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Protected Areas (PAs) are the most widely applied tool for biodiversity
conservation. The primary role of these areas is to protect and restore
ecosystems, but it has become increasingly evident that in order to designate
effective PAs it is also crucial to take into consideration how they contribute to
sustainable local socio-economic targets. In the past decade studies focusing on
social impacts of PAs have increasingly studied a number of impacts such as on
people’s quality of life, income and connectedness to nature. Although the
literature on social impacts of PAs has increased there is limited evidence
regarding the distribution of these impacts across different locations inside and
near PAs. Addressing this gap is useful for practitioners considering that it is now
widely accepted that social impacts are a significant predictor for the level of
public support for PA. In the current study we explore this topic and analyse the
spatial distribution of perceived social impacts in 4 European Protected Areas
using primary data from 1,251 households. We apply a new modeling framework
using Bayesian statistics revealing that social impacts are often unevenly
distributed between local communities and extend outside the boundaries of a
PA. Our analysis also shows that spatial proximity with other people (what are the
perceptions of people who live nearby) is more important for predicting most
perceived social impacts of PAs compared to how close respondents are to a PA.
Our results highlight that social impacts may be geographically unevenly
distributed in PAs and we present a new way of measuring the spatial
distribution of these impacts which can be useful for national park authorities
and in general managers of PAs.
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1 Introduction

The Designation of Protected Areas (PAs) is the most important policy internationally
for the protection of biodiversity. According to the International Union for the Conservation
of Nature (IUCN) a PA is a clearly defined geographical area, recognised, dedicated and
managed, through legal or other effective means, to achieve the long-term conservation of
nature with associated ecosystem services and cultural values (Day et al., 2012). At an
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international level, approximately 17% of terrestrial and inland
water areas and 8% of coastal waters and the ocean consist of
PAs (UNEP, 2021).

Europe is the region in the world with proportionally the highest
number of PAs (European Environment Agency, 2017). Currently, it
is estimated that approximately 22.7% of land and 8.25% of water is
protected in the region under a mosaic of designations such as the
NATURA 2000 network (areas listed under both the Habitats and
Birds Directives 92/43/EEC, 2009/147/EC), the Ramsar convention
and nature reserves (https://biodiversity.europa.eu/protected-areas/
coverage-representativity). Despite the wide designation of PAs,
human pressures on biodiversity remain significant in the
European region (Mammides et al., 2020). To address this
challenge the new EU Biodiversity Strategy for 2030 states that
PAs will remain an instrumental policy tool for the protection of
biodiversity in the European region having also a significant role for
the mitigation of the adverse impacts of climate change (European
Commission, 2020). Specifically, the strategy aims to conserve 30%
of the land area and 30% of the sea area in the European Union in
line with the Kumnig-Montreal Global Biodiversity Framework
(https://www.cbd.int/gbf/).

Although PAs were initially designed as a policy tool to protect
biodiversity, it is now widely recognised that their role should be
much broader and PAmanagement plans need also to promote local
socio-economic priorities. This is because the ecological and social
effectiveness of PAs is closely interconnected (Ban et al., 2019).

One of the most important obstacles in designating effective PAs
is the lack of consideration of social impacts. Although PAs can have
significant positive social impacts, including beneficial effects on
health and wellbeing (Romagosa, 2018; Burdon et al., 2019;
Rodrigues et al., 2022) they can also have social costs for certain
groups in the local communities living inside or near their borders
(Jones et al., 2020a). The designation of PAs often introduces
fundamental changes to local and regional economies and
societies, such as restrictions on fishing and logging activities
(Lockwood, 2010; Brandt et al., 2015; Schreckenberg et al., 2016;
Campbell et al., 2017; Ban et al., 2019; Bennett et al., 2019). These
negative impacts on local communities often results in inefficient PA
management (Rife et al., 2013) where locals ignore PA regulations
resulting in significant damage to biodiversity.

Following the Convention of Biological Diversity and Aichi
target 11 (CBD, 2020) several studies focused on issues of social
equity in PAs (Franks et al., 2018; Zafra-Calvo et al., 2019),
emphasizing the need to conduct subjective assessments of social
impacts (capturing perceived social impacts) (Bennett et al., 2019;
Jones et al., 2020b) and explore how these impacts are distributed
between different stakeholders (de Lange et al., 2016; Oldekop et al.,
2016). Social impacts are important as they are closely linked with
the level of public support for PAs with higher benefits resulting in
higher levels of acceptance (Bennett et al., 2019; Buta et al., 2014;
McGinlay et al., 2023).

