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1 Introduction

Deliverable 3.2 is closely linked to Deliverable 1.1, which distinguished two classes of functional
connectivity that facilitate SC/FC relationships, namely co-activity and sequential activity of
nodes [1]. Therefore, as a continuation, in D 3.2, we report the ESRs’ ongoing applications
and empirical tests of SC/FC relationships that could help enhance our understanding of the
priorly identified SC/FC relationships. We present in total eight applications from disciplines
of geomorphology, ecology, neuroscience and social-ecological systems (shown in the following
section 2), which more specifically include cases on sediment (Application 1) and habitat (Ap-
plication 4) connectivity in fluvial systems, water-mediated connectivity in an ecogeomorphic
system (application 2), a human-impacted catchment system (Application 3), social networks on
state-business relationship (Application 5), an ecological network on global energy dependence
(Application 6), connectivity in the human brain network (Application 7), and environmental
governance in a social-ecological system (Application 8). We conclude this report with a short
summary at the end (section 3).

2 Testing applications

2.1 Application 1: SC/FC relationships in fluvial systems

Within fluvial geomorphology, sediment connectivity is the connected transfer of sediment from
a source to a sink [2], that could be two locations within a river. Structural connectivity (SC) is
represented by connected pathways, frequently river channels, that transport sediment according
to channel morphology. Functional connectivity (FC) indicates the connected sediment flow
driven by processes though the system, such as hydraulics and sediment processes. Over long
timescales, processes that demonstrate functional connectivity modify the structural pathways,
as well as structural connectivity affecting hydraulics and sediment processes.

Sediment connectivity in rivers is affected by the locations of deposited sediment on the
riverbed. On a grain spatial scale, channels with an exposed bed have lower critical shear stress
when compared to channels covered by sediments, implying higher sediment transport for the
same water flow and reinforcing the grain accumulation in areas with deposited sediments [3].
On a reach spatial scale, channel morphology also affects sediment transport. The location of
deposited sediments in a river network is controlled by local parameters, such as channel slope,
roughness, and grain size, but also affected by external factors such as rainfall and sediment sup-
ply. Understanding the main controls on the location of sediment clusters, how they are formed
and how they change over time is key to understanding SC-FC relations of sediment connectivity
in fluvial systems.

A challenge to understanding SC-FC relations is the need for long term datasets or historical
data. In the absence of such data, numerical modelling is useful to explore parameters that affect
sediment transport over long timescales. Simulations can be done systematically with different
input parameters to evaluate controls on the location of sediment deposition on the riverbed.
This provides information on how both hydraulic and sediment processes affect the location of
deposited sediments, as well as how these sediment clusters are formed and change over time,
providing insights on SC/FC relations in fluvial systems.

2.2 Application 2: SC/FC relationships in ecogeomorphic systems

In this section, we present an application of the quantification of the SC-FC relationship as-
sociated with water-mediated connectivity in ecogeomorphic systems. Dryland ecosystems are
closely coupled ecogeomorphic systems with important feedbacks and interactions across fine to
coarse scales [4], where interactions and feedback between climate, soil, vegetation and topogra-
phy develop distinct patterns of re-distribution of water, soil nutrients and vegetation [5].

In drylands, the dynamical processes that take place over the structural template (i.e. func-
tional connectivity) are an emergent property of these structural controls when combined with

2



external inputs, most notably rainfall [5] . Turnbull and Wainwright (2019) [6], for example,
used a relative connectivity index to quantify the SC-FC relationship and identify areas at risk
of land degradation. There is a growing recognition of the value of correlation-based quantifi-
cation of SC/FC relationships [1; 7]. To quantify the inherent SC-FC relationships in order to
understand how different structural connectivity characteristics control functional connectivity
characteristics in drylands, we present 16 types of SC/FC relationships based on four node level
metrices. Node-level metrics provide useful information about the role of a node in supporting
connected pathways. Specifically, we use immediate direct connectivity (Direct) [6], Length of
Connected Pathways (LOCP) [8], Betweenness Centrality (BC) [9], and Relative Node Efficiency
(NE) [? ].

SCi � FCj = r(SCi, FCj) (1)

where r is the Pearson correlation coefficient, SCi is one of the four types of SC characteristics
of a node, namely SC(Direct), SC(LOCP), SC(BC), and SC(NE), and FCj is one of the four
types of FC characteristics, namely FC(Direct), FC(LOCP), FC(BC), and FC(NE) (see Figure
1).

The results of correlation-based analysis shows that the SC/FC relationship is highest for
SC(LOCP)-FC(Direct).

Figure 1: A schematic diagram of (a1) SC and (a2) FC network over the shrub plot and four types
of node level metrics i.e. (b1) Direct, (b2) Length of Connected Pathways (LOCP),
(b3) Betweenness Centrality (BC) and (d4) Node Efficiency (NE).

2.3 Application 3: SC/FC relationships in human-impacted catchment systems

In geomorphology, SC/FC relationships refer to the feedbacks between land-surface/near-surface
morphologies and processes that drive emergent behaviour ([10]). A primary aim of this study
is to determine the location and the timing of geomorphic feedbacks and in turn, identify hot
spots and hot moments of sediment connectivity in catchment systems affected by anthropogenic
processes such as land management practices in agricultural areas. Here, SC is described by
potential flow paths that are controlled mainly by topography, vegetation, and soil properties
while FC is described by linkages between units by a dynamic process such as the fluxes of water
and sediment along these flow paths, an example of functional connectivity based on sequential
activation, FCseq (sensu [1]).

Structural connectivity in agricultural systems can be easily modified with human interven-
tion, and here we are exploring a unidirectional relationship between SC and FC i.e. the effect
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of structure on function. Modifications to SC are explicitly represented in a dynamic numerical
model (MAHLERAN; [11]) through different digital elevation models (DEMs) and vegetation
cover raster inputs. These correspond to scenarios of morphological and land cover configura-
tions, respectively, based on Natural Water Retention Measures (NWRM; [12]) and observed
practices in the field. The numerical model is used to simulate water and sediment transport
processes for a rainfall event in each morphological scenario to assess how anthropogenic changes
in structural connectivity (from management practices) affect functional connectivity of hydro-
logical and water-mediated sediment transport processes. Hot moments are further investigated
by analysing the evolution of FCseq through snapshots of FC within the event. On the other
hand, SC/FC relationships will also be assessed under varied conditions of rainfall.

Connectivity is quantified using graph theoretical metrics, allowing for SC and FC to be com-
pared. Structural and functional networks are created based on the potential flow paths for each
(morphological) scenario and the associated material transport resulting from dynamic model-
ing, respectively. Ultimately, connectivity measures will be related to the success of different
scenarios in a management context, that is by their effectiveness in mitigating sediment export
from the study area.

2.4 Application 4: SC/FC relationships in landscape ecology

In this subsection, SC and FC are defined under the disciplinary perspectives of landscape ecol-
ogy and metacommunity theory. Ecologist have developed these frameworks to understand the
controls and processes that shape ecological community assemblies, thus spatial biodiversity pat-
terns. Under the view of metacommunity theory, ecological communities are no longer perceived
as closed and isolated, but as a network of smaller local communities interacting between each
other via dispersal processes [13; 14]. Connectivity is then described as the degree to which the
habitat structure “facilitates movement among patches” or landscape units (nodes) [15]. SC is
the habitat structure defined by physical connections or corridors between landscape units and
FC relates to dispersal events or processes through the SC template [16; 17].

We provide an example of application in freshwater ecology. The case study is located at
the Donau-Auen National Park (DANP) in the Austrian Danube River, in a free-flowing stretch
of the Danube called Regelsbrunn. SC is the aquatic habitat structure with links representing
surface water connections defined by topography (flow pathways defined by elevation). FC relates
to ecological flows and here we present two different types: one accounting for hydrological flows
and the other one for dispersal flows.

We used a correlation-based approach to assess SC/FC relations. We calculated the inter-layer
degree Pearