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Mapping the Recreational Value of Non-Urban
Ecosystems across Europe: Combining Meta-
Analysis and GIS

Abstract

We map recreational visits and the economic value per visit spatially explicit across Europe’s
non-urban ecosystems using GIS, meta-analysis and geostatistical modelling techniques.

Therefore, we developed a meta-analytic visitor arrival function and a meta-analytic value
transfer function by regression analysis. Primary data on the dependent variables are collected
from visitor monitoring and valuation studies. We analyse more than 225 studies including
visitor counts and value estimates to more than 550 separate case study areas.

Focusing on continuous spatial biophysical and socio-economic predictor variables, we identify
underlying spatial drivers of recreational ecosystem service values. By combining our models
with spatial explanatory variable layers we predict annual recreational visits and the value per
visit on a one km?2 resolution across Europe. The resulting maps illustrate spatial variations of
recreational visitor numbers and the value per visit. In total we predict about 11 billion annual
visits to Europe’s non-urban ecosystems amounting an economic value of 57 billion €.
Comparing our estimates with mean/unit value transfers reveals that the spatial variations of
visitor numbers are substantially more important for determining the recreational value per
ha than variations in the value per visit.

1. Introduction

Recreation is an ecosystem service supplied by non-urban ecosystems that is of substantial economic
value and offers considerable economic opportunities for local communities in terms of income and
employment (MA 2005; Maes et al. 2011; Nahuelhual et al. 2013; Pefia, Casado-Arzuaga, and Onaindia
2015; Paracchini et al. 2014). To acknowledge this ecosystem service and to integrate it into land-use
planning and resource allocation policies, spatially explicit information on the flow of visitors as well of
the recreational economic value is fundamental (Maes et al. 2012; Schagner et al. 2013; TEEB 2011). In
this study we map the value of recreational ecosystem services spatially explicit across all of terrestrial
non-urban Europe by estimating a meta-analytic visitor arrival and meta-analytic value transfer function.

The number of studies assessing ecosystem service values spatially explicit has grown exponentially over
recent years. Nevertheless, most studies use a relatively simple approach by applying mean value



estimates to land cover classes. This is also the case for studies mapping of recreational services. Only a
few studies assess the spatial variations of visitor flows and the economic value associated with these
flows more in detail by applying some sort of spatially explicit modelling (Schagner et al. 2013) . Some
studies map recreational ecosystem service values by spatially explicit models that are parameterized
and validated based on primary data. However, only a few of them assess spatial variations in both, the
number of visits and the value per visit separately and focus on a large continuous area covering various
ecosystems. (Ghermandi and Nunes 2013) for example map global costal recreation by applying spatially
explicit meta-analytic value transfer. In their model, however, the dependent variable is the recreational
value per ha and thus no separate information on the visitor numbers and values per visit is available.
(Bateman, Brainard, and Lovett 1995; Bateman, Lovett, and Brainard 1999) model visitor numbers to
several forest sites in Wales using linear regression analysis. The predicted visits are combined with a
constant mean value estimate per visit (unit value transfer) to derive value estimates for the considered
forest sites and thus, spatial variations in the value per visit are not accounted for. In contrast, using an
approach similar to the one we apply, (Brander et al. 2015) map both, recreational visits and values per
visit throughout coral reef in Southeast Asia spatially explicit to assess the overall recreational value of
different locations. They focus, however, only on one land cover type and use a limited set of spatial
predictor variables. Within the UK National Ecosystem Assessment, recreational services are mapped at
a national scale by using a count data model, which is based on data from a national recreation survey
and by a meta-analytic value transfer function to predict the value per recreational visit (Sen et al. 2013;
Bateman et al. 2011). Several other studies use survey data based models to predict visitors to certain
locations by choice models or random utility models. A similar approach is applied by (Brainard 1999) to
map the value of alternative forest sites, but values per recreational visit are estimated based on
estimations of the travel cost between origin zone and the destination of each recreational trip (travel
cost method, TCM). (Moons et al. 2008) instead combine (TCM) for estimating the value per recreational
visit with a choice model that is based on survey data and predicts the probability of an individual visiting
a certain site. The method is applied to evaluate the value of alternative hypothetical new forest sites in
Flanders, Belgium. Also (Termansen, Zandersen, and McClean 2008) use a choice model to predict visitor
numbers to forest sites in the area of Copenhagen and a random utility model to estimate the value per
recreational visit. (Termansen, McClean, and Jensen 2013) model visitor numbers to Danish forest sites
by modelling, first, the total demand for forest recreation and second the choice among alternative
forest sites and the value per trip in a random utility model. The models are parametrized based on
regression analysis of survey data and respondents to such survey may not be representative for the
society as a whole. Furthermore, survey data do not capture visitors living beyond the scope of the
surveyed area. Typically, such surveys data is available only at a regional and national level and thus,
studies relying on such data do map recreation only at regional to national scale.

In this study, we map both: recreational visits and the value per recreational visit spatially explicit
throughout all non-urban ecosystems across Europe by means of meta-analytic regression models.
Primary data was collected from visitor monitoring studies and primary valuation studies. In total our
databases are comprised of 1,267 visitor estimates of 518 separate sites and 245 value estimates from
147 case study areas. Multiplying the predictions of our two models allows us to predict the recreational
value per ha at any location throughout non-urban Europe at a one 1km? resolution. These models can
be used to support several policies: (1) the ex-ante evaluation of land-use policies, (2) efficient resource



allocation by conservation prioritization of areas of high recreational value, (3) the design of recreational
facilities in accordance with expected recreational visitor numbers or (4) the development of a green
GDP or a System of Environmental Accounts (SEA) at different spatial scales. To our knowledge, we
present the first study mapping recreational visitor numbers and recreational values across all land-cover
classes at a continental scale. To estimate our models, we used large sets of innovative continuous
biophysical and socio-economic predictor variables that we developed as spatial GIS raster layers.