Despite the increase of studies on this topic, there is very
limited evidence regarding the spatial distribution of impacts
within a PA and thus there is a lack of evidence regarding
whether benefits and costs of PAs are distributed in an
equitable manner across different communities living near or
inside a PA. An existing study has found that living near a PA
has a positive effect on wellbeing levels in countries in the Global

South (Naidoo et al., 2019). Furthermore, Jones et al. (2020b)
found that an individual’s location in the PA is an explanatory
parameter for people’s wellbeing level. Going beyond these two
publications, no study currently exists that explores how social
impacts of PAs are distributed across different communities and
what are the key factors explaining spatial variations of social
impacts. A key question that remains unclear is whether PAs are
equitable from a spatial perspective or are there issues with the
distribution of social impacts? As a result of the lack of studies
there is also no suggested methodology in the literature on how to
assess the spatial distribution of social impacts.

This is an important area of research considering that PAs are
primarily a spatial policy tool with a geographical focus (IUCN,
2008). Specific boundaries of the PA are set within which certain
restrictions exist for locals. In this study, we contribute to this line of
enquiry and explore whether the location of residents in a PA along
with other social factors influence the outcomes people perceive as a
result of a PA. These include the impact of the PA on their personal
income, their quality of life, their involvement in recreational
activities, how well they are connected to nature and their
relations with other members of the local community. In order
to explore potential links between people’s location and perceived
social impacts we propose a new modeling framework utilizing data
from 1,251 structured questionnaires distributed to local residents of
four European PAs.

2 Methods

2.1 Data collection

In order to explore the spatial distribution of perceived social
impacts we collected primary data using structured questionnaires
from four PAs between 2020-2021: Prespes National Park
(Greece), Pieniny National Park (Slovakia), Eifel National Park
(Germany) and Peak District National Park (United Kingdom)
(Figure 1).

The four PAs were selected based on the following criteria: a)
areas that have local communities living inside their boundaries; b)
areas that are large enough to allow the exploration of spatial
distribution; c) areas that are designated as National Parks and
managed mainly by the state so that when comparing the results the
governance framework is similar; d) areas that are in Europe as they
fall under similar legislative framework.

Data on perceived social impacts of residents of the PAs were
solely related to impacts of specific the PA each respondent resides
and not to other remaining protected areas.

In all research areas, the sampling frame included those who live
inside the PA or within a 10 km buffer zone around the PA
boundary. The specific distance from the borders of the PAs was
inspired by previous research (Oldekop et al., 2016; Naidoo et al.,
2019) arguing that the distance of 10 km could be considered the
threshold at which PAs can exert socio-economic impacts to
residents. Details of the research areas, the sampling frame, the
sample and the mean of survey distribution are available in Table 1.
Due to the low response rate expected in online surveys the sample
invited to participate to these surveys was much higher compared to
the one of the face to face surveys.

Frontiers in Environmental Science frontiersin.org02

Jones et al. 10.3389/fenvs.2023.1229437

https://biodiversity.europa.eu/protected-areas/coverage-representativity
https://biodiversity.europa.eu/protected-areas/coverage-representativity
https://www.cbd.int/gbf/
https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://doi.org/10.3389/fenvs.2023.1229437


2.2 Questionnaire description

The questionnaire captured perceptions about social impacts of
the PA, socio-economic attributes and the location of the individual.
We explored perceptions of 5 types of social impacts: Personal
income, quality of life, recreation, connectedness to nature and
social relations. These were considered to be the most frequent
impacts noted in PAs in Europe based on a recent literature review
(Jones et al., 2020b).

Geographical coordinates of local residents’ were used to
capture the location of the respondents at village/town level
(i.e., urban areas within or at a maximum of 10 km distance

from borders of PAs). Regarding the independent variables a
number of socio-economic indicators were captured which have
been identified in the literature as potential determinants of
people’s perceptions of PAs (Table 2). These included: a) place
attachment (Lin and Lockwood, 2014); b) subjective wellbeing
(Jones et al., 2020b); c) trust in institutions managing the PA
(Cherry et al., 2018; Bennett et al., 2019); d) demographics (gender,
age, education and income) and e) personal socio-environmental
values (Stern et al., 1999; Lopez-Mosquera and Sanchez, 2012;
Wynveen et al., 2015). A detailed description of dependent
variables (impacts) and independent variables is provided in
Table 2.

FIGURE 1
Location of the case study areas.

TABLE 1 Characteristics of PAs and details of distribution process.

