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Abstract

Context The difficulty of analysing resilience and
threshold responses to changing environmental driv-
ers becomes evident in the social-ecological systems
framework due to their inherent complexity. Research
is needed to develop new tools able to deal with such
challenges and determine potential thresholds for
SES variables that primarily influence tipping point
behaviour.

Objectives In this paper, a methodology based on
the application of Bayesian Networks (BNs) has been
developed to quantify the social-ecological resilience
along an urban-rural gradient in Madrid Region,
detecting the tipping point values of the main socio-
economic indicators implying critical transitions at
landscape stability thresholds.
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Method To do this, the spatial-temporal trends of
the landscape in an urban—rural gradient from Region
de Madrid (Spain) were identified, to then quantify
the intensity of the changes and explain them using
BNs based on regression models. Finally, through
inference propagation the thresholds of landscape
change were detected.

Results The results obtained for the study area indi-
cate that the most resilient landscapes analysed are
those where the traditional silvo-pastoral activity was
maintained by elderly people and where there is cohe-
sion between neighbouring rural municipalities.
Conclusion The method developed has allowed us
to detect the tipping points from which small changes
in socioeconomic indicators generate large changes at
the landscape level. We demonstrate that the use of
BNs is a useful tool to achieve an integrated social-
ecological spatial planning.

Keywords Social-ecological planning - Tipping
points - Traditional ecological knowledge -
Landscape—socioeconomic interactions - Landscape
vulnerability - Innovative methodological approach

Introduction
In the last decades, the studies of social-ecological
systems (SES), integrating socioeconomic and eco-

logical dimensions, have increased exponentially.
The result of this co-evolutionary adaptation between
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structures provides a powerful framework for under-
standing the highly dynamic interactions of social and
ecological changes (Liu et al. 2007; Ostrom 2009;
Gatzweiler 2014). In these systems, the role of human
beings is usually the main driver of changes in the
ecological regime, generating alterations of ecosys-
tems such as biological invasions, loss and degrada-
tion of habitat, appearance of new diseases and cli-
mate change (Allen et al. 2016). In this context, the
resilience concept is the central framework that links
SES. Resilience is understood as an emerging prop-
erty of socio-ecosystems that determines ecosystem
stability and its ability to increase its capacity to learn
and adapt in response to natural or human-induced
perturbations (Holling 1973; Lenton et al. 2008). The
concept of ’social-ecological resilience’ integrates
the study of landscape change intensity as a conse-
quence of socioeconomic alterations (Perz et al. 2012;
Salvati et al. 2013), since landscape is the result of
interactions among society, economy and ecosystems
(Lepart and Debussche 1992; Sirami et al. 2010).
Quantifying and understanding SES resilience allows
to predict and adapt to landscape changes (Hu et al.
2018) and, together with vulnerability to land degra-
dation, is an important tool for sustainable land use
planning and decision-making (Salvati et al. 2013).
Resilience and vulnerability represent two
related, yet different, approaches to understanding
the response of SES to change (Miller et al. 2010).
In this sense, vulnerability is defined as the degree
to which a system or system component is suscep-
tible to sustaining damage from a hazard (Turner
et al. 2003). Vulnerability assessments need to be
robust and consider the hazards (perturbations or
stressors) that can affect the resilience of the system
in question. To identify resilience and vulnerabili-
ties it is also important to detect the complex sys-
tems of threshold responses to drivers of change, as
well as breakpoints or tipping points that may result
in critical effects on a system (Nitschke and Innes
2008; Scheffer et al. 2012; Capon et al. 2015; Reyer
et al. 2015). Nevertheless, thresholds are difficult
to determine and few empirical studies quantify the
amount of disturbance a system can absorb before
changing to another state (Walker and Meyers 2004;
Renaud et al. 2010; Angeler and Allen 2016). The
concept of tipping point was defined by van Nes
et al. (2016) as “thresholds of localized effects,
including ecological, socio-cultural or economic
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system properties, which occur when small changes
in pressures induce large, abrupt changes in sys-
tem properties” (SES, in our case). Acceleration is
caused by positive feedback driving the system to a
new state.