The paper is organized as the following. In section 2, we present the primary data on our dependent
variables as well the spatial predictor variables we use. Section 3 describes the statistical regression
techniques we us to estimate or models. Results are presented and discussed in consecutive sections.
Finally, we conclude.

2. Data

1.1.Primary Data
Our primary data that presents the dependent variables of our models consists of two separate data
sets. The first data set represents of recreational visitor estimates and the second data set consists of
estimates of the value per visit. Both data sets are developed by a broad literature review of the
literature on recreational visitor monitoring and primary valuation studies. Studies are identified through
internet searches, a review of relevant literature and by contacting researchers involved in this field.

Our primary data on the recreational use consists of 1,267 observations of the total annual visitor
estimates at 529 separate case study areas throughout Europe. We derived the data from a review of
150 visitor monitoring studies and data bases as well as governmental reports. We divided the total
number of visits by the hectare size of each case study area to obtain the visitor density (visitors per ha).
The visitor density ranges from almost zero (0.03) up to 158,740 visits per ha and year. The distribution is
however, highly skewed with a mean of 2,362 and a median of 35.8 (see Table 1).

Table 1: Descriptive statistics of visitor density (visits / ha/a).

N

mean

sd

median

min

maXx

529

2,362

12,061

35.8

0.03

158,740

Our primary data on recreational value consists of 245 estimates of monetary values per recreational
visit for 147 separate nature areas in Europe. We obtain the data from 75 valuation studies using either
Travel Cost Method (TCM) or Contingent Valuation Method (CVM). We transfer all value estimates to €
values and to the 2013 price level using purchasing power parity and country specific inflation data. From
the total data set we exclude one outlier, showing an extreme deviation of 60 times the mean value. The
remaining 244 value estimates range from € 0.16 to 64.7 per visit with a mean of 7.17€ and a median of
2.8€ (see Table 2).

Table 2: Descriptive statistics of value per visit estimates in €, 2013.

3rd Qu.

Min. 1st Qu. | Median Mean Max. St. dev.




‘ 0.16 ‘ 1.542 ‘ 2.8 ‘ 7.166 ‘ 7.755 ‘ 64.7 ‘ 10.98

For each case study site we obtain or create a spatial layer in vector format, containing the boundaries of
the surveyed nature area. Polygons for some nature areas are obtained from official sources (IUCN and
UNEP 2015; EEA 2013) or from the case study authors. Most polygons are drawn manually in ArcGlIS,
based on information supplied by the case study publications, the study authors or based on information
from internet inquiries. In several cases, we are not able to get any approximation of the location and
shape of the case study area and thus could not include those studies in our data base. The case study
areas differ widely in terms of size, location, the estimated value per visit and ecosystem characteristics.
The size of case study area ranges from 1.9 ha, for a small Nature Park, east of Padova, Italy, up to
18,048 km? for the Jdmtland mountain range in North Sweden. The distribution of the case study areas
are presented in Figure 1.

Figure 1: Location of case study areas: right: represented in the primary valuation studies, left: represented in the visitor
monitoring studies

1.2.Predictors
For the statistical regression analysis, we develop a number of predictor variables, divided into three
categories: (1) study characteristics, describing the methodology of primary value estimation, (2) site
characteristics, describing the study area itself and (3) context characteristics, describing the spatial
context of the study area. We select the variables based on a review of past meta-analyses on recreational
valuation studies and regression analysis of recreational visitor flows. A complete list of all predictors used
in our analysis is presented in Table 3.

For the valuation we chose three methodological characteristics, which we assumed to have a strong
influence on the valuation results (see also Table 3). First, we distinguish studies by their valuation
method, which is relatively equally distributed with 140 studies using CVM and 104 using TCM. Second,
we distinguish whether studies consider use-values only (226) or if they consider use and option values.
Finally, we consider whether studies estimate values per visit, which is the case of the majority of studies
(197), or if studies estimate the value per day visit, value per party visit or the value per month or year of
access. For visitor data, we encountered difficulties to define methodological characteristics, because



reporting on study methodologies was poor in most studies. Therefore, we classified all visitor monitoring
studies according to primary data collection quality using one as the lowest and ten as the highest quality.
The quality judgment represents a composite indicator of different quality dimensions: the type of
publication (scientific vs. grey literature), the purpose of the visitor monitoring study (scientific vs.
political), the institution conducting the study (academic, NP management, others) and the
methodological documentation of study (full, incomplete, none). If the documentation of the study was
available, we assessed the quality of methodologies based on details such as the temporal and spatial
counting resolution, manual or electronic counting devices and the temporal and spatial up-scaling
methodology. Finally, a very important aspect for the visitor monitoring studies quality is the description
of the study area. Some publications do not supply maps and only rough descriptions of the study area. If
the area of the study area is uncertain, then the number of visitor density is uncertain as well. In addition,
we coded all observations in respect to the year of primary data collection.

The main focus of our analysis, however, is to identify the effects of spatial determinants of recreational
values in order to produce spatially distributed predictions. Therefore, we prepare several EU wide
geospatial layers of site and context characteristics in raster format. It is worth noting that limitations in
the availability, accuracy, comprehensiveness and consistency of Europe-wide data sets restrict our choice
of predictors and is one limitation to our statistical analysis. We use available GIS data sets and, if necessary
the layers are processed in order to derive our predictor variable raster layers. The GIS processing is done
with ArcGIS 10.2.