Type of PA,
size in km2

Year of
establishment

Socio-economic
activities

Approximate
sampling frame

Sample invited
to participate

Final
sample

Distribution

Research
area

Pieniny Terrestrial (37.5) 1967 Tourism and
recreation, logging,
agriculture

2,000 500 223 Face to face
(2021)

Eifel Terrestrial and
wetland (110)

2004 Tourism and
recreation, logging

6,000 6,000 309 Online (by
invitation)

Prespes Terrestrial and
wetland (195)

2003 Tourism and recreation
fishing, agriculture

2,000 400 308 Face to face
(2020)

Peak
District

Terrestrial
(1,438)

1951 Tourism and
Recreation agriculture

44,000 4,000 411 Online (by
invitation)
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2.3 Data analysis

We developed a detailed methodological framework in order to
explore the spatial distribution of social impacts in the PAs and also
investigate whether spatial aspects may influence perceived social
impacts (see also Figure 2).

Step 1:We first examined overall spatial effects through the calculation
of Global Moran’s I statistic of spatial autocorrelation which is
frequently used for ecological data (Beguin et al., 2012; Gaspard
et al., 2019; Legendre, 1993; Lichstein et al., 2002). In this study
Moran’s I are used to estimate if one respondent’s perceptions of
social impacts are similar/dissimilar to the perceptions of social impacts
of other respondents located nearby or whether location does not play
any role at all. A detailed description of the Global Moran’s I statistic
process is included in Supplementary Appendix SB. In particular, we
calculated global Moran’s (for the complete datasets) and local Moran’s

I statistic (for sub-regions within each PA) for a more refined
examination of existence of spatial autocorrelations in the data.

Step 2: Spatial maps were created, using ArcGIS, visualizing the
distribution of impacts across different areas and the estimated
Moran’s values. To identify the location of potentially significant
clusters, constructed spatial maps were also created. All spatial maps
for the visualization of the spatial clustering of perceived impacts in the
study areas were constructed with the use of QGIS software (QGIS
Development Team, 2015). Further details regarding the construction
of the maps are available in Supplementary Appendix SB2.

Step 3: Bayesian regression spatial modeling was used for the in-depth
investigation of different spatial effects including the role of
respondent’s location in relation to the PA and the role of spatial
proximity between local residents regarding their views of perceived
impacts. The former type of spatial information was measured through

TABLE 2 Description of dependent variables (impacts) & independent non-spatial variables.

Category Question Scale of measurement

Dependent variables Social impacts How has the designation of the PA impacted
you regarding the following issues in the past
years?

Personal Income 5-point Likert scale: 1-very negative impact,
5- very positive impact, 3- neutral/no impact

Your quality of life

Your involvement in
recreational activities

Social relations with
locals

Your connectedness to
Nature

Non-spatial
independent
variables

Place attachment
(Block A)

Place attachment This area means a lot
to me

5-point Likert scale: 1-lowest level of
agreement, 5-highest level of agreement

Subjective wellbeing
(Block B)

Level of satisfaction with quality of life I am satisfied with my
quality of life

5-point Likert scale: 1-lowest level of
agreement, 5-highest level of agreement

Trust in institutions
(Block C)

Trust in governance institutions: How much
do you trust the following institutions

PA Management
Authority

5-point Likert scale: 1-lowest level of trust, 5-
highest level of trust)

Local government

Sociodemographics
(Block D)

Demographics Gender Categorical: Male/Female/Other

Education Categorical: Primary, Secondary and
Vocational, Higher Education

Age Categorical (1: 18-25; 2: 26-35; 3: 36-45; 4: 46-
55; 5: 56-65; 6: 66+)

Income Categorical: No income, Low, Middle, High

Values (Block E) Values: Which degree of importance do you
attach to the following values in your life?

Respecting the Earth 5-point Likert scale: 1-lowest degree of
importance, 5-highest degree of importance

Being Helpful to others

Being influential

Equal opportunities
for all

Being wealthy

Unity with nature
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two distinct distances (measured in km): the distance (Euclidean and
driving) from the centroid of the protected area and the distance
(Euclidean and driving) from the border of the protected area. In
addition, we estimated the driving distance (km) and driving time (in
minutes) of each resident to the centroid/border of their protected area.
Euclidean distance between residents was also utilized. Table 3 presents
the different spatial variables included in the model.

