Southon et al., 2017) or grassland (e.g., Lindemann-Matthies et al., 2010),
mostly also for smaller case study extents. For example, Fuller et al. (2007) investigated the
psychological benefits of urban green spaces in relationship to species richness. Lindemann-
Matthies et al. (2010) studied how species richness of meadow plants affects the aesthetic
perception of the landscape.

CES are much more difficult to quantify and map than other ES (Milcu et al., 2013;
Chen et al., 2019; Mandle et al., 2020). While ‘stated-preferences’ methods such as surveys
and interviews are most frequently used (Cheng et al., 2019), it remains difficult to convert
the information into a spatially explicit representation such as a map. Participatory geo-
graphical information systems (PGIS), for example, which allow to determine relationships
between human behavior and the environment in a spatially explicit way (Brown et al.,
2020; Fagerholm et al., 2021), also heavily rely on ‘stated-preferences’ methods. These tend
to be time-consuming and more difficult to apply on a larger spatial scale (Wood et al.,
2013; Havinga et al., 2021). Alternatively, geotagged photographs uploaded to social media
platforms (e.g., Flickr, Instagram, Panoramio), showing where people recreate, have been
used as a spatially explicit indicator of ‘revealed preference’ (e.g. Wood et al., 2013; Sonter
et al., 2016; van Zanten et al., 2016; Lee et al., 2019; Calcagni et al., 2019). These so-
cial media-based studies hence measure beneficiaries’ preferences (e.g., for recreational sites
or environmental qualities) through direct observation of their behavior (e.g., Pirie, 1976;
Adamowicz et al., 1997; Timmins and Murdock, 2007; Jack et al., 2009). One can assume
that the more people visit a certain area (1) the higher the attractiveness of the respective
landscape (Swaffield et al., 2013) or (2) the easier people can access it due to e.g. infrastruc-
ture (Scholte et al., 2015). Both factors might lead to a higher CES value (Gobster et al.,



2007; Tribot et al., 2018; Gosal et al., 2021; Havinga et al., 2021). Especially the key factors
that determine visitation hotspots (e.g., distance to recreational infrastructure, landscape
composition and diversity, and presence of attractive points such as water bodies or certain
tourism infrastructure) have been studied using social media data in various contexts (e.g.,
Tenerelli et al., 2016; van Zanten et al., 2016; Ciesielski and Sterericzak, 2021).

More recent studies have expanded these applications by focusing not only on the geolo-
cation but also on the content of the photographs, making it possible to examine multiple
CES (Oteros-Rozas et al., 2018; Lee et al., 2019; Gosal et al., 2019; Egarter Vigl et al.,
2021; Viiséanen et al., 2021). However, these studies often analyzed CES in isolation with
little consideration of relationships with other ES in a multifunctional landscape (Herndndez-
Morcilloa et al., 2013; Cheng et al., 2019; Lee et al., 2019; Viisénen et al., 2021). As multiple
services are spatially distributed in different ways (Castro et al., 2014; Sagebiel et al., 2017),
understanding the spatially heterogeneous provision of multiple ES and their relationships,
also with biodiversity, is crucial for sustainable landscape management (Garcia-Nieto et al.,
2013; Sagebiel et al., 2017). This knowledge gap can hinder the development of management
strategies aimed at maintaining the supply of multiple ES and conserving biodiversity (Mori
et al., 2016; Albert et al., 2020).

Here, we specifically focused on the opportunities to study relationships between selected
CES and regulating services as well as biodiversity indicators using geotagged photographs
and their contents in a spatially explicit manner. Like Gosal and Ziv (2020), we here consider
geotagged photographs as users’ revealed choice of a place to visit and the perceived CES.
The case study was conducted in the Mulde basin in Saxony, Germany. The main objective
of the ‘Forest Strategy 2050 for the Free state of Saxony’ is to increase the forest area
to 30% of the land (which is still below the German average), mainly to support climate
mitigation and to promote multifunctional and more sustainable management (Séchsisches
Staatsministerium, 2013, 2021). The LULC change triggered by this initiative is likely to
affect biodiversity and multiple ES in different ways including outdoor recreation activities
and landscape aesthetics which provide important contributions to the local economy.

Our analysis is based on two previous studies conducted in the Mulde basin, namely
mapping of CES by Lee et al. (2019) and modeling of the effects of forest-cover change on
carbon sequestration and species richness indicators by Lautenbach et al. (2017). Lee et al.
(2019) presented how the perceived CES are spatially distributed and classified photographs
based on machine-detected tags into nine clusters, two of which were related to CES uses,
namely ‘landscape aesthetics’ and ‘existence’. However, the study did neither consider in-
teractions with other ES nor with environmental or infrastructural conditions. On the other
hand, Lautenbach et al. (2017) quantified and mapped the impacts of forest cover change by
different afforestation scenarios on carbon storage and plant species richness and analyzed
resulting trade-offs.