We use the following site characteristics in our regression analysis:

(1) Land cover: We can only use a limited number of land cover combinations in our analysis because
several CORINE land cover classes occur only rarely, which would result in many zero values in our spread
sheet, and thus, the detection of significant effects would become more difficult and vulnerable to outliers.
In addition, aggregates of land cover classes are often correlated with each other and thereby can cause
problems of collinearity. Based on the analysis of past meta-analyses of recreational valuation studies, we
choose the following land cover/use classes as predictor variables for our analysis. To account for forest,
we use the Joint Research Centre forest cover map (EC 2006) and compute the mean number of forest
pixels (25m resolution) per hectare that are classified as either coniferous or broadleaved forest within
each study site. For other land cover types we used the CORINE dataset (EEA 2006) to determine the
percentage of several land cover classes in the study sites. In particular we determine the share of all
natural vegetation, agricultural area and grassland.

(2) Land cover diversity: From the CORINE land cover data set we compute the Simpson Diversity Index
(Magurran 1988) of land cover types within a 3km radius for each pixel of 100m resolution raster map
covering all Europe. We assume that more diverse landscapes are perceived as more beautiful and may
therefore positively affect the value per visit.

(3) Water bodies: We compute two 300m resolution grids of the share of surface area covered with rivers
and lakes or ocean using the Euro Regional Map as input dataset (EG 2010). Then we apply a kernel density
function tool to compute the amount of surface covered with water within a 3km radius of each pixel. The
density function allows a water area that is more remote to be weighted less than water nearby, thereby
incorporating a distance decay effect. We believe that water bodies attract visitors and cause the value
per visit to be higher.



(5) Biodiversity: We use the total number of red list species encountered in a study area as an indicator
for biodiversity (IUCN 2013). We assume that biodiversity may attract visitors from distant locations and
result in higher values per visit. In addition, we use a dummy variable to indicate whether at least 50% of
the study site is designated as a national park.

(4) Climate: We use three climatic variables in our model, under the assumption that better climate in
terms of higher temperature, less rain and more sunshine attracts visitors from distant locations for longer
recreational trips. As a temperature indicator, we apply a dataset from (Biavetti et al. 2014) indicating the
mean number of days per year with maximum temperature above five degrees Celsius. We use a similar
data set (Burek unpublished) indicating the mean number of days per year with at least some precipitation
and the mean hours of sunshine per day.

(6) Topography: We use the slope of the digital elevation map from the European Environmental Agency
(EEA 2015a) for two indicators describing the topography of the landscape. First, we use the slope value
of the 100m digital elevation map. Second, we compute the area visible from each pixel within a 30km
radius using the viewshed tool. In order to accelerate the viewshed processing we aggregated the digital
elevation map to a 1000m resolution raster grid. We expect that mountain regions and regions offering
large viewsheds imply special attraction for recreation and generate higher values per visit.

(7) Trail density: We use trail density as a proxy for overall recreational facilities, which may enhance the
recreational experience. From the Open Street Map (OSM) dataset (OSM 2012), we extract all vector
elements that can be classified as non-motorized traffic infrastructure. We use five OSM classes: trails,
foot paths, bike paths, bridle paths and steps. On a 100m resolution we apply the line density tool to
compute an indicator for trail availability. Again, the trails are weighted less with increasing distance from
the pixel under analysis.

(8) Street density: Similar to trail density we compute an indicator for street density for all minor roads
(Tele Road Atlas road classes 4-6) based on the Tele Road Atlas dataset (TS 2006). Roads are an important
infrastructure for accessing remote locations and are thereby expected to increase visitor numbers.
However, the relationship between road density and the enjoyment of nature recreation is unclear. We
do not have a specific hypothesis on the effect of streets on recreational values and our analysis has an
exploratory character.

(9) Accessibility: The number of people that can access a specific location within a certain time is likely to
have an effect on the visitation rate (Schagner, Maes, et al. submitted), which may in turn negatively affect
the quality of nature recreation due to crowding effects (Kalisch 2012).

We use the weighted sum of the total population living within a 130km radius around each pixel, using
population data from (Batista e Silva, Gallego, and Lavalle 2013). In order to account for distance decay,
we applied a Gaussian weight function, so that the population is weighted less with increasing distance
from the pixel under analysis. The weight function was calculated so that 95% of its integral is located
within the 130km radius.

(10) Socio-economic effects: We use GDP per capita, the unemployment rate and the share of population
with upper secondary or tertiary education as proxies for visitors’ income and their recreational
preferences. For these variables, we extract mean values for the last ten years (as far as available) and the



highest data resolution available, which is either NUTS2! or NUTS3 level from the Eurostat database (EC
2013).

(11) Share of national area: We computed the share of each case study area that is designated as a
national park. Information on national parks were derived from the World Database of Protected Areas
(WDPA). National parks are considered to receive higher visitor flows (Fredman, Friberg, and Emmelin
2007).

Table 3: Predictor variables used in the regression analysis.

Type Variables Explanation* Mean / Standard Mean / Standard
Deviation (visitor Deviation (valuation
data) data)

Study ey 1if TCM; 0 if CVM 0.43/0.5

Characteristics:

Use & option 1 if use value; 0 if use & option value 0.93/0.26
V/visit 1 if V/visit; 0 otherwise 0.81/0.4
Site Ln (ha) Natural log of the study site area in ha 7.83/2.84
Characteristics: g y ) '
Simpson Diversity Index of Corine land
Ln (sri) use/cover within a 3km radius (100 m 1.1/0.31
resolution raster)
Natural log of the share of forest cover of
Ln (f 1.7 .81
n (forest) the study area (100 m resolution raster) 6/08
Ln (natural LC) Natural log of natural Ianq cover of the 1.98/1.62
study area (100 m resolution raster)
. Natural log of agricultural land cover of
Ln (agriculture) the study area (100 m resolution raster) 2.1/1.55
Natural log of grassland land cover of the
L | 1.44 /1.
n (grassland) study area (100 m resolution raster) /135
Natural log of inland water body area
Ln (inland water) within 3km distance weighted by a kernel 0.96/1.16
function (300 m resolution raster)
Natural log of ocean area within 3km
Ln (ocean) distance weighted by a kernel function 0.5/1.11
(300 m resolution raster)
. . Total number of red list species found in
Red list species study area (1 km resolution raster) 8,991/3,144
National Park 1 if site is a national park; otherwise 0 0.19/0.39
. Mean number of days with rain per year
Rain days (1 km resolution raster) 144/ 34
H sun/day Mean hours of sunshine per day (1 km 419/1.12

resolution raster)

L NUTS is referred to as Nomenclature of Units for Territorial Statistics, which is a hierarchical system defined by
Eurostat for dividing up the EU territory in order to produce regional statistics at resolution of different
administrative levels.



Days 5°C

Mean numbers of days with an average
temperature of above 5 degrees (1 km
resolution raster)

304/53

Viewshed

Area visible from each location within in a
30km radius (1 km resolution raster)

276 /214

Slope

Slope (100 m resolution raster)

2.04/0.97

Ln (trail)

Natural log of trail density using density
function in order to account for distance
decay effect (100 m resolution raster)

1.37/0.97

Ln (small roads)

Natural log of small roads density using
density function in order to account for
distance decay effect (100 m resolution
raster)

2.09/1.11

Context
Characteristics:

Ln (population)

Population living within 130 km radius of
the study area using a Gaussian weight
function in order to account for distance
decay (100 m resolution raster)

16.2/1.08

GDP/capita

GDP/ capita in the NUTS 2 or 3 region in
which the study area is located

25,768 / 6,593

Share of population with higher education

High education in the NUTS 2 or 3 region in which the 70.4/11.5
study area is located
Unemployment Unemployment rate in the NUTS 2 or 3 6.24/3.29

region in which the study area is located

* For all spatial predictors mean values per study site area are computed.

3. Methodology

To map recreational values per ha spatially explicit we transfer values from study sites (sites for which

real world observations exist) to policy sites (sites for which we make predictions) by two models: one on
the number of recreational visits and one on the economic value per recreational visit. Both models are
developed by regression analysis of real world observations of the depend variables and by using
comprehensive and continuous raster layers as predictor variables. By employing the estimated models
to make predictions, we intra- and extrapolate visitor numbers and the value per visit across space (see
Figure 2). By multiplying the predicted recreational visits per ha with their predicted value at each
location of the map, we drive the overall recreational value per ha.



Figure 2: The concept of value transfer and ESS value mapping.
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Before conducting the regression analyses to model the visitor density of the different case study areas
and to model the value per recreational visit by using the predictor variables described above, we
conduct an exploration of our data following the recommendations of (Zuur, leno, and Elphick 2010) in
order to gain initial insights into distributions and dependencies. For some predictors we use logarithmic
transformations either because they show a skewed distribution or with the aim to approximately
linearize an expected non-linear relationship. We test all our predictors for multicollinearity, but do not
identify anything of concern.

We apply a number of regression techniques to identify a model that fits the assumptions of linear
regression best. All models are estimated using the open source statistical software R. We start our
analysis with a general linear regression (GLM), but it shows a wider spread of the residuals for large
fitted values for both our analysis and it is therefore a violation of the homogeneity assumption. We
control for this effect by using a linear log-transformed models of the following form:

Ln(Y;)) = a+ B * X; + where u; ~N(0,02) (1)

Y stands for the dependent variables (either the number of visits per ha or the monetary value per
recreational visit), a is a constant, B represents a vector of parameters, X is a vector of explanatory
variables and p is the residual, which is normally distributed with the mean of zero and a variance o. The
results are shown on the left (columns 2-4) in Table 4.

We validate our final model against the assumptions of linear regression analysis. Therefore, we plot our
residual against fitted values and also against each predictor used in the model as well as predictors not
used in the model. One concern is the potential for spatially related residuals.

Among our data base of the valuation studies, several studies use different valuation methodologies to
value recreation at the same site. Therefore, it cannot be assumed that these observations are



independent. Therefore, we use a general linear mixed model> (GLMM) introducing the study site as a
random intercept. However, as the introduction of the study site as a random intercept has almost no
effect on the model’s results, we abandon this approach. Another concern is in regard to author effects.
Several authors conduct multiple valuations of our data base and their specific approach may have an
effect on the studies result. We therefore introduce the most common authors as random intercepts in a
mixed model of the following form:

Ln(Y;) = a+ B = Xi; + v; +p;; where p; ~N(0, o) and y; ~N(0, o) (2)

The random effect is specified by y;, representing the correlation of observations from the same sites and
which is normally distributed with mean of zero and variance o,,. In terms of Akaike Information Criteria
(AIC) and Bayesian Information Criteria (BIC) the mixed effect improves the model considerably. The
results of the mixed effects model are shown to the right of Table 4.

We do a similar analysis for the model on the visitor numbers and found that a linear model containing a
spatial autocorrelation (SAC) structure performed best in controlling for spatial patterns in the residuals
and in regards to AIC and BIC scores. The model’s formula remains the same as the formula (1) presented
above, but this time we assume that the residuals p; of different locations are correlated based on the
function f and their distance.

cor (g k) = {

1 ifa=b
Flhahyp)  else

For all models we conduct stepwise variable selection using maximum likelihood and restricted maximum
likelihood estimators to compare AIC and BIC and the likelihood ratio test until all remaining variables are
significant at the 0.1 level (see Table 5). We validate our final model against the assumptions of linear
regression analysis. Therefore, we plot the residuals against fitted values and against each predictor. We
do not identify any linear or non-linear patterns of concern. Models and validation plots are estimated
using statistical software R and Ime (Bates et al. 2015), lattice (Sarkar 2015, 2) sp (Pebesma et al. 2015)
and gstat package (Pebesma and Graeler 2015).

In order to test the predictive use of the estimated model, we use the model characterized by the lowest
AIC and BIC values to map the number of recreational visits per ha and the value per visit across rural
Europe on a one km? resolution. We use a data set of urban morphological zones (EEA 2015b) to cut out
all urban areas, because our primary data covers only non-urban ecosystems. The maps indicate how the
number of visits and the value per visit differ across space. By multiplying the two raster maps (number of
visits per ha and value per visit) we obtain the total recreational value per ha of any location throughout
Europe. To analyze a realistic policy scenario in more detail we zoom in to a proposed new 200 km? national
park in the western part of Germany (Teutoburger forest) (NABU 2015).

In a second step, we investigate the contribution of the spatial variation of the number of visits and the
value per visit to the spatial variations of the overall recreational value per ha. Therefore, we conduct two
analyses: (1) we compute the mean relative deviation of the predicted pixel scores for two raster data sets,
the predicted visits and the predicted value per visit. Within a product of two variables, the mean relative

2 |n other disciplines, mixed models are also referred as to multilevel analysis, nested data models, hierarchical
linear models, and repeated measurements.



deviation at each pixel determines the relative influence of the two variables on the mean relative
deviation of the output variable; the value per ha. (2) We compare our final results of the predicted
recreational value per ha with two alternative estimations of the value per ha, for which we substituted
either the predicted number of visits or the predicted value per visit by the arithmetic mean of our primary
data on either the number of visits of the value per visit. Such a methodology is also referred as to a mean
- or unit value transfer. In consequence, the alternative methods to estimate the overall recreational value
per ha are characterized by spatial variations which depend either only on the spatial variations in the
number of visits or only on spatial variations in the value per visit, because the other input variable is kept
constant across space by taking its mean value. By estimating the correlation between our initial
predictions with the two alternative methods, we identify to what extent the number of visits and the
value per visits drive the total recreational value per ha.

4. Results

The results of our regression analysis after variable selection are displayed in Table 4 for our visitor
arrival model and in Table 5 for our meta-analytic value transfer function.

1.3. Visitor Arrival Model
The general linear model (GLM) of our visitor arrival model using a log-transformed dependent variable
shows 14 predictor variables significant at the 0.1 level after variable selection (see left of Table 4). Most
coefficients have the expected sign. However, the residual plots of the model show some spatial
patterns. The residual bubble plot in Figure 3 shows the spatial distribution of the full model's residual
without a spatial correlation structure. It shows clustering of positive and negative residuals across
Europe. We applied a different spatial autocorrelation to control for these patterns in our second model,
which improved the models AIC and BIC values considerably. The best model in terms of AIC and BIC
values as well as in controlling for the spatial residual patterns, applies an exponential spatial correlation
structure of the residuals. The model shows 12 predictor variables significant at the 0.1 level after
variable selection (see right of Table 4) and spatially correlated residuals up to a distance of 364km. The
nugget refers to differences between observations, which can neither be explained by the model nor by
the spatial autocorrelation due to measurement errors or micro variability.



Figure 3: Bubble plot of the spatial distribution of the full model's residual without spatial autocorrelation
structure (SAC).
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A highly significant negative impact on the number of visits per ha can be found for the size of the study
area of the visitor monitoring study, which supports theoretical considerations that larger recreational
areas act as a substitute in itself. Visitors can spread across larger areas, which results in lower visitors
numbers per ha. Interestingly, even though we did not have strong prior expectations regarding the signs
of predictors representing forests, both the share of broadleaf and coniferous forests have negative
significant signs in the GLM. However, only coniferous forests show a significant effect after introducing
the SAC. The proximity to the coast shows a positive significant effect in both models, but only at the 0.1
level in the GLM. The GLM shows also a positive significant effects for land cover diversity and the view
shed, but both variables are not significant in the model including the SAC. On the contrary, whether the
study site is a national park shows a positive significant effect in the model containing the SAC, but not in
the GLM after variable selection. The mean slope value indicating mountainous areas shows significant
negative effect in the GLM, but also this variable is not significant in models containing SAC. We find a
significant negative effect in both models for the average numbers of days with rain. All our predictor
variables representing traffic access infrastructure show positive effects. The availability of large streets
is however, only significant in the model containing SAC. Small streets and in particular the availability of
trails are highly significant in both models. A highly significant effect is also shown in both models by the
population living in the proximity of the study sites areas. The share of the population having upper
secondary or tertiary education shows a positive significant effect in the GLM at the 0.1 level, but not
after introducing the SAC. To our surprise the unemployment rate shows a significant positive effect in



both our models. Our quality judgment of the visitor monitoring study shows a significant negative effect
in both our models, whereas the year of the data collection in the visitor monitoring study shows a
significant positive effect, but only after introducing the SAC. The negative effect of our quality judgment
may indicate that visitor monitoring studies of higher quality result in more accurate estimates, whereas
poor quality studies that rely on more assumptions tend to overestimate visitor numbers.3

Table 4: Linear fixed mode and model containing a spatial residual structure after stepwise variable selection (Ln (visits per
ha) as dependent variable).