Step 4: In this last step, a two-stage modelling approach was followed.
Initially models were fitted including non-spatial independent variables
to explain social impacts of respondents (these variables are presented in
detail in Table 2). Then, upon selecting the statistically significant
independent non-spatial variables, spatial measures were added in the

models to explore the simultaneous effect of spatial and non-spatial
information on social impacts. We used Bayesian statistics and
employed suitably chosen regression models that combine both
typical explanatory variables along with spatial information that is
included in the models in the form of spatial components. Due to few
missing data in certain variables, a multiple imputation (MI)
methodology was applied, which is considered one of the most
reliable processes for handling missing data in multivariate analysis
(Rubin, 1996; Schafer and Graham, 2002). To performMI, the SPSSMI
module was utilized (IBM Corp. Released, 2020).

To model the social impacts of PAs, we used a set of explanatory
variables (see Table 2). The selected predictor variables were included
in the regression modeling as blocks, based upon the associations of

TABLE 3 Description of spatial variables used as predictors of impacts.

Spatial variables Description

Spatial proximity The average distance (in km) of each resident from other local residents in each PA

Euclidean distance from centroid of PA The straight line distance (in km) from the centroid of the highest protection zone to the centroid of the urban area* where each
respondent is located

Euclidean distance from border of PA The straight line distance (in km) from the border of the highest protection zone to the centroid of the urban area where each
respondent is located

Driving distance from centroid of PA The driving distance (in km) from the centroid of the highest protection zone to the centroid of the urban area where each
respondent is located

Driving distance from border of PA The driving distance (in km) from the border of the highest protection zone to the centroid of the urban area where each respondent
is located

Driving time from centroid of PA The driving time (in min) from the centroid of the highest protection zone to the centroid of the urban area where each respondent
is located

Driving time from border of PA The driving time (in min) from the border of the highest protection zone to the centroid of the urban area where each respondent is
located

(*) Urban areas: villages/small towns located within the boundaries of the PAs, or at a maximum distance of 10 km outside the geographical boundaries of the PAs.

FIGURE 2
Step-by-step description of methods of the current study.
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certain variables to each other. We compared the performance of
three modelling specifications under the wider family of Generalized
Linear Models (GLMs) (Gaussian, Poisson and a logistic regression
model with a logit link function). In all models the dependent
variables were the five impacts, and predictors were the 5 blocks of
predictors (A, B, C, D and E) (Table 2). Using a forward stepwise
process, where each block of independent variables is added in the
previous regression model, we select the best fitted model to the data.
At a next stage, we analyzed the relationship between social impacts
and spatial dependence using a variety of distance measures by means
of the generalized regression modeling (GLM) approach and the best
selected models of the 6 blocks of control variables following the
Bayesian paradigm (Lindley, 1983). All analyses were carried out
using the WinBUGS software (Lunn et al., 2000).

A detailed description of statistical regression models utilized for
our analysis is included in Supplementary Appendix SB3.

3 Results

3.1 Social impacts

Regarding perceived social impacts all 5 impacts measured in the
questionnaire were considered beneficial by respondents or as
having no impact with average scores being over or very close to
the average score of 3. Table 3 presents the mean score for each
impact in each PA. Impact on income was considered as the least
positive in all study areas compared to the other four impacts.
Higher benefits were recorded in the Peak District National Park
(Table 4) where 4 out of the 5 impacts had an average score over 4.

3.2 Spatial distribution of social impacts

The global Moran’s values indicated a positive and statistically
significant (p-value<0.1) spatial autocorrelation (I > 0) formost impacts
(Table 5). This result reveals significant spatial dependence in the
majority of perceived social impacts in all PAs of our study. In the
next sections we present the spatial distribution of impacts in each case
study. We also include one example map for each case study visualising
the average distribution of one impact along with the average local

Moran’s I values for each sub-region (Figures 3-6). Maps for the
remaining impacts are included in the Supplementary Appendix SC.

3.2.1 Eifel National Park
In Eifel National Park, all impacts were evaluated above the mean

value of the Likert scale, revealing several benefits for local communities.
Most important positive impact was connectedness to nature followed
by quality of life. In terms of spatial variation, there were similarities in
the responses of participants especially in areas where people thought
that the benefits were not as important (compared to other areas of the
national park) (Figure 3). Furthermore, respondents in the South and
East of the park and in one area in theNorth perceivedmore benefits for
their quality of life. In terms of impact on recreation, areas where higher
scores were noted also tended to be dissimilar. Areas with lower benefit
scores, such as areas that are enclosed by the park, had high positive
localMoran’s I suggesting that respondents share their views (responses
were more similar on these locations).

3.2.2 Peak District National Park
In the PeakDistrict, overall, respondents perceive significant benefits

from the existence of the park. This is more evident for the impact of the
park on Quality of Life, Recreation and Connectedness to Nature
(Table 4). Regarding similarity of values within locations our results
show that there is a tendency for these values to be similar in areas where
people perceive higher benefits on personal income (Figure 4). Higher
values for the impact on quality of life correlate with a slight level of
similarity between respondents. No spatial variation was noted for
connectedness to nature whereas impact on social relations tended to
be more beneficial in the north, central and east regions of the park.
However, these areas tend to have dissimilar values where the lowest
impact average area has the highest level of similar values.

3.2.3 Pieniny National Park
In Pieniny National Park urban communities, such as Spisska Stara

Ves, had higher perceived social impacts overall. Impact on Quality of
Life was themost important benefit according to respondents (Table 4).
In terms of spatial variations, impact on income and social relations
values tend to be similar across the locations of the park (Figure 5). In
the remaining three impacts (Quality of Life, Recreation and
Connectedness to Nature) the local Moran’s I values tend to suggest
higher dissimilarity between locations.

TABLE 4 Average impacts for the 4 PAs (standard deviation in parentheses).

PA Impact on personal
income

Impact on quality
of life

Impact on recreational
activities

Impact on connectedness
to nature

Impact on social
relations

Eifel 3.13 3.76 3.84 3.99 3.35

(0.50) (0.99) (1.14) (0.95) (0.67)

Peak
District

3.59 4.71 4.57 4.75 4.45

(1.01) (0.69) (0.86) (0.63) (0.80)

Pieniny 3.23 3.78 3.81 3.89 3.41

(0.68) (0.83) (0.84) (0.89) (0.79)

Prespes 2.99 3.66 3.63 3.81 3.10

(1.02) (1.11) (1.13) (1.19) (1.13)

All questions were measured on a 5-point Likert scale with 1 representing very negative impact, 3 ‘no impact’ and 5 ‘very positive impact’/benefit.
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TABLE 5 Moran’s I global index along with corresponding significances for each social impact in each PA.

Protected Area Income Quality of life Recreational activities Connectedness to nature Social relations

Eifel n.s 0.051*** 0.116*** 0.055*** n.s

Peak District n.s n.s n.s −0.066** n.s

Pieniny n.s 0.062** n.s 0.061** n.s

Prespes 0.070*** n.s 0.125*** 0.104*** 0.067***

aIndex significant at 10% significance level, ** 5% significance level, *** 1% significance level; n. s.: Non-significant spatial autocorrelation.

FIGURE 3
Spatial distribution of connectedness to nature in Eifel National Park (alongside local Moran’s I results).

FIGURE 4
Spatial distribution of impact on personal income in the Peak District National Park (alongside local Moran’s I results).
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3.2.4 Prespes National Park
In Prespes National Park social impacts were evaluated lower

compared to the other 3 sites of our study (Table 4) with lowest
values noted for impact on income. In the north-west of the park, on the
shore of lake Prespa, low impact scores are noted with high spatial
similarity. On the contrary, respondents from the eastern parts of the
park noted higher benefits but there is more specific pattern of spatial
similarity or dissimilarity. This suggests a high level of variation in the
impact effect across the different social indicators.

3.3 The effect of spatial and non-spatial
parameters on perceived social impacts

We completed a two-stage analysis to select the statistically
significant non-spatial independent variables and then at a second
stage we add the three spatial components to select between them
the best indicator. This process allowed us to select the best model

that includes the best performed non-spatial and spatial
independent components.

3.3.1 Effect of non-spatial parameters
Results of the best model fit in terms of distributional specification

for the response variables, utilizing the non-spatial independent
indicators (first stage of step 4 in our methodology including the
non-spatial variables) are included in the Supplementary Appendix
Tables SA3, 4. Inspection of the model fit outputs reveals that Poisson
regression gives the most parsimonious results in terms of variable
selection, with this modeling specification providing the smallest
number of statistically significant predictors when compared to
other choices. Upon selecting the best regression models for the
prediction of the five impacts, given by the ordinal logistic models
fitted to the data, we can see that in all cases, all predictors are
statistically significant (see Supplementary Appendix Tables SA2.

Table 6 presents the estimated median coefficients for the best
selected models for each social impact, based upon the goodness-of-fit

FIGURE 5
Spatial distribution of impact on personal income in Pieniny national park (alongside local Moran’s I results).

FIGURE 6
Spatial distribution of connectedness to nature in Prespes national park (alongside local Moran’s I results).
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selection. It is noted that among the most important non-spatial
predictors of social impacts are “Place attachment” and “Subjective
wellbeing”, both affecting positively and significantly all social impacts.
Personal environmental values indicator is positively associated with all
perceived impacts. Positive connection in four out of the five impacts
were found for trust in the management authority of the park. It is

interesting though that trust in the national government is associated
with perceived social impacts in a negative way.

Respondents aged 26–35 years had the most negative
perceptions on social impacts, in comparison to citizens of all
other age categories. Education was also a significant predictor of
social impacts in four out of the five models, with people of lower

TABLE 6 Parameter estimates (median values) along with 95% credible intervals (in the parentheses) for the statistically significant covariates in the best selected
regression models for the five perceived social impacts.

Impact on personal
income

Impact on quality of
life

Impact on
recreational
activities

Impact on
connectedness to

nature

Impact on social
relations

Covariate Parameter estimate
(95% credible

interval)

Parameter estimate
(95% credible

interval)

Parameter estimate
(95% credible

interval)

Parameter estimate
(95% credible interval)

Parameter estimate
(95% credible

interval)

Constant n.s 3.56 (0.26, 4.91) n.s n.s 2.48 (1.67, 3.89)

Place
attachment (A)

0.31 (0.16, 0.44) 0.61 (0.47, 0.75) 0.48 (0.35, 0.61) 0.62 (0.48, 0.77) 0.42 (0.29, 0.56)

Subjective
wellbeing (B)

0.57 (0.39, 0.71) 0.55 (0.39, 0.69) 0.31 (0.16, 0.43) 0.37 (0.23, 0.53) 0.41 (0.27, 0.55)

Trust MA (C1) n.s 0.41 (0.29, 0.53) 0.39 (0.27, 0.51) 0.46 (0.34, 0.59) 0.34 (0.23, 0.46)

Trust
government (C2)

−0.13 (−0.25, −0.02) −0.21 (−0.32, −0.10) −0.16 (−0.26, −0.04) −0.27 (−0.39, −0.15) −0.12 (−0.23, −0.03)

Gender (ref. category: Female)

Male n.s n.s n.s n.s n.s

Age (ref. category: 65+)

18-25 n.s n.s n.s n.s −1.25 (−1.82, −0.67)

26-35 −0.59 (−1.12, −0.08) −1.25 (−1.78, −0.73) −0.54 (−1.06, −0.05) −0.85 (−1.43, −0.29) −0.74 (−1.23, −0.26)

36-45 n.s −0.98 (−1.44, −0.51) −0.52 (−0.99, −0.07) −0.56 (−1.07, −0.07) −0.91 (−1.33, −0.50)

46-55 n.s −0.83 (−1.31, −0.35) n.s −0.55 (−1.08, −0.05) −0.53 (−0.96, −0.10)

56-65 n.s −0.62 (−1.12, −0.11) n.s n.s n.s

Education (ref. category: Higher education)

Primary level n.s −1.09 (−1.56, −0.64) −0.89 (−1.35, −0.42) −1.15 (−1.61, −0.67) −0.64 (−1.11, −0.16)

Secondary and
vocational

n.s −0.43 (−0.68, −0.18) −0.31 (−0.55, −0.07) −0.38 (−0.64, −0.13) n.s

Income (ref. category: High)

None n.s n.s n.s n.s n.s

Low n.s n.s n.s n.s n.s

Medium n.s n.s −0.37 (−0.68, −0.06) −0.41 (−0.71, −0.08) n.s

Respect
Earth (E1)

0.21 (0.04, 0.41) 0.37 (0.16, 0.53) 0.44 (0.25, 0.62) 0.39 (0.20, 0.61) 0.31 (0.12, 0.51)

Unity (E2) n.s n.s −0.19 (−0.37, −0.02) n.s n.s

Helpful (E3) n.s n.s n.s 0.22 (0.04, 0.39) 0.25 (0.04, 0.45)

Equality (E4) n.s n.s n.s 0.25 (0.09, 0.41) −0.20 (−0.38, −0.03)

Influential (E5) n.s n.s n.s n.s n.s

Wealthy (E6) n.s −0.22 (−0.36, −0.09) n.s n.s −0.16 (−0.29, −0.02)

n.s.: Non-significant parameter.
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educational levels generally perceiving lower benefits in comparison
to respondents with a higher educational level. Other demographic,
such as gender and income, did not seem to have a significant role in
explaining variations of social impacts.

3.3.2 Results of a model exploring the effect of
spatial and non-spatial components

Table 7 presents the results of model fit for the ordinal logistic
regression as selected from the non-spatial analysis, with the
addition of the various distance measures (spatial independent
variables, Table 7). Our results reveal that spatial proximity
between local residents is a better measure of spatial dependence
for explaining variations in perceived impacts when compared to
other types of spatial dependence, i.e., relative location and
accessibility to the PA. This significant effect of proximity is clear
on all impacts except for impact on income, where it seems that
spatial effects are not important for its estimation (the inclusion of
each one of the spatial variables either increases or keeps at the same
levels goodness-of-fit statistics produced by the non-spatial
regression models-differences in the DIC values are below the
3 units which is required for indication of statistical difference
between fitted models).

When comparing the other three types of spatial distance
(Euclidean and driving distance from centroid/border of PAs,
driving time from centroid/borders), no large differences are
observed.

The Euclidean distance from the centroid of the PAs results to
models with a better fit compared to other type of distances for all
impacts apart from income. This is an indication that the location of
respondents in relation to the centroid of a PA is more important
compared to accessibility to the national park (measured with
driving distance and driving time in our study).

As a final assessment of model performance, for the best selected
spatial models for the five impacts we assessed predictive
performance visually by constructing spatial maps combining the
observed values of impacts with their predictive values as obtained
by the spatial regression modeling. Figure 7 compares observed with
predicted values for the impacts on income and connectedness to
nature. Blue points in the graphs indicate a good predictive
performance (observed value falls within the 95% credible
intervals of prediction), whereas red points indicate poor
performance (observed value falls outside the 95% credible
intervals). According to these figures the impact on income
spatial model presented the best fit to the data (Figure 7). Social
relations, recreation and quality of life also predicted relatively good
fit, with few exceptions of values falling outside the credible intervals.
Connectedness to nature had the worst fit of all impacts. The
performance plots for the rest of the impacts in each national
park in our study have been included in the Supplementary
Appendix SC.

4 Discussion

In this study we examined the geographical distribution of social
impacts in four European Protected Areas as these are perceived by
local communities. Our analysis explores how social impacts are
distributed in different locations within or close to a PA and also
whether the location of the respondent in relation to the boundaries
of the PA influence their perceptions.

Our results show that there are differences on how social
impacts are distributed across different communities living inside
or very close to the boundaries of a PA. For example, in Pieniny
National Park it was noted that urban communities (Spisska Stara

TABLE 7 Fit statistics for the best selected models with additional spatial components (in bold the lowest fit values indicating best fit for models including only
statistically significant predictors).

Distance Fit
statistics

Impact on
personal
income

Impact on
quality of life

Impact on
recreational
activities

Impact on
connectedness to
nature

Impact on
social relations

Spatial proximity Deviance 2,563 2,525 2,785 2,420 2,774

DIC 2,589 2,552 2,811 2,447 2,800

Euclidean distance
from centroid

Deviance 2,564 2,562 2,799 2,436 2,813

DIC 2,590 2,589 2,825 2,462 2,839

Euclidean distance
from border

Deviance 2,562 2,567 2,803 2,437 2,819

DIC 2,587 2,594 2,829 2,463 2,845

Driving distance
from centroid

Deviance 2,563 2,566 2,801 2,437 2,815

DIC 2,588 2,592 2,827 2,464 2,840

Driving distance
from border

Deviance 2,562 2,570 2,806 2,439 2,815

DIC 2,588 2,597 2,832 2,467 2,842

Driving time from
centroid

Deviance 2,561 2,570 2,806 2,439 2,815

DIC 2,587 2,597 2,831 2,467 2,842

Driving time from
border

Deviance 2,562 2,570 2,806 2,437 2,816

DIC 2,589 2,597 2,833 2,465 2,842
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Ves) have higher perceived social impacts revealing a better
appreciation of the contribution of the park on how they connect
to nature and their quality of life. In Prespes National Park our
results show that those who live closer to the park perceive lower
benefits regarding certain impacts. These findings may reveal issues
with uneven geographical distribution of social impacts in protected
areas.

In order to understand why social impacts may be unevenly
distributed we explored whether spatial differentiations in social
impacts are attributed to the location of the individual (in relation to
the boundaries of the PA) or whether this is explained by other social
parameters. From the global and local Moran values analysis we note
a significant spatial dependence in most perceived social impacts in
the four PAs under study. Our results showed that proximity of
respondents to each other is the most important determinant of
perceived social impacts when compared to all 7 spatial measures
included in the study, including proximity to the border and
proximity to the centroid of the PA (average distance, straight
line, driving distance). This result reveals that the proximity to
the border of the PA determines to some extent how people perceive
social impacts but a more important predictor are the perceptions of
people who the respondent lives nearby. This was particularly
evident in the case of negative perceptions as in areas where
people tended to perceive lower benefits participants tended to
have similar perceptions. This result was verified in the four out
of the five impacts, with the exception of impact on income. It seems
that when people consider impact of PAs on income, the spatial

proximity is no longer a significant connecting factor for similar
perceptions, in comparison to all other perceived impacts. This
result may be explained considering that impact on income is
expected to be closely linked with touristic activities and the
location of specific infrastructure within a national park. Thus,
perceptions may be influenced more by the proximity of
economic activities rather than the community within which an
individual lives and we would propose that additional research is
conducted in this direction.

As proximity cannot be seen in isolation as an indicator explaining
perceived social impacts we also tested whether other social parameters
influence perceptions. We used indicators that have been highlighted in
the literature as potential predictors of people’s perceptions for PAs
(Lopez-Mosquera and Sanchez, 2012; Steg et al., 2018; Lin and
Lockwood, 2014; Wynveen et al., 2015; Cherry et al., 2018; Bennett
et al., 2019; Jones et al., 2020b). Apart from location, one of the most
important parameters explaining perceived social impacts was place
attachment. This result is in line with findings from Buta et al. (2014)
where place attachment was found to influence pro-environmental civic
engagement beliefs for PAs (Buta et al., 2014). Another indicator
influencing perceptions of social impacts in our study was the level
of trust in the PA management authority with residents who trusted the
park authorities perceiving higher benefits. This type of trust can be
considered a governance indicator and has been linked to public
acceptance for PAs in previous studies (Cherry et al., 2018; Bennett
et al., 2019). A possible explanation is that trust is linked with
transparency aspects in PA management (Gall and Rodwell, 2016;

FIGURE 7
Predictive spatial maps for the 4 PAs for impact on income.
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Engen et al., 2018). Thus in cases where people feel that management
authorities are transparent via channels of communication may also
perceive higher benefits. These results can be helpful for practitioners
when trying to explore the level of impacts of PAs as these are perceived
by local communities.

When looking at the fit of the models we also noted that the
location of the individual and social parameters contribute significantly
in predicting all perceived impacts apart fromConnectedness toNature.
A possible explanation is that connectedness to nature may not be
linked directly to the location of the respondents in relation to a PA and
its wider impacts compared to other social outcomes such as recreation
and income.

These findings show that future research would benefit from
exploring not only how impacts are distributed across different
groups but also how these impacts are distributed within the
geographical area of a PA and beyond its boundaries. This is an
important topic considering that Aichi Target 11 in the Convention
of Biological Diversity (CBD, 2020) highlights the need to consider
issues of social equity and governance in PAs. In this context, social
impacts play a central role but themajority of studies so far have focused
on the distribution of impacts across different stakeholders (e.g., de
Lange et al., 2016; Dawson et al., 2017). Since PAs are spatially designed
and their social and economic restrictions are influenced by
geographical boundaries policymakers would benefit, when
attempting to address issues around social equity, to also consider
that the designation of a PA will impact different areas of a PA in
different ways. Our study provides a step-by-step methodological
approach which can be useful for practitioners interested in
capturing the spatial distribution of social impacts in their area.

5 Conclusion

In this study we explored the distribution of social impacts in four
European PAs focusing on the spatial distribution of social impacts as
these are perceived by local communities living near or inside PAs. We
applied a new modeling framework using spatial autocorrelation
analysis, spatial GIS mapping and Bayesian regression analysis taking
into account three sources for spatial effects: spatial proximity between
local residents, spatial distance from the centroid of a PA and distance
from the border of a PA. Our analysis reveals that spatial proximity of
respondents is more important for predicting perceived impacts of PAs
than the other two types of spatial effects. Other social predictors of
perceived impacts are place attachment, trust in institutions and an
individual’s subjective wellbeing confirming previous studies. We argue
that apart from exploring the distribution of impacts across different
stakeholders, practitioners may find useful to consider also the spatial
distribution of these impacts across different geographical areas of a PA.
Conducting social impact assessments with a spatial angle can be
essential in order to plan interventions mitigating negative impacts in
areas of PAs which can be considered more disadvantaged compared to
others receiving a variety of benefits such as increase of income from
tourism and direct access to recreational activities. Through such
interventions practitioners can maximise nature’s contributions to
people across all areas of a PA leading also to higher levels of
support for the designation of these areas.
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