This present study aims to explore the relationships among the selected CES (i.e., land-
scpae aesthetics and existence), carbon storage and species richness (plants and butterflies)
indicators and finally to explore possible trade-offs and synergies. We aim to paint a more
comprehensive picture of the region and support future spatial planning efforts and more
informed decision-making. For the study, we have formulated the following hypotheses:

1. Users prefer locations with higher plant and butterfly species richness (synergistic



relationship). We assume that butterflies and insect-pollinated plant species could
be of particular importance for users’ preference due to their attractive appearance
(Lindemann-Matthies et al., 2010; Junge et al., 2015; Graves et al., 2017).

2. A trade-off relationship is assumed between carbon sequestration and the perceived
CES since diverse landscapes with higher heterogeneity might be more attractive than
dense forest landscapes (Ribe, 1989; Gundersen and Frivold, 2008).

3. Finally, we assume that the spatial distribution of the ES is associated with additional
environmental and infrastructural factors (i.e. LULC, landscape diversity and touristic
infrastructure) (Ciesielski and Sterenczak, 2021).

2. Materials and methods

2.1. Study area

The Mulde basin is located in the German federal state of Saxony. It covers an area of
5,744 km” and is characterized by mosaic landscapes (Figure 1). The largest part of the basin
is covered with cropland (53%), which is mostly found on fertile loess and sandy loess soils,
followed by forested areas (26%), urban areas (10.2%), and pastures (7%). A large part of
the forests in the catchment are coniferous forests with spruce, larch and pine as dominant
tree species (Holzwarth et al., 2020). The federal state of Saxony promotes afforestation
and designated additional 38.6 km” in the basin for afforestation in the regional planning
documents (Séchsisches Staatsministerium, 2013). Twelve percent of the Mulde basin have
been designated as special protection areas, special areas of conservation or nature reserves
in 2012 (Lautenbach et al., 2017). These protected areas are mainly located in the southern
mountainous part of the basin. For a more detailed description of the study region see
Lautenbach et al. (2017) and Karner et al. (2019).

2.2. Work flow

We divided the work flow into three parts: 1) data preparation for selected ES and bio-
diversity indicators, 2) analysis of relationships among different ES and species richness, and
3) effects of environmental and infrastructural factors on the spatial distribution of CES
(Figure 2). The first step is mainly based on the two previous studies (Lautenbach et al.,
2017; Lee et al., 2019). To identify hotspots and quantify relationships among the studied
ES in the second step, we used Mutual Information (MI) and principal component analysis
(PCA) as widely-used measures of association. The MI analysis quantifies the shared infor-
mation between two variables, whereas PCA was used for the direction of the relationship
and the spatial distribution of PCs. Finally, we tested the effects of environmental and
infrastructural factors on the distribution of CES and biodiversity indicators.

2.2.1. Step 1: Data preparation for selected ES and biodiversity indicators

Cultural ecosystem services (CES) indicators. We used the results of the CES mapping
conducted by Lee et al. (2019) and closely followed their methodology. As a spatially explicit
proxy for the two CES, we used numbers and contents of crowdsourced photographs (cf.
Table 1) from the Flickr archive for 2005-2016 in the study area (n = 12,635). For each
photograph, 20 tags related to the photo contents with their probabilities were assigned using
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Figure 1: The Mulde basin in Saxony, Germany. Land cover information is based on the 2006 CORINE Land
Cover data (CLC2006; Umweltbundesamt, DLR-DFD 2009). Data on protection status (including special
protection areas, special areas of conservation, nature reserves, protected landscapes and nature conservation
parks) were provided by the Saxonian State Agency for Environment, Agriculture and Geology (LfULG)
(LfULG, 2017).
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Figure 2: Flowchart of the analysis. Gray boxes indicate input data.



deep Convolutional Neural Networks (CNN) provided at the Clarifai platform'. The 2-mode
matrix (i.e., 20 tags per photograph) was transformed to a 1-mode matrix based on the co-
occurrence information among the 20 tags, which was then used for the tag-network analysis.
As in Lee et al. (2019), the theme of the photographs was identified and clustered based on
the tag-network using the walktrap algorithm (Pons and Latapy, 2006). This implies that
not a single tag, but the combination of the tags was used to determine the theme of the
photographs. The photographs were classified into nine clusters, two of which were related to
CES classes, namely ‘landscape aesthetics’ and ‘existence’. The ‘landscape aesthetics’ class
was more associated with tags related to the depiction or scenery of landscapes, whereas the
‘existence’ class was more associated with macro photographs of specific plant and animal
species. The full list of tags in each cluster is provided in the Supplementary Material
(Supplementary Table ST1). The other identified classes covered activities not related to
CES, such as car racing and festivals. In the present study, we only used the photographs
classified into the two CES-related clusters (65.1% of the total photos) and associated tags
in those photographs. For the detailed procedure of photo content analysis, readers should
refer to Lee et al. (2019). We further calculated photo-user-days (PUD) at a 2.8 x 2.8 km
base grid for each CES-related cluster. PUD are defined as the total number of days per year
that a photographer took at least one photo within a cell in the study area (Sharp et al.,
2016). This approach aims to control for exceptionally high numbers of photographs taken
by individual photographers in a specific area on the same day.

Carbon storage modeling. The carbon storage was previously estimated in Lautenbach et al.
(2017) using the dynamic vegetation model Lund-Potsdam-Jena General Ecosystem Simu-
lator (LPJ-GUESS) (Smith et al., 2001, 2011) and a random forest model trained on the
vascular flora database of Saxony (Zentrale Artdatenbank (ZenA) Sachsen, 2017b). The
LPJ-GUESS model had been run in this study for each combination of soil classes, climatic
zones and land use classes (i.e. cropland, forest and pasture). Tree species composition,
crop types and agricultural management were adapted to the prevalent conditions in the
Mulde basin (Lautenbach et al., 2017). Data on forest structure was derived from a na-
tionwide inventory of forest composition in Germany?. Information on dominant crop types
were taken from agricultural statistics. Management was adjusted for forests, pasture and
cropland inside protected areas. In this analysis, simulated carbon stocks were averaged over
the period January 1, 1996 to December 31, 2006. For the detailed description of the result
of the carbon stock modeling, readers should refer to Lautenbach et al. (2017). A summary
of the indicators used for each ES is given in Table 1.

Biodiversity indicators. Species richness is a fundamental and widely-used indicator of bio-
diversity (Gotelli and Colwell, 2001; Mace et al., 2012). We used plant and butterfly species
richness to compare users’ preference for flora and fauna species in this analysis. For plant
species richness, we used the database for the study area established in Lautenbach et al.
(2017), which is based on the official biodiversity database for Saxony (Zentrale Artdaten-
bank (ZenA) Sachsen, 2017b). The data used here contains the total number of plant species

Lwwww.clarifai.com
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(all plants), indigenous species, archaecophytes (i.e., introduced before A.D. 1500), neophytes
(i.e., introduced after A.D. 1500), threatened (Red List) species, and species grouped by
three pollination traits (i.e., wind-, self-, or insect-pollinated species). All species that be-
longed to the three categories (critically endangered, endangered or vulnerable) of the “Red
List” of plant species in Germany (Korneck et al., 1996) were aggregated to the group of Red
List plant species. The butterfly species richness data was derived from the same database
(Zentrale Artdatenbank (ZenA) Sachsen, 2017a). All data sets were prepared at a 2.8 x 2.8
km base grid. The total number of pixels was 811.

2.2.2. Step 2: Relationships among different ecosystem services and species richness indica-
tors

Mutual information extraction. Mutual information (MI) is a robust way to quantify rela-

tionships between random variables by measuring the information content that is shared

(Eq. 1). It can be applied to estimate arbitrary (or non-linear) dependency between the

variables (Battiti, 1994).

MI(X,Y)=H(X)+H(Y)— H(X,Y), (1)

where H(X) and H(Y) are the Shannon entropy of the random variables, X and Y,
respectively, and H(X, Y) is the joint Shannon entropy of X and Y (Shannon, 1948). In
contrast to the standard Pearson’s correlation coefficient, MI can be used for non-linear
relationships as it measures the general dependence between two random variables (Battiti,
1994). In comparison to Pearson’s correlation coefficient, MI is also less sensitive to outliers
(Numata et al., 2008). A comparison with a Pearson correlation analysis is presented in the
Supplementary Material (Supplementary Figure SF1).

When the MI is equal to zero, X and Y are independent. The MI metric is non-negative
but has no upper bound. To facilitate comparisons between different data sets, the normal-
ized MI proposed by Numata et al. (2008) was used. The normalized MI approaches ‘1’ for
increasing mutual information (X, Y), and equals ‘1’ if there is a perfect functional relation-
ship between X and Y. We estimated MI using the R package infotheo (Meyer, 2014). The
input variables were discretized into N bins (= N'/3), where N is the number of samples.
To quantify uncertainty, we calculated MI using bootstrap sampling (np,,¢ = 10,000) and
visualized the resulting distributions. To our knowledge, there are no clear guidelines or
thresholds for interpreting MI to determine whether two variables are meaningfully related.
Therefore, we normalized MI and primarily compared its relative strength.