Linear fixed effect model Linear fixed effect model
containing spatial residual structure
Variable Coefficient Sig. level Coefficient Sig. level

Intercept -2.79 * -75.94 *
Ln(ha) -0.53 xx -0.53 *xk
Ln(conifer forest) -0.17 : -0.21 *
Ln(broadleaved forest) -0.34 e - —
Ln(ocean) 0.10 . 0.21 *xk
Land cover diversity 0.48 * - —
National park - - 3.84E-03
Viewshed 6.41E-04 * — _
Slope -1.16E-02 * —_ _
Rain days -7.03E-03 o -7.75E-03 ok
LN(trails) 0.29 Fxx 0.20 e
Ln(Streets large) - - 0.21 *%
Ln(Streets small) 0.16 ** 0.29 *xk
Ln(pop) 0.57 *oxox 0.49 T E
Pop high education 1.41E-02 . — —
Ln(unemployment) 0.31 * 0.46
Study quality -0.15 o -0.15 *x
Survey Year - - 3.75E-02 *

AIC: 1997 AIC: 1916

R2:0.74 Range: 364km Nugget: 0.48

3 No significant effects are found in both models for variables describing the share of grassland, the share of arable
land, proximity to inland water bodies, the number of IUCN red list species, the mean number of days per year
above 5 degrees Celsius, the mean hours of sunshine per day and the GDP per capita.



1.1.Meta-Analytic Value Transfer Function
For statistical analysis of value per visit, the most important predictor is whether the valuation method is
TCM or CVM, which shows significantly higher value estimates for TCM in both models. Whether the
study assesses “use values” or “use and option values” does not show a significant effect in our analysis.
It is noteworthy, that only a small share of all studies in our data base consider option value in the
valuation approach, and it may therefore be difficult to identify a significant effect. Whether the study
estimates the value of single visit or another valuation object (value per party visit, month of access etc.)
does show significant negative effects in the mixed effect model, an outcome confirming expectations. It
is however, not significant in the fixed effect model.

With respect to spatial predictor variables, six predictors show a significant effect in the GLM and seven
in GLMM, which is considerably less than in our visitor arrival model. The explained variations of the
GLM on the value per visit is considerably lower than the GLM of the visitor numbers with and R? of only
about 0.39 as compared to 0.74.

Contrary to the visitor arrival model, the study site size shows a positive significant effect for both
models of the meta-analysis. This confirms our hypothesis that larger areas tend to have a higher
recreational value per visit. Similar to the visitor arrival model, the share of forest cover shows significant
negative effects in both models. Grassland also shows a negative significant effect in both our analysis,
which is not the case for the visitor arrival models. The availability of water cover, either inland or ocean,
shows no significant effect in the meta-analysis. On the contrary, in the visitor arrival model, the
proximity to the ocean shows a positive effect. The number of days with precipitation has a significant
negative effect on the value per visit in all our models, as it is also the case for the number of visits. The
mean slope value of the study sites — an indicator for mountainous areas — shows a significant positive
effect in GLM, but not in GLMM. This indicates that people derive greater pleasure from visiting
mountains relative to other types of landscape. However, the GLM of the visitor arrival model indicates
that viewer people tend to visit mountainous regions. Population pressure shows a strong and significant
negative effect in all our models. This could indicate that people prefer nature recreation in areas with
lower population density and value such trips higher. Nevertheless, population pressure shows strong
positive effects on the number of visits. Unemployment shows a significant positive effect in both
models on the value per visit, which again contradicts our expectations. However, a possible explanation
could be that people travel far and have high values for visits to rural areas, which tend to have higher
unemployment rates (Copus et al. 2006). Nevertheless, it has to be considered that data on
unemployment is only available on the NUTS2 or 3 level, and are not spatially explicit. The average
unemployment rate for all years available in EUROTSAT shows high values in our database for sites
located in Finland, France, Germany Spain and Sweden and low for Italy. The variable could also pick up
some regional or other unobserved effects, but could not identify any systematic pattern allowing for an
explanation.

Table 5: Linear fixed and mixed effect models after stepwise variable selection (value per visit as dependent variable).

Linear fixed effect model Linear mixed effect model
Variable Coefficient  Sig. level Coefficient Sig. level
6.103 *kx 5.128 * %k k

Intercept




— 0.772 whx 0.678 ok

V/visit - - 0353
Ln(ha) 8.92E-02  *** 7.25E-02 *x
Ln(forest) -0.174 * -0.178 *
Ln(grassland) -0.194 o -0.105
Rain days -6.27E-03  ** -5.89E-03 *x
Ln(pop) -0.316 *xx -0.230 *rx
Unemployment 0.424 * 0.273
AIC: 697.9 AIC: 661.1 67 =0.57
BIC: 729 BIC: 702.5 62=0.79

Figure 4: Left: predicted visitors per ha and year, right: predicted value per visit.
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Using our best models characterized by the lowest AIC values — the visitor arrival function containing a
spatial autocorrelation and the meta-analytic value transfer function containing a random author effect
— to make predictions result in two maps, one displaying the predicted visitors per ha and year and one
displaying the predicted value per visit (see Figure 4). Both predictions are skewed with an average
number of visits per ha 27 and median of about 9. The value per visits is shows a median of 8.34€ and a



median 7.27€.* Due to the fact that the response variables are log-transformed we do have such skewed
distribution and higher predilection errors for large values. It is obvious that the tow predictions, the
number of visits and the value per visit are negatively correlated. High visitation rates are found mainly
in the population centers of the Southeast of the UK, the Netherlands, Belgium, in the west of Germany
and around Paris but also in parts of Italy. High values per visit are in contrast found in northern
Scandinavia, southern Italy and Spain. By multiplying the two maps (number of visits with the value per
visit), we obtain the overall value per ha (see Figure 5). The mapped values are again highly skewed with
a mean value per ha of 151€ and a median value per ha of 64€. Making a prediction to aggregate
recreational values across the entire part of Europe covered by our maps by assuming the median size of
study sites in our primary data as a resolution results in 11 billion recreational visits to non-urban nature
areas, which account for an annual value of about 57 billion € annually.®

Figure 5: Predicted recreational value per ha.

Value per ha

Max: 32,890 €

Median: 64.24 €

- Min: 0.45 €

Comparing the three maps reveals that the value per ha is positively correlated with the predicted
number of visits, but negatively correlated with the value per visit. Locations for example in the north of
Scandinavia or Scotland receive low numbers of visits and also show a low recreational value per ha.
Areas such as the southeast of the UK, the Netherlands, Belgium, and the west of Germany are
characterized by high visitor numbers and do show also high values per ha. The correlation between the

4 Note that for illustrative purpose the color shades of all maps are set to cover the same amount of pixels per color
shade.

5 It should be noted that in a log transformed model, it is not possible to take the linear mean to aggregate values
across a larger area. For the aggregated prediction, we assume the median study site size as a resolution for the
prediction of both the visits per ha and the value per visits.



visits per ha and the value per ha is 0.8, whereas the correlation between the value per visit and the
value per hais -0.1. If we substitute the predictions of one of our models by the mean estimate of our
primary data — either the mean value per visit or the mean number of visits per ha — to compute the
overall recreational value per ha, the resulting maps would be strictly proportional to either the
predicted number of visits or the predicted value per visit. Thus, the correlations between the map of
the value per ha and either the map of the predicted visitor number or the value per visit are the same.
The mean relative deviation of the predicted visitor number is 112% whereas mean relative deviation of
the predicted value per visit is only 39%.

5. Discussion

Our estimated models fit the data reasonably well and therefore offers valuable information on the main
drivers of recreational use and its value across European non-urban ecosystems. The modelling approach
can be used to support several policy applications. All predictors with statistically significant effects on
the number of recreational visits have signs that are in line with our interpretations or theoretical
expectations. Nevertheless, there are also uncertainties related to the model results and prediction
accuracy which may be improved by further research.

5.1. Spatial Modelling

One major uncertainty in modeling our primary data is related to the independency of single
observations, in particular spatial independency, which is one assumption of linear regression analysis.

For the visitor data we identified spatial autocorrelation of the residuals, which we accounted for by
introducing a spatial residual structure. The question remains, what the source of the spatial
autocorrelation is. In an optimal statistical textbook world, introducing spatial autocorrelation in a model
would not influence parameter estimates, but only reduce the degrees of freedom of the model.
However, looking at real world spatial data, this is hardly ever the case. If parameter estimates are
affected as in our case, this may indicate some common spatial econometric problems, such as missing
predictors, which are picked up by the spatial error term, a spatial weight matrix or a non-linear
relationship (Diggle et al. 2000; Smith and Lee 2011; Fingleton and Gallo 2010). A likely explanation could
be that unobserved determinants of recreational visits exist, which are spatially related. Such
determinants could be manifold and include everything from site, context and methodological study
characteristics as well as their interactions. One important aspect could be related to the social-cultural
context and path dependencies, which may result in specific recreational patterns in certain countries
and regions. Also differing property rights could play an important role. Investigating human recreational
behaviour across a study area as big as Europe is such a complex issue that all of these econometric
problems may arise. There may hardly be any model that can incorporate all relevant drivers of
recreational use, their interactions and non-linear effects.

Encountering such problems is common for modelling spatial data and therefore, we have to be cautious
in interpreting p-values and parameter estimates. An option to gain further insights and confidence in
model result interpretations is to try different spatial modelling approaches and compare their results. In
particular, compare the confidence intervals of the parameter estimates (Bivand 2011; Elhorst 2010;



Gerkman 2011; Brunsdon, Fotheringham, and Charlton 1996; O’Hara and Kotze 2010). However, there
are only a very limited number of statistical R-packages that are fully developed to allow for advanced
geostatistical approaches as described in literature.

For the meta-analytic value transfer function the question of independence is of even greater concern.
As several valuation studies use different valuation methodologies to value recreation at the same site, it
cannot be assumed that these observations are independent. Even though, spatial autocorrelations of
the residuals are obvious, controlling for these correlations is rejected, because the distance between
several observations from virtually the same site is virtually zero. Statistical packages however, require a
positive distance. This problem has so far been ignored in meta-analyses of recreational values
(Ghermandi and Nunes 2013; Brander et al. 2015; Brander, Van Beukering, and Cesar 2007; Shrestha,
Rosenberger, and Loomis 2007; Sen et al. 2013; Londofio and Johnston 2012). We aimed at controlling
for spatial dependencies by introducing a random intercept for each study site, but it did not improve
the model (as identified by the AIC and BIC values). Correlations across sites may be difficult to identify,
because multiple observations per study site are only available for some of the observed sites. In
addition, if multiple observations per site exist, the number of observations per site is typically small.
Besides, we (and also the past meta-analyses cited above) find that the valuation method has a very
strong impact on the value estimate, which also complicates the identification of correlations across
observations from the same site. The fact that methodological variables are found to be the most
important predictors explaining differences across the value per visit makes it also difficult to identify
robust effects of spatial socio-economic and biophysical variables. We identify seven spatial variables
with statistically significant effects on recreational values per visit. However, reviewing past meta-
analyses on studies estimating the value per visit (Schagner, Brander, et al. submitted) find that the
identified significance levels and also the predictors’ signs differ strongly across studies for spatial
variables. Results of meta-analysis are therefore to be interpreted with caution.