The difficulty of analysing resilience and thresh-
old responses to changing environmental driv-
ers becomes evident in the SES framework due to
their inherent complexity. Frequently, the different
theoretical interpretations of the concept of socio-
ecological resilience and the existing gap between
the theoretical and methodological development to
measure it create confusion in its empirical applica-
tion, which suggests that this area of study still faces
some challenges. Including both socioeconomic and
natural variables often lead to complicated model-
ling tasks (different sources of information, metrics,
units, among others). Furthermore, the interaction
of fast and slow variables between social and eco-
logical systems generates complex dynamics and
makes it difficult to identify system thresholds. It is
also noteworthy that the development of new tech-
nologies allows for a spread in data availability and
complexity, which, at the same time, increases the
uncertainty inherent to the data and the system. A
review of the literature on this topic illustrates the
state of the art of social-ecological resilience evalu-
ation and reveals that, in general, the choice of a cer-
tain method depends on the context, the availability
of the necessary information or the research questions
(Gonzélez-Quintero and Avila-Foucat 2019; Schwind
et al. 2016). Most studies use indicators and indices
to assess resilience attributes. These approximations
have the inherent advantage of being easy to measure,
compared to targets that are more difficult to quan-
tify, since they reduce the complexity of a system to
a compact and manageable amount of information
(Quinlan et al. 2016; Suarez et al. 2016). In cases
where resilience is used to understand and predict
system changes, dynamic models prove to be a use-
ful tool for simulating complex and dynamic systems
that can effectively support programmes and policy
design, decision-making processes, outline natural
resource management strategies and social learning
or help resolve socio-environmental conflicts, among
others (Sellberg et al. 2015; Sharifi and Yamagata
2017; Assumma et al. 2020; Datola et al. 2022). The
relationship between the quantified resilience of SES
and the political aspects related to human well-being
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could be of great importance to policymakers (Bene
et al. 2011; Franco-Gaviria et al. 2022).

It seems necessary to develop a consistent method
to measure the resilience of SES and determine poten-
tial thresholds for SES variables that primarily influ-
ence tipping point behaviour (Gonzéilez-Quintero and
Avila-Foucat 2019; Reyer et al. 2015). Thus, research
is needed to develop new tools able to deal with
such challenges. In this sense, Bayesian approaches,
based on rigorous probabilistic models, have been
efficiently applied to SES modelling showing robust
results and potential applications in this field (Agu-
ilera et al. 2011; Ropero et al. 2014, 2015). Bayesian
Networks (BNs) provide a mathematically consistent
framework for SES analysis, in which the graphical
representation of model structures and probability
distributions are very useful in solving many man-
agement questions (McCann et al. 2006). The graphi-
cal structure, integrating qualitative and quantitative
information, represents a causal model and increases
the transparency of the modelling process (Jensen
1996). BNs have proven to be suitable for dealing
with problems dominated by uncertainty, an inherent
aspect of SES (Franco-Gaviria et al. 2022). Quanti-
fying uncertainty can add substantial perspective to
many real-life problems (Uusitalo 2007).

In this paper, a methodology based on the applica-
tion of Bayesian Networks (BNs) has been developed
to quantify the social-ecological resilience along an
urban—rural gradient, detecting the tipping point val-
ues of the main socioeconomic indicators that imply
critical transitions at landscape stability thresholds.
The urban-rural gradient paradigm constitutes an
appropriate scenario for the study of SES resilience,
since as systems subjected to different exploita-
tion pressure, they often exhibit a different status in
ecological structure and function (McDonnell et al.
1997; Vizzari and Sigura 2015; Cao et al. 2020). To
achieve this objective, the authors used high-reso-
lution, long-term data on land use-land cover and
socioeconomic variables, considering the following
premises: (i) at a regional scale, SES generate a par-
ticular landscape composition and spatial structure,
especially noticeable along urban—rural gradients; (ii)
the socioeconomic context is one of the main drivers
in landscape structure and SES change. In this way,
given that resilience is the amount of disturbance that
a system can withstand before becoming an alterna-
tive stable state, it may be considered that a resilience

landscape is that which maintains its spatial configu-
ration despite socioeconomic changes. The proposed
methodology, easily replicable, can be considered as
a useful tool for sustainable land planning and man-
agement, from a social-ecological perspective.

Material and methods
Study area

The present study focused on a marked urban—rural
gradient of the Madrid Region (Central Spain), identi-
fied in previous studies (Arnaiz-Schmitz et al. 2018a).
This area covers 2,535 km? ranging from 400 m asl
in the valleys to altitudes of 2,000 m on the moun-
tain summits and includes 36 municipalities (Fig. 1).
The topography divides the landscape into two main
sectors associated with different geomorphological
dynamics (Schmitz et al. 2007). One-third of the area,
to the north and west, is occupied by granitic and
gneissic rocks with lithic and dystrict leptosols, and a
mountain range exhibiting well-differentiated altitudi-
nal belts with oak and pine forests, upland grasslands
and silvo-pastoral uses (Hewitt and Escobar 2011).
The remainder area to the centre and east is the sedi-
mentary basin of the Tagus River that originates an
agricultural landscape. Traditionally, SES of the area
were represented by a rural network of human set-
tlements in which the main activities were related to
agriculture and livestock. Nowadays, the region is
considered as one of the hotspots in urban develop-
ment (European Commission 2006; Kuemmerle et al.
2016).

Along the urban—rural gradient studied, there is a
clear variation of land use-land cover (LULC), which
gives rise to different types of landscape. This gradi-
ent assigns its land uses to different activities depend-
ing on their environmental characteristics and their
degree of connection with the city of Madrid. The
traditional use of the municipalities to the north of the
gradient, characterized by the mountainous area and
high grasses, is linked to livestock activities and con-
trasts with the south-eastern municipalities that have
a highly developed and intensive agricultural sector.
In this landscape context, the selected gradient is very
useful to visualize the most pronounced changes that
have occurred in the study area.
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Fig. 1 Location of the
urban-rural gradient in
Madrid Region (Central
Spain). Municipal bounda-
ries, human settlements

- Human settlements

Municipaliy limits

and main motorways and Madi.Region
highways are shown MDT_50m
- Alto : 2414,04
- Bajo : 440

Database collection

Quantitative information was recorded referring to
socioeconomic and LULC data of the 36 munici-
palities included in the urban-rural gradient: (a)
eight LULC types, obtained from pre-existing land
use maps (reclassified from CORINE Land Cover
Maps for the years 1991 and 2018; Table 1a (b) six
landscape metrics (LM) calculated from the same
CORINE maps in that temporal scale (Table 1b) (c)
fifteen socioeconomic descriptors obtained from
the most current public census (IECM, 2009-2018)
(Table 2). The socioeconomic period was selected
considering that the present values of the socioeco-
nomic variables, able to explain landscape changes
(Schmitz et al. 2003; Antrop 2006; De Aranzabal
et al. 2008), are the most evident result of past eco-
nomic activities. As spatial analysis units, the 36
municipalities in the study area have been consid-
ered, since they are the smallest governance unit in
the Madrid region and also the administrative scale of
greater detail in which there are data available from
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—— Motorways and Highways

MADRID CITY

the socioeconomic census and agriculture (Schmitz
et al. 2012; Salvati and Serra 2016, among others).
Figure 2 summarizes the main steps of the methodo-
logical approach followed.

Landscape metrics calculations

According with McGarigal et al. (2012), six spa-
tially explicit and non-redundant LM were selected
(Table 1b). The selection criterion of these spatial
metrics was based on their high capacity to describe
landscape patterns, ease of interpretation, non-redun-
dancy and comparability (Su et al. 2012; Zhang and
Gao 2016; Arnaiz-Schmitz et al. 2018a, b). We used
Largest patch index (LPI) as a patch area metric that
deal with the size of patches and the amount of edge
created by these patches and represents an indirect
measure of landscape homogeneity (Herrero-Jauregui
et al. 2019). Edge contrast index (ECON) allowed us
to calculate the structural contrast between neigh-
bouring patches types (Kie et al. 2002). Euclidean
nearest neighbour distance (ENN), describes the
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Table 1 Landscape descriptors (LULC) and metrics (LM) used in the analyses

(a) LULC Total area (km?) t1 Total area (Km? t2 Change rate (%)
Riparian forests 3.77 11.20 197.19
Coniferous forest 256.42 574.52 124.05
Arable lands 968.08 769.95 —20.47
Infrastructures and Urban areas 426.62 705.83 65.45
Mediterranean shrubland 388.39 605.16 55.81
Mediterranean forests 254.28 379.64 49.30
Pastures with trees (“dehesas”) 845.10 323.03 —61.78
Pasture systems 457.34 226.29 —50.52
(b) Lanscape metrics Index t1 index t2 Change rate (%)
LPI 1512.37 1525.40 0.86
ED 640.96 644.57 0.56
ENN 31317.82 32022.02 2.25
ECON 798.90 764.79 —-4.27
SPLIT 169.97 161.39 -5.05
PRD 4.38 3.88 — 1148

The values correspond to the total study area, composed of 36 municipalities along the urban—rural gradient. t1 and t2 indicate the
values of the variables at the periods of time studied

Table 2 Socioeconomic descriptors used in the analyses

Socioeconomic descriptors Maximun Minimun Mean Unit

Aging degree 30.34 4.55 13.64 Index

Agricultural unemployment 7.53 0 1.44 % of the total value
Industrial unemployment 21.52 0 8.59 % of the total value
Services unemployment 88.24 44.3 69.03 % of the total value
Agricultural GDP 53 0.02 1.037 % of the total value
Industrial GDP 47.06 1.04 14.20 % of the total value
Services GDP 47.8 12.12 28.08 % of the total value
Per capita income 31186.2 10757.39 16889.09 €

Livestock 3.44 0 0.33 No of cattle/km?
Cadastral value per urban unit 233.06 30.04 108.98 €

Cadastral value per rural unit 139.52 0.15 14.86 €

Bus lines to Madrid 29 0 8.36 Number

Bus lines to other Municipalities 21 0 4.06 Number

Tourism accommodation and facilities 5573.58 391.88 782.56 Number per 1000 inhabitants

The values correspond to the total study area, composed of 36 municipalities along the urban—rural gradient

degree of spatial isolation of patches and, therefore,
the degree of landscape connectivity (Geri et al.
2010). To measure the degree of landscape fragmen-
tation we calculate both Edge density (ED), which
inform about the occurrence of ecotones or amount of
edge created by the patches present in the landscape,
and Splitting index (SPLIT), that is a simple index of

landscape division (Jaeger 2000; Lausch and Herzog
2002; Lasanta et al. 2006). We calculated landscape
composition and structure by means of Patch richness
density (PRD) that refers to the number or variety of
patch types present in a landscape and it is a good
indicator of landscape heterogeneity (Nagendra 2002;
Arnaiz-Schmitz et al. 2018a).
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v
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analysis
Fig. 2 Outline of the methodological development followed

For the calculation, we used rasterized CORINE
Land Cover Maps (years 1991 and 2018), reclassify-
ing land cover classes into the eight LULC types pre-
viously selected (Table 1b). Raster maps of the study
area were produced and, using a round moving win-
dow with a radius of 100 m, a mean value for each
spatial metric was calculated at municipal scale. We
used ArcGis software V.10.1 (ESRI, 2012) and Frag-
stats V.4.2 (McGarigal et al. 2012) for the landscape
metrics calculation.

Calculating landscape change intensity

In order to characterize the municipalities of the
urban—rural gradient according to their landscape
context, a Principal Component Analysis (PCA) was
performed using 72 observations (36 municipalities
at two times, #;) and 14 variables related to landscape
structure (LULC and LM indicated in Table 1). The
PCA allowed us to project the municipalities on a
plane, whose dimensions represent the main trends in
landscape variation over time.

Subsequently, on the PCA plane we calculated the
intensity of the landscape change by means of a vec-
tor analysis, measuring the modules of change trajec-
tories of municipalities (1).
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BNs based regression Inference propagation
models '
Selective TAN Tippingpoints for each
regression model socioeconomic descriptor
Dl = 2 2
[aB]] = e, =52+ 0, =5, m

where, Aﬁj refers to the displacement vectors of the
coordinates of each municipality (j) on PCA axes
from initial time, f;, to final time, 1y The direction
of the vectors in relation to the reference PCA axes
allowed us to determine the tendency of change in
each municipality.

Bayesian Networks regression models

Bayesian Networks (BNs) are a statistical multivari-
ate model for a set of variables X=X,...X, explained
in terms of two components:

— A qualitative one, defined by means of a directed
acyclic graph in which arcs linking nodes deter-
mine the (in)dependence relationships among
them (Fig. 3a).

— A quantitative one, specified using a conditional
distribution p(xi/pa(xi)) for each variable X;, i=1,
2,....,n given its parents in the graph denoted by
pa(Xi) (Fig. 3b)

They were originally proposed for handling dis-
crete variables but it is known that environmental
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Fig. 3 An example of a
discrete Bayesian Network
with three binary variables

(a) Qualitative component.

data often present continuous domains. Even when
discretizing them does not always imply a bad solu-
tion (Ropero et al. 2018a, b), it often leads to a loss in
precision. To avoid discretization, several approaches
have been developed. In this paper, the so-called Mix-
ture of Truncated Exponential (MTEs) model was
used (for more information see Rumi and Salmerén
2006; Rumi et al. 2006) which consists in splitting
the domain of the continuous variable into several
intervals, where the corresponding density function
is approximated by an exponential function. In that
way, standard BNs inference processes can be applied
since they are closed under restriction, marginaliza-
tion and combination. BNs based on MTEs have been
successfully used in social-ecological and landscape
modelling (Maldonado et al. 2016; Flores et al. 2019).

BN can have four different aims depending on the
number and nature of the target variable(s) (Aguilera
et al. 2011). When the focus is set on one target vari-
able, regression (if it is continuous) or classification
(when it is discrete) is dealt with. According to the
objective of this paper, we selected a set of socio-
economic indicators in order to relate it to landscape
change. In this sense, a regression problem emerges

W © )

(a)

P(X;=0)=04

P(X,=0]X; =0)=04
P(X,=0]|X;,=1)=03
P(X;3=0]X;=0,X,=0)=0.2
P(X;3=0]X;=0,X,=1)=0.1
P(X;3=0|X;=1,X,=0)=0.7
P(X;=0]X;=1,X,=1)=0.3

(b) Quantitative component.

where the features are the socioeconomic indicators
selected, and the target variable is landscape change.
The methodology applied for a regression model
based on BNs is deeply explained in (Ropero et al.
2014).

Since the purpose is to predict the goal variable as
precisely as possible, rather than trying to accurately
model the joint probability of all the variables, the so-
called fixed structures have been developed. The sim-
plest is the Naive Bayes (NB) (Minsky 1961) struc-
ture. It consists of a BN with a single root node and a
set of feature variables having only the root node as a
parent. Its name comes from the fact that the feature
variables are independent given the root (Fig. 4a). It
is a naive assumption that rarely holds in real prob-
lems, as the feature variables may have direct depend-
encies. Thus, a step beyond is the Tree Augmented
Naive Bayes (TAN) structure (Friedman et al. 1997).
In this case, each feature is allowed to have one more
parent in addition to the target variable. This struc-
ture is firstly learnt as a directed tree structure with
the feature variables, using the mutual information
with respect to the target variable. In the second step,
the relationships between the target variable and each

OO

(b)

Fig. 4 Structures of Naive Bayes (NB) (a) and Tree Augmented Naive Bayes (TAN) (b)
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feature are included (Fig. 4b). These relationships
do not have any environmental meaning, and they
are there merely to provide a better estimation of the
target variable. Both NB and TAN structures allow
to include the previous step of variable selection
through the learning process following the methodol-
ogy explained in Ropero et al. (2014). In this way, it
is possible to avoid those variables that could intro-
duce noise into the model.

Once models were learnt, root mean square error,
rmse (2), was calculated in order to compare them.

@

Inference propagation

Once the BN regression models are learnt, new
information, or evidence, may be included in the
model, through the so-called inference process or

Edge density
Split
Infrastructures
and Urban areas

PCA-AXs 2 (29.48%)

Rural land use abandonment:
Urban spraw!

Landscape fragmentation

Largepatchindex
Pasture systems
Pastures with trees
(dehesas)

3 2 1

Edge density
Split

PCA-Axis 1 (33.24%)

probabilistic propagation. If the set of evidenced vari-
ables is established as E, and their values as e, then
the inference process consists in calculating the pos-
terior distribution p(x;le) for each variable of interest
(for more information see Ropero et al. (2014). In the
present model, the new information or evidence is a
total of 10 equidistant points of each feature variable
(socioeconomic variables). They were included in
the model one by one, and probabilistic propagation
was carried out, in such a way that the posterior dis-
tribution of the target variable (land use change) was
obtained. In order to properly interpret the results,
the mean value of this distribution was calculated for
each evidence.

Results

Figure 5 represents the temporal variation of the land-
scape in the study gradient, analysed by means of
PCA. The coordinates of the municipalities are pro-
jected on the ordination plane in relation to the two

Arable lands
Largepatchindex

Coniferous forests Euclidean nearest
Mediterranean forests neighbour distance
-« >
Naturalness: Agricultural intensification:
Forest systems Agricultural systems

Landscape heterogeneity

Fig. S Coordinates of the municipalities of the urban—rural
gradient studied on the PCA plane and trajectories of change
in landscape composition and structure. The main landscape
indicators (highest factor loadings) are at the ends of the axes.
The arrows show the direction of the displacement vectors over
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Landscape homogeneity

time. The length of the lines indicates the magnitude of the
change. Two types of municipalities with different landscape
changes are observed: silvo-pastoral systems (light green-
shaded area) and agricultural systems (light yellow-shaded
area)
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main trends of landscape change, expressed by the
first two axes of the PCA. These axes jointly explain a
large part of the total variability of the data (variance
absorption of 62.72%). The arrows show the direction
of the displacement vectors of each municipality over
time. The length and direction of the vectors indicate
the intensity of the change that occurred in each case.

The global interpretation of the PCA ordination
plane, according to the factor loadings of the land-
scapes descriptors (Table 3), allows us to detect two
types of municipalities in relation to both their com-
position of land uses and spatial structure, as well
as their change trends. Thus, PCA-axis 1 (variance
33.24%) differentiates along the urban—rural gradient
the municipalities with a rural landscape eminently
agricultural, with a spatial structure characterized by
large and homogeneous patches related to the intensi-
fication of agricultural practices (positive end of the
axis) from those that present a heterogeneous land-
scape, with a more naturalness appearance, mainly
characterized by forest systems (negative end of the
axis). PCA-axis 2 (variance 29.48%) expresses, from
bottom to top of the ordination plane, a variation
from silvo-pastoral landscapes (traditional pasture
systems and dehesas) to areas characterised by frag-
mentation processes and urban expansion, linked to
the abandonment of the rural land use system. The

Table 3 Factor loadings of the landscape descriptors (LULC
and LM) on PCA-Axes

PCA-Axis 1 PCA-Axis 2
Factor loadings  Factor loadings

Landscape descriptors

Riparian forests 0.050 0.358
Coniferous forest — 0.660 —0.296
Arable lands 0.770 0.453
Infrastructures and Urban 0.115 0.467
areas
Mediterranean shrubland —0.287 -0.232
Mediterranean forests —0.640 —0.247
Pastures with trees (“dehe- — 0.044 —0.468
sas”)
Pasture systems —0.269 - 0.513
LPI 0.747 —0.542
ED —-0.718 0.477
ENN —-0.215 -0.359
ECON —-0.119 0.156
SPLIT —0.690 0.547
PRD -0.183 -0.312

agricultural group of municipalities is geographically
located in the S-SE zone of the urban—rural gradient,
while the silvo-pastoral one is in the W-NW zone
(Fig. D).

The vector calculation on the ordination plane
allowed us to determine that the silvo-pastoral land-
scapes (left end of the plane) tend to change unidi-
rectional and intensely (direction and magnitude of
the arrows, respectively) towards the abandonment
of traditional land use systems and urban expan-
sion. On the contrary, the magnitude of the change
in landscapes with an agricultural vocation (extreme
right of the plane) is less, evolving towards two types
of situations: agricultural intensification or urban
transformation.

Based on these results, and with the aim of test-
ing the usefulness of Bayesian Networks as a meth-
odological tool to detect thresholds or tipping points
in landscape change trends, we focus on the group
of municipalities in which a greatest spatial-tempo-
ral change has been identified (i.e., the silvo-pastoral
systems of the studied gradient). To build the net-
works, we created a data matrix in which the intensity
of landscape change, calculated using vector Eq. (1)
on coordinates of PCA plane, acts as the target vari-
able, while the characteristic variables are those dif-
ferent socioeconomic ones which were previously
obtained. For this model, four structures were learnt,
NB and TAN and their alternatives with variable
selection (SNB, STAN). A comparison among them
was carried out, in order to ascertain the best model
in terms of error rate. Results are shown in Table 4.
In all cases, TAN structure with a variable selection
(STAN) is the best option.

We used BNs model using the fixed structure
TAN with variable selection (STAN) to calculate
the threshold of landscape transformation. Table 5
shows the variables selected by the STAN model. To
detect inflection points, the values of the variables
were resized by ten equidistant points based on their
maximum and minimum values. These values were

Table 4 Comparison in terms of root mean square error
(rmse) of both NB and TAN structure with and without vari-
able selection (SNB and STAN respectively)

NB SNB TAN STAN

1.697 1.475 1.817 1.359

@ Springer
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Table 5 Variables selected by the STAN and its 10 reference values included in the model

Points  Aging degree  Buslines  Bus lines to other Industrial GDP  Per capita income  Livestock units ~ Cadastral
to Madrid  municipalities value per rural

unit

1 30.34 0.03 0 0.04 11400.86 0 0.15

2 28.39 0.07 0.07 0.42 12942.44 0.382 3.12

3 25.65 0.12 0.14 0.8 14484.02 0.764 6.09

4 2291 0.17 0.21 1.18 16025.6 1.146 9.06

5 20.17 0.21 0.28 1.56 17567.18 1.528 12.03

6 17.43 0.26 0.35 1.94 19108.76 1.91 15

7 14.69 0.31 0.43 232 20650.34 2.292 17.97

8 11.95 0.36 0.5 2.7 22191.92 2.674 20.94

9 9.21 0.40 0.57 3.08 23733.5 3.056 2391

10 6.47 0.45 0.64 3.46 25275.08 3.44 26.91

included in the model one by one to calculate their
probabilistic propagation, obtaining the distribution
function of the objective variable (landscape change
intensity).

Figure 6 shows the results in which thresholds can
be identified. These are points from which the varia-
tions in the socioeconomic indicator (feature variable)

Aging degree

a)

Decline inthe average age of the population
-

Bus lines with Madrid

Cadastral value per rural unit

Fig. 6 Distribution functions of the socioeconomic indicators
selected through the methodology proposed. The points of the
distributions highlighted in red are the thresholds detected. To
the right of each distribution, the whisker box plots show the
outliers, interpreted as tipping points. The interquartile range
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generate large changes in the landscape, determin-
ing the degree of landscape vulnerability to varia-
tions in this indicator. Taking into account the type
of relationship between socioeconomic and landscape
change and, consequently, their potential resilience,
the thresholds detected can indicate tipping points
from which vulnerability increases or decreases.

Bus lines between municipalities

Livestock units
2
N — Y

ncrease in livestock abundance

WES

is represented by the green boxes. The median of each distribu-
tion is represented by red crosses and the mean by the black
line. In each case, the selection of the tipping points has been
based on the maximum distance to the interquartile range
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The results show the threshold values of the socio-
economic indicators from which the landscapes stud-
ied are transformed with a greater or lesser intensity
over time. For the period of time analysed, four very
well differentiated socioeconomic thresholds were
observed (Fig. 6), indicating that: (i) the rejuvenation
of the population, as well as the connectivity with the
city of Madrid, increase changes in the landscape; (ii)
the connectivity with neighbouring municipalities
and the abundance of livestock in the studied areas
contribute to the resilience of the landscape (Fig. 6a).
The rest of the socioeconomic indicators do not pre-
sent a differentiated change threshold, but they pro-
vide valuable information on the resilience of the
landscape in the face of their magnitude. Thus, the
landscapes studied are more resilient when munici-
palities generate high values of industrial GDP, high
per capita income per inhabitant, and the cadastral
value of rural assets remains low, without urban inter-
est (Fig. 6b).

Discussion

Analyses of changes in landscape structure and com-
position along a remarkable urban-rural gradient
in which the city of Madrid occupies a central geo-
graphical and socioeconomic position, indicate that
the study area is subject to a multifaceted trend of
landscape variation. This variation affects in a differ-
ent way the silvo-pastoral landscapes of the N-NW
of the gradient of those with agricultural vocation,
located to the S-SE (Fig. 1). Nonetheless, land trans-
formation towards urban sprawl is a common trend
throughout the study region (Fig. 5).

The two main types of landscapes identified,
with dissimilar degrees of naturalness and agricul-
tural intensification, have unalike social-ecological
conditions (Arnaiz-Schmitz et al. 2018a,b) and,
therefore, their response to changes is also of differ-
ent magnitude. Over time, silvo-pastoral landscapes
show the most intense dynamics of change that
implies the abandonment of traditional land uses,
spatial fragmentation and urban transformation.
These degraded rural systems have low resilience
and, therefore, high vulnerability to the adverse
effects of land use changes related to the new pre-
vailing socioeconomic conditions (Adger 2006;
Malek and Verburg 2020). Our results agree with

the processes of change observed by other authors
in Mediterranean landscapes, that underline the
trend of abandonment of the rural landscape related
to the socioeconomic transition from the traditional
rural context to the urban one (Antrop 2000, 2006;
Plieninger et al. 2014; Schmitz et al. 2021; Thapa
et al. 2021).

Diachronic analyses of environmental and socioec-
onomic data series are powerful tools capable of deal-
ing with the inherent complexity of social-ecological
systems and their ability to adapt to change. However,
few operational methods exist to quantify and pre-
dict the resilience of a landscape (Keane et al. 2018).
Different authors have developed theoretical mod-
els, although often complicated, in which they detect
thresholds of change in the SES through complex sys-
tems (Walker and Meyers 2004; Carpenter and Brock
2006, are some of them). Unfortunately, the empiri-
cal evidence of thresholds and their quantification
is scarce. A review in this regard shows that the lit-
erature does not refer to any method that applies this
probabilistic tool to the study of landscape change
thresholds. The study of SES as complex adaptive
systems is likely to make their analysis more difficult,
limiting the amount of broad-scale research (Renaud
et al. 2010; Lauerburg et al. 2020). Therefore, the
development of integrative methods that model land-
scape—socioeconomic interactions is necessary and
useful to understand the social-ecological feedback
that regulates changes in land use and landscape resil-
ience (De Aranzabal et al. 2008; Lambin and Mey-
froidt 2010; Rescia et al. 2010).

In this study we demonstrate that BNs allow for
the development of a useful methodological approach
to analyse this information and detect the thresholds
of landscape resilience. Despite the fact that BNs are
a widely cited tool in the bibliography, most of the
studies that analyse them focus on theoretical-meth-
odological developments, disregarding their broad
application capacity in Environmental Sciences
(Aguilera et al. 2011). The main advantage of using
BN networks over traditional multivariate models is
that the BN ones used provide information about the
structure of the relationships between the components
of the system and how these components are related
(that is, if a variable change, all others are affected)
(Ropero et al. 2018b). Although, to date, BNs models
have been rarely used in SES resilience assessments,
research on them has shown that they can provide
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valuable information on resilience structure and func-
tion (Franco-Gaviria et al. 2022).

The socioeconomic conditions of local populations
have shaped and maintained rural cultural landscapes
over the last few centuries, and today’s rapid and dras-
tic socioeconomic changes may affect landscape resil-
ience beyond the thresholds of its adaptive capacity
(Arnaiz-Schmitz et al. 2018b; Rescia et al. 2010). The
loss of rurality observed in the traditional silvo-pasto-
ral systems and the consequent rupture of the histori-
cal landscape-local socioeconomic links are related to
the process of urban expansion and metropolisation of
the region, which modifies existing social-ecological
patterns creating new relationships between rural set-
tlements, towns and cities. Spatial mobility is one the
main features of urban transformation and metropo-
lisation process of rural landscape (Serra et al. 2014;
Cuadrado-Ciuraneta et al. 2017; Arnaiz-Schmitz et al.
2018b).

The results obtained indicate that silvo-pastoral
landscapes are more resilient and less vulnerable to
possible socioeconomic shocks that may arise when
the traditional ecological knowledge (TEK) of local
older people, accumulated during many genera-
tions of close interaction between people and nature,
favours the maintenance of traditional livestock
activities. Likewise, the cohesion between neighbour-
ing rural settlements, interconnected through trans-
portation networks, supports the stability of these
landscapes. Landscape resilience and its associated
thresholds of change are established within a cou-
pled socioeconomic-ecological system, with feedback
responses between human activities and landscape
processes (Horan et al. 2011). Population rejuvena-
tion without social mechanisms that allow the trans-
mission TEK can result in a decoupling between the
rural landscape and the local socioeconomic interac-
tions and cause a gradual loss of resilience, driving
the system towards thresholds of change (Berkes et al.
2000; Drew 2005; Gomez-Baggethun et al. 2013;
Arnaiz-Schmitz et al. 2018c). The lack of adequate
and effective land planning and management aimed at
the conservation of cultural landscapes, together with
institutional deficiencies in supporting local popula-
tions and their own TEK, favour the abandonment of
rural landscapes and place them in a position of vul-
nerability (Schmitz et al 2021).

The resilience of these rural landscapes facing pos-
sible disturbances is fundamental to guarantee the

@ Springer

ecosystem’s conditions. Although, in many cases,
preventing the arrival of a threshold is impossible,
especially if they are generated by external exogenous
factors that are difficult to control and regulate (Horan
et al. 2011), knowing the socioeconomic limits to
which landscapes are submitted can be a very useful
tool for the maintenance and conservation of the terri-
tory. The critical analysis of changes in the landscape
before and after crossing one of these tipping points
allows the development of adaptive and participatory
management strategies in which the costs and benefits
of the past and present situation of the territories are
evaluated in order to achieve a and optimal benefit
(Riekhof et al. 2022).

The method developed in this paper has allowed us
to detect the tipping points from which small changes
in socioeconomic indicators generate large changes at
the landscape level. This information is of great value
due to its usefulness for the conservation and main-
tenance of cultural rural landscapes, as tipping point
dynamics are fundamental drivers for the develop-
ment of more sustainable SES (Mathias et al. 2020).

Conclusions

The preservation of cultural rural landscapes depends
closely on the socioeconomics of their population
settlements and the TEK of their local inhabitants,
which plays a key role in increasing the landscape
resilience. The social-ecological resilience of rural
landscapes studied, located along an urban—rural gra-
dient in Madrid region, is threatened by the drastic
and rapid socioeconomic changes that have occurred
in recent times, mainly due to the strong influence of
the processes of metropolisation and urban expan-
sion. Especially the silvo-pastoral landscapes of the
region have experienced the abandonment, reduction
and/or disappearance of rural land uses and tradi-
tional knowledge. These degraded rural systems have
low resilience and high vulnerability to environmen-
tal changes.

The analysis of the landscape resilience, identi-
fying the tipping points from which small changes
in the main socioeconomic indicators give rise to
important landscape changes, can facilitate decision-
making in preventive policies and land management
in the face of possible changes. However, the inher-
ent complexity of SES makes it difficult to develop
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empirical methods to quantify thresholds of change.
By applying the integrative method developed here,
which allowed us modelling landscape—socioeco-
nomic interactions and feed-backs, we have detected
the threshold values of socioeconomic indicators
from which the silvo-pastoral landscapes studied
have transformed with a greater or lesser intensity
over time. The socioeconomic indicators identified
that significantly contribute to the resilience of this
type of landscape are both the maintenance of tra-
ditional livestock activities, supported by the TEK
of local older people, and rural cohesion, favoured
by improved mobility and interconnection between
neighbouring municipalities through transport
networks.

The results obtained demonstrate that the use
of BNs networks is helpful to detect thresholds of
change in the landscapes analysed and that, therefore,
they are a useful tool to achieve an integrated social-
ecological land planning and can help to achieve
more resilient territories.
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