Principal Component Analysis (PCA). MI analysis measures the shared information con-
tents between two variables, however, it does not reveal the direction of the relationship,
i.e. whether the relationship is synergistic (positive) or a trade-off (negative). We there-
fore additionally conducted a PCA to investigate the direction of the relationship and the
multidimensional patterns in the indicator data. PCA uses an orthogonal transformation to
convert observations of possibly correlated variables into a set of values of linearly uncorre-
lated variables, called principal components (PCs). Since the resulting PCs are ordered in
such a way that the first PC has the largest possible variance (i.e., accounts for as much
of the variability in the data as possible), the approach is often used to reduce dimension-
ality by using only the first few and most important PCs (Demsar et al., 2013; Jolliffe and
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Cadima, 2016). PCA is sensitive to the relative scaling of the original variables; we therefore
z-transformed all indicators prior to the analysis. Pixels with no butterfly data were excluded
(n = 158) — all other indicators had no missing values for the 811 pixels and could therefore
be used for the analysis. We used only PCs with eigenvalues (A\) > 1 (i.e., Kaiser-Guttman
criterion) (Cliff, 1988). For the correlation bi-plots, PC scores were normalized following
Gabriel (1971). Small angles between two variables (close to 0°) in the correlation bi-plot
indicate a positive correlation. Angles close to 90° indicate that the two variables are not
likely to be correlated. Angles close to 180° indicate a negative correlation.

Additionally, we set a threshold to define the direction of the relationship following
Lee and Lautenbach (2016). In their review, the relationship between two ES was defined
based on the factor loading when multivariate statistics were used. A factor loading over
0.32 referred to a meaningful relationship and the relationship was defined according to the
direction of the loading, + and - for a ‘synergistic’ relationship and a ‘trade-off’ relationship,
respectively. To spatially map the distribution of the hotspots, we mapped the first three
principal components separately. All data were reprojected into a 2.8 km base grid in
DHDN/Gauss-Kruger zone 4 (EPSG:31468) using a bilinear filter. All calculations were
done in R version 3.6.3 (R Core Team, 2020) using the following packages: pscl (Jackman,
2020), st (Pebesma, 2018) and spdep (Bivand et al., 2013).

2.2.83. Step 3: Environmental and infrastructural factors that influence the distribution of
CES

Regression analysis. Since the indicators used for the quantification of the perceived CES
were assumed to be associated with additional environmental and infrastructural factors,
we performed a regression analysis to control for these factors. The following predictors
were used: i) share of the land use classes for forest, grassland, and settlements, ii) presence
of viewpoints, iii) presence of picnic sites, iv) number of land use patches, and v) species
richness of butterflies and of the different plant groups. We assumed that presence of picnic
sites as a proxy for touristic infrastructure would have a positive effect on the number of
PUDs for both the ‘landscape aesthetics’ and the ‘existence’ clusters and that presence of
viewpoints would have a positive effect on the number of PUDs for the ‘landscape aesthetics’
cluster. We further assumed a positive relationship between species richness and the number
of PUDs in the ‘existence’ cluster and for landscape diversity - measured by the number of
patches - and the number of PUDs in the ‘landscape aesthetics’ cluster. For the share of land
use classes, we hypothesized a positive effect of both settlement areas (more visitors due to
easier access) and forest/grassland share for PUDs in both clusters. Land use information
and number of patches were calculated based on the 2006 CORINE Land cover data set, the
presence of viewpoints and picnic sites was extracted from OpenStreetMap using the ohsome
APIT as an interface to the OpenStreetMap History Database (Raifer et al., 2019).

For the analysis, we ran generalized linear models of the negative binomial family with a
log link for selected combinations of the predictors. In addition to the main effects, we also
tested selected interactions and polynomial effects. The latter were modeled by means of
orthogonal polynomials (Gentle, 2009, p. 167) to avoid issues with collinearity. To account
for excess zeros in the data, we also ran zero-inflated and hurdle models that combine a
binomial process with a truncated count process (Wenger and Freeman, 2008; Zeileis and
Jackman, 2008; Zuur et al., 2009). For the description of the count process, we used both



a Poisson as well as a negative binomial distribution. The different models were compared
based on the AIC (Sakamoto et al., 1986). The presence of spatial autocorrelation was
investigated by means of global Moran’s I using a neighborhood definition based on the
nearest eight neighbors and row-standardized weighting for the creation of the spatial weight
matrix.

Both the hurdle and the zero-inflated model family are based on a mixture of two distri-
butions. For the hurdle model, a binomial distribution is used to model the occurrence of
non-zero events while a zero-truncated count process is used to model positive counts (Zuur
et al., 2009). In contrast, zero-inflated models use a binomial distribution to distinguish
between excess zeros and zeros that originate from the count process (Zuur et al., 2009).
Similar to the hurdle model, a count process is used to model positive counts. For both
approaches, different predictors can be used for the count and the binomial process (Zuur
et al., 2009). The predictors were centered and divided by two times the standard deviation
which enhances the comparability of the effect sizes of continuous and binary predictors
(Gelman and Hill, 2006, p. 57).

3. Results

The MI analysis revealed a varying degree of association between the two CES indicators
and carbon storage as well as the species richness indicators (Figure 3). The highest MI of
landscape aesthetic was found with the carbon pool (avg. MI = 0.41), followed by butterfly
species richness (avg. MI = 0.38) and Red list plant species (avg. MI = 0.35). The ‘existence”
indicator showed a similar pattern: the highest MI was found with the carbon pool indicator
(avg. MI = 0.32) followed by butterfly species richness (avg. MI = 0.29). This also means
that the association between ‘existence’ and the carbon pool is relatively high followed by
the association with butterfly species richness. This information was not clearly revealed in
the correlation coefficient analysis (Supplementary figure SF1). Interestingly, Red list plant
species richness was much weaker associated with ‘existence’ than with ‘landscape aesthetics’
photographs.

The first three components of the PCA, which had eigenvalues >1, explained 78.9% of the
variance in the data (Table 2). PC1 (eigenvalue = 6.130), which was negatively correlated
with all the plant species richness indicators, explained 51.1% of the total variance. The CES
indicators, the butterfly species richness and the carbon pool indicator showed an orthogonal
direction to all plant species richness in the bi-plot of PC1 against PC2 (Figure 4, (a) and
Table 2), which indicated no correlation. PC2 (eigenvalue = 1.970) explained 16.2% of
the variance and the loadings were highest and positive for landscape aesthetics, existence,
carbon pool, and butterfly species richness (Table 2). PC3 (eigenvalue = 1.414), which
explained 11.1% of the variance, was positively correlated with the existence and landscape
aesthetics CES indicators, and negatively correlated with carbon pool and Red list plant
species richness.

Overall, the CES values were almost orthogonal to all plant-related indicators except
for the Red list species richness indicator which showed a stronger association with the
‘landscape aesthetic’ photographs.

Figure 5 shows the spatial distributions of the three PCs. Low values of PC1, which
reversely represents total plant species richness, were concentrated in western parts of the
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Figure 3: Normalized mutual information (MI) between CES indicators (i.e., photo-user-days of the existence
and photo-user-days of landscape aesthetics) and the other biodiversity and ES indicators. The boxplots
show the distribution of the estimated MI based on 10,000 bootstrap samples as a robust measure of the
uncertainty.
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Mulde basin, whereas the high values of PC2, which represent high indicator values for CES
and butterfly species richness, concentrated in the southern area (Figure 5). PC3 spread
evenly all over the region, except for the southern areas, which is inversely related to PC2.
PC3 was reversely related to the carbon pool indicator. The high carbon pool areas were
concentrated in the mainly forested southern areas (Figure 1).

The regression analysis identified a number of significant associations between the num-
ber of PUDs and predictors. For both CES, hurdle models with a negative binomial process
showed the highest goodness of fit. For the ‘landscape aesthetics’ photographs, the presence
of at least one PUD was higher for grid cells at which picnic sites and/or viewpoints were
present (c.f. Table 3). The effect of presence of picnic sites was stronger than for viewpoints.
Furthermore, the share of settlement area in the cell and the number of land-use patches in
the cell were positively associated with the presence of at least one PUD. For forest share,
we found a polynomial effect of second order: the coefficient of the orthogonal polynomial
of first order was positive while the coefficient for the polynomial of second order was nega-
tive. This implies that the effect of forest share was increasing up to a specific share before
decreasing again - the maximum effect of forest share was at around 50%. The effect size of
species richness of butterflies was comparable to the effect size of the share of grassland and
settlements. Effect sizes for presence of picnic sites and viewpoints were weaker. However,
all effect sizes were in the same order of magnitude. The different plant species richness
indicators were not or only marginally associated with the CES class ‘landscape aesthetics’.

For the ‘existence’ photographs, the presence of viewpoints was only associated with
the presence of at least one PUD but not with the number of PUDs at the grid cell (c.f.
Table 4). Presence of picnic sites, butterfly species richness and share of settlements were
positively associated with both the presence of at least one PUD and the number of PUDs.
The number of PUDs was also positively associated with the share of grassland. Presence
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of butterflies had the lowest effect size of all predictors, but all effect sizes were in the same
order of magnitude. Overall, plant species richness and species richness of insect pollinated
plants were only marginally significant in the regression models.

4. Discussion

4.1. Relationships between the perceived CES, carbon storage and biodiversity

The relationship between the two CES considered here, carbon storage and biodiversity
is presumably dependent on moderating factors in addition to direct effects. Therefore,
associations need to be carefully interpreted. Regarding our first hypothesis, our results
showed mixed relationships between the perceived CES and species richness. Both CES
indicators were positively related to the species richness of butterflies in the Mulde basin,
even if we controlled for confounding factors. The synergistic relationship between ‘existence’
photographs and butterfly species richness was expected, as the presence of certain species
(especially charismatic and endangered species) typically attracts more attention (Gee and
Burkhard, 2010; Mace et al., 2012; Milcu et al., 2013) and leads to a higher number of
PUDs. This is in line with previous studies that revealed the importance of fauna species
- such as birds and butterflies - for people’s visit (Lépez-Hoffman et al., 2010; Nahuelhual
et al., 2013). This result offers some support for the ‘ecosystem services perspective’ of
biodiversity, which considers biodiversity as an object that humans value directly (Mace
et al., 2012, p.21). For the ‘landscape aesthetics’ photographs, we also identified a positive
association with butterfly species richness which was somewhat unexpected. Both CES
indicators were highly correlated, so it is reasonable that both were positively associated
with butterfly species richness. Interestingly, this association persists, even when controlling
for other factors. Even if ‘existence’ was added to the model for ‘landscape aesthetics’, a
significant positive association with butterfly species richness was found. We assume that the
higher landscape diversity, which leads to more diverse habitat conditions but also potentially
more attractive landscapes, can explain this relationship.

In contrast to butterfly species richness, a no-effect or a weak relationship between CES
and plant species richness was found for both CES indicators. While the total number of
photos tagged as containing flowers was much higher (n = 594) than the photos tagged as
containing butterflies (n = 135), this did not manifest in a significant relationship between
plant species richness and PUDs of the ‘existence’ photographs. Similarly, Hwang and Roscoe
(2017) found that people preferred fauna species over floral diversity for site conservation
and maintenance. Among the eight different plant groups considered, self-, insect-pollinated,
and indigenous plants showed a relatively but marginally higher level of MI with the ‘exis-
tence’ photographs. However, the PCA revealed that the relationship between plant species
richness indicators and both PUD indicators was not clearly directed. This is in line with
the regression analysis that did not identify an association.

As for our second hypothesis, we found a positive relationship between the perceived CES
and carbon storage, which contradicts our expectations. Although little is known regarding
the direct relationship between carbon storage and the different CES (Lee and Lautenbach,
2016), it is crucial to understand whether there is a common driver or a hidden association
mechanism among the services (Bennett et al., 2009). In the case of the Mulde basin, the
positive relationship between the ‘landscape aesthetics’ photographs and carbon storage was
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likely driven by forest cover which was strongly associated with carbon storage. However,
results for the ‘landscape aesthetics’ showed a negative quadratic effect of forest cover which
indicates that too much forest cover decreased landscape aesthetics. This result is in line
with previous studies (Anderson et al., 2009; Qiu et al., 2013). The results of Qiu et al.
(2013), for example, suggest that visitors preferred half-open park areas, which are generally
associated with lower carbon storage, over densely vegetated areas.

The spatial patterns revealed in this study might be used as additional information in
spatial planning. Higher plant species richness values were concentrated in the western areas
of the Mulde basin (Figure 5) where diverse land cover types were found (Figure 1). On
the other hand, high CES (i.e. where people prefer to visit), butterfly species richness and
carbon storage were located more in the southern areas (Figure 5), in particular in the
Ore mountains. The Ore mountains recently became a UNESCO World Heritage Site and
attracted over a million overnight-stay travelers in 2019 (Tourismusverband Erzgebirge e.V.,
2020). As tourism and people’s frequent visits might threaten plant diversity (Pickering
and Hill, 2007; Ballantyne and Pickering, 2013; Mason et al., 2015), the current pattern of
low rate of overlay between the CES and plant species richness in the Mulde basin could
be beneficial to maintain plant diversity since it allows to steer recreation to less sensitive
spots. On the other hand, the Ore Mountains (with a long history of mining) contain many
small-scale sites of special conservation value (e.g. mining biotopes or rocky ridges resulting
from traditional land use practices), which are not necessarily covered by such large-scale
analyses as in this study.

4.2. Effects of environmental and infrastructural factors

Additional factors were of importance for the number of PUDs for both CES. Higher
landscape diversity - as indicated by the number of patches - presumably leads to a landscape
structure which is more appealing to humans as also shown in Hermes et al. (2018) and
Oteros-Rozas et al. (2018). While this indicator was only significant for the binomial part of
the hurdle model for ‘landscape aesthetics’, higher shares of forest, grassland and settlement
were significant for the count process. Since land use shares add up to 100%, this can be
interpreted as an indication of higher landscape diversity. Also, our results of the regression
analysis showed that the choice of the location where people visit was influenced by the
presence of touristic infrastructure as well as by the presence of nearby settlements, which
is in line with previous studies (Hill and Courtney, 2006; Ciesielski and Sterericzak, 2021).
Incorporation of such factors should therefore be taken into account for the association
between recreation or landscape aesthetics-related indicators with other ES or biodiversity
indicators.

Interestingly, forest share showed a quadratic effect: landscapes dominated by forest
seemed less attractive for ‘landscape aesthetics’ photographs than those with a more balanced
forest share as mentioned above. The unimodal association between forest cover and the
landscape aesthetics indicator affects any linear measure of association such as the Pearson
correlation coefficient. The MI approach used here is thus better suited for such non-linear
relationships (Dionisio et al., 2004). The PCA assumes linear relationships and is therefore
not ideally suited if non-linear relationships are present. The fact that we did not encounter
an quadratic effect for grassland share could be related to the lower share of grassland
in the region - there were no grid cells dominated by this land cover. For the share of
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settlements, there might have been two effects: on the one hand the landscape diversity
effect as described above, on the other hand the effect of accessibility and the distance to
the forest. Hill and Courtney (2006) found that the population living within a 2-hour drive
showed a high visitation rate in forested areas. The presence of settlements also implies a
higher number of inhabitants seeking recreation, which can link to a higher potential demand
for CES (Vallecillo et al., 2019).

4.8. Limitations

Although we here present the potential of social media data to derive relationships be-
tween multiple ES, limitations of the approach should be acknowledged. First, the represen-
tativeness of social media data is rightly often criticized (Ghermandi and Sinclair, 2019; da
Mota and Pickering, 2020). Social media is more actively used by the younger generation,
which is typically not representative for all users of a location (Ruths and Pfeffer, 2014; Rossi
et al., 2019; Wilkins et al., 2020). Also, we only used one social media platform, Flickr. This
potential bias among different social media platforms, however, can be potentially minimized
by using multiple sources of social media (Wood et al., 2020) in future work.

Furthermore, machine-learned content analysis can easily and rather quickly reflect what
is in the photograph, but not necessarily the motivation for why the picture was taken. This
limitation may be addressed by combining crowdsourced photographs with other types of
data (Moreno-Llorca et al., 2020). For example, interviews or surveys with users of social
media platforms can provide additional information for the interpretation (Stedman et al.,
2004; Beckley et al., 2007; Lenormand et al., 2018). In this way, photographers can directly
express their preferences and attitude towards specific species, which hence can substantially
improve the usefulness of the social-media data. In addition, the analysis of social media
posts such as tweets might provide additional insights in the perception of a landscape
(Tenkanen et al., 2017).

The analysis of the photo content used in this study did not distinguish between the
different plant species — only the general tag ‘lower’ was assigned in the content analysis
by the deep neural network. Ongoing developments of machine learning techniques for
image recognition will be useful to distinguish different plant species for a more in-depth
understanding of the interactive dynamics between human and nature in the future (Horn
et al., 2018; Wéldchen and Méder, 2018).

Finally, the study was conducted at a relatively coarse spatial resolution, based on the
available data. We know from other studies that relationships between biodiversity and ES
are often scale-dependent. Our results therefore need to be understood in the context of the
spatial units studied here and may change in future studies.

5. Conclusion

Overall, relationships between CES indicators, carbon storage and species richness were
positive, but to varying degrees. The two CES indicators were not associated with plant
species richness, while both CES indicators were positively associated with butterfly species
richness. The highest mutual information was found between both CES indicators and
carbon sequestration. The regression analysis revealed that it was based on a unimodal
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relationship between forest cover and the ‘landscape aesthetics’ indicator. The effect of af-
forestation on landscape aesthetics will therefore differ depending on the current forest cover
extent. Higher carbon storage and therefore higher forest cover was not clearly associated
with higher plant species richness which is reasonable as the species included not only forest
but also species with other habitat requirements. Based on the spatial analysis results, some
locations could be prioritized for a conservation friendly recreation. A tendency for land-
scapes attractive for recreation to host higher numbers of butterfly species could be either
interpreted as a possible win-win situation or as a thread to butterfly diversity as high visitor
frequency might have negative effects on biodiversity. Further studies for interactions over
time for comparable case study regions are required to investigate this relationship. Devel-
oping robust methods for extracting more detailed information on specific species using the
applied machine-learning methods and linking this with human behaviors should also be at
the core of future research in multifunctional landscapes.
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Table 2: Loadings of the first three PCs from the PCA. Explained variance values (%) are shown in paren-
theses next to PC names.

Indicator PC1 (51.1%) PC2 (16.2%) PC3 (11.1%)

All plants -0.39 0.06 -0.08

Red list -0.24 0.31 -0.32

Wind pollinated -0.35 0.14 -0.20
Self pollinated -0.39 -0.07 0.05
Insect pollinated -0.38 -0.02 0.06
Indigenous -0.37 0.16 -0.17
Archaeophytes -0.33 -0.24 0.25
Neophytes -0.34 -0.18 0.24
Carbon pool 0.10 0.35 -0.49
Butterfly -0.04 0.35 -0.11
Existence 0.01 0.48 0.50
Landscape aesthetics 0.00 0.53 0.44

Table 3: Standardized regression coefficients for hurdle model using the number of PUDs in the ‘landscape
aesthetics’ photographs as the response. Theta represents the shape parameter of the negative binomial
distribution and describes the over-/under dispersion of the count process relative to a Poisson process.
Regression coefficients are reported at the link scale. Continuous predictors were mean-centered and divided
by two standard deviations, such that a one unit change corresponds to a change of one standard deviation
below the mean to one standard deviation above the mean. For forest share, an orthogonal polygon of second
order was used - effects sizes are therefore not directly comparable among predictors. Share of forest area
was strongly associated with carbon storage (MI = 0.78).

Estimate Std. Error z value p-value

Count model coefficients (truncated negbin with log link):

Intercept 1.0666 0.1251 8.523  <2e-16
Picnic sites present 0.3885 0.1368 2.841  0.00450
Viewpoints present 0.3326 0.1194 2.785  0.00535
Butterfly species richness 0.5069 0.1242 4.081 4.48e-05
Share grassland 0.5531 0.1108 4.990 6.02e-07
Share settlement 0.5377 0.1234 4.359 1.31e-05
Share forest, polyn. 1th 6.6288 1.7561 3.775 0.00016
Share forest, polyn. 2nd -4.1015 1.5493  -2.647 0.00811
Log(theta) -0.3956 0.1503  -2.633  0.00847
Zero hurdle model coefficients (binomial with logit link):
Intercept 0.4426 0.1430 3.094 0.00197
Picnic sites present 1.0906 0.2066 5.280 1.29e-07
Viewpoints present 0.7357 0.2396 3.070  0.00214
Share settlements 0.7809 0.2778 2.811  0.00493
Number of patches 0.5410 0.2393 2.261  0.02377
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Table 4: Regression coefficients for hurdle model using the number of photo user days in the ‘existence’
photographs as the response. Theta represents the shape parameter of the negative binomial distribution
and describes the over-/under dispersion of the count process relative to a Poisson process. Regression
coefficient are reported at the link scale. Continuous predictors were mean centered and divided by two
standard deviations, such that a one-unit change corresponds to a change of one standard deviation below
the mean to one standard deviation above the mean. Share of forest area was strongly associated with
carbon storage.

Estimate Std. Error =z value  p-value
Count model coefficients (truncated negbin with log link):

Intercept -0.5176 0.4052  -1.277 0.201470
Picnic sites present 0.7480 0.2002 3.736  0.000187
Butterfly species richness 0.3781 0.1838 2.057 0.039662
Grassland share 0.5742 0.1812 3.168 0.001533
Settlement share 0.5777 0.1864 3.100 0.001938
Log(theta) -1.4141 0.5042 -2.804 0.005040
Zero hurdle model coefficients (binomial with logit link):
Intercept -0.4664 0.1321  -3.532 0.000413
Picinic sites present 0.6894 0.1744 3.952  7.74e-05
View points present 0.7420 0.1810 4.100 4.13e-05
Butterfly species richness 0.3831 0.1758 2.180 0.029289
Settlement share 0.4643 0.1970 2.357 0.018440
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