5.2. Primary Data Representativeness
Another aspect of uncertainties within our predictions may be related to the representativeness of the
sites of primary data collection. All primary data used for our models is collected from literature and
publication bias may be an issue. Visitor monitoring and recreational valuation literature may not be
representative for non-urban ecosystems across Europe (Thornton and Lee 2000). Ideally, study sites of
our primary data would be randomly selected as done in ecology for estimating species distributions
(Keirle 2002). However, to the knowledge of the author, primary data has hardly been collected for
randomly selected sites. According to our experiences from collecting studies, it seems rather likely, that
our primary data is biased towards sites of relatively high recreational supply, such as protected areas
and sites that are particularly managed for recreational purpose. One exception represents a visitor
monitoring study of the UK Forestry Commission, in which several sampled forest blocks were randomly
selected. Nevertheless, the study focuses on forest only (TNS and FCS 2006; TNS and FCS 2008; TNS and
FCW 2005). However, there is little data available for any ordinary rural landscape, which is not drawn to
receive a lot of recreational visits. This may result in an overestimation of total visitors and values per
visit, because we are not certain about the extent to which our predictors capture all dimensions of
recreational ecosystem services and to what extent relationships between dependent and explanatory
variables are constant.



Similar to (Brander, Van Beukering, and Cesar 2007; Brander et al. 2015; Eagles 2014) we conclude that
there are still insufficient high quality primary data available. Quality aspects of primary studies are often
related to insufficient reporting, which hampers their use in secondary research. Often it is difficult to
identify methodologies used for primary data collection. Quality and reporting standards for primary
data collection have been repeatedly proposed in order to allow easier statistical assessments
(Eigenbrod et al. 2010; Rosenberger and Phipps 2007; Johnston and Rosenberger 2010; Schagner, Jan
Philipp et al. submitted). We find that in addition to past proposed reporting standards, spatial
information on study sites gain increasing importance. With the advancement of GIS technology, the
spatial dimension of ecosystem services has received increasing attention (Schagner et al. 2013; Maes et
al. 2012; Maes et al. 2013). Therefore, exact reporting on the investigated case study area is
fundamental, including coordinates, size and map illustration of the precise borders of the study area. If
the only available information on the study site is, for example, a name of a forest in certain country, it
may not be possible to identify the location without additional information from the study authors.
However, if the site can be identified, researchers can assess site information ex-post, display sites in GIS
maps and relate them to other spatial data. Several primary valuation studies in our data base could not
be included in our analysis due to insufficient spatial information on the study sites. Several other sites
are only approximated, which may add substantial random noise to our statistical analysis.

5.3.Drivers of the overall Recreational Values
Our predictions of the overall recreational value correlate strongly positive with the predictions of the
number of recreational visits. On the contrary, the correlations between the predicted value per visit and
the value per ha is low and negative. This indicates that spatial variations of the overall recreational
value per ha are predominantly determined by the visitor numbers and not by variations in the value per
visit. This is also supported by the mean relative deviation of the predicted visitor numbers and values
per visit, which determines the influence of the two variables’ deviations on the deviation of their
product, the value per ha. Also the primary data that is used to estimate the models show similar mean
relative deviation for these two variables. Consequently, we conclude that accurate estimates of
recreational visitor numbers are by far more important than accurate estimates of the value per visit for
deriving accurate estimates of the overall recreational value per ha. This finding has implications for
allocating future research priorities. Our results represent empirical support for similar conclusions by
(Bateman et al. 2006).

5.4. Policy Implications
The two models estimated in this studies can be used for a number of policy applications: (1) They may
contribute to the fulfilments of the EU biodiversity strategy 2020, which require EU members states to
“map and assess the state of ecosystems and their services in their national territory by 2014, assess the
economic value of such services, and promote the integration of these values into accounting and
reporting systems at EU and national level by 2020” (EC 2011) and the achievement of the Aichi Targets,
which aim at “reflecting the values of biodiversity in spatial planning and resource management exercises
including through the mapping of biodiversity and related ecosystem services” (CBD 2013). (2) The
mapped recreational visitor numbers and the economic value of recreational ESS can act as a spatial
value data base that can be used for value transfers. Policy makers can quickly derive a value estimate of
the recreational services of any NP across Europe by consulting the map. (3) The maps may contribute to



an efficient resource allocation by allowing policy makers to prioritize areas for conservation due to their
high recreational value. In addition, recreational infrastructure may be designed to match the needs of
the expected visitor numbers. Furthermore, it may be valuable to compare the model’s predictions with
real world observations on recreational use and values (if available) and, for example, investigate why
some nature areas might remain below their recreational potential and how the recreational use and its
value could be increased. However, it should be noted that the model allows only for assessments of NP.
Even if predictions can be made for a new hypothetical NP, no conclusion can be made on whether NP
designation results in an in- or decrease of recreational use and its values. (4) The model allows us to
evaluate the effect of land use policies throughout Europe on recreational services and values. (5) Finally,
the estimated recreational service values may contribute to set up a green GDP or a System of
Environmental-Economic Accounting (SEEA) as proposed by the UN (2014), which may act as a
counterpart to traditional GDP accounts and represent an additional measure for the impacts of human
action on human well-being.

6. Conclusion

Within this study we model recreational visitor numbers and the value per visit across non-urban
ecosystems throughout Europe using a large number of spatially explanatory variables. Our models fit
the data reasonably well and we identify spatial drivers or recreational services and its value.
Nevertheless, we also highlight uncertainties related to such statistical modeling approaches.

Since all our predictors are obtained from GIS raster layers, which cover the entirety Europe, the model
can be applied for ex-ante evaluation of alternative policy scenarios of change for existing NPs and on
the creation of new NPs at a European scale. This information may be useful for several policy
applications such as in planning the supply of recreational facilities such as parking and accommodation
as well as for resource allocation within conservation prioritization by identifying locations of high
recreational value and for setting up green accounting.

Investigating the effect of spatial variations in the number of visits and the value per visit for determining
the overall recreational value per ha, we find that variations in the visitor number are of substantially
higher importance. Consequently, we conclude that accurate estimates of recreational visitor numbers
are by far more important than accurate estimates of the value per visit. This finding may have important
implications for allocating future research priorities in recreational ecosystem service valuations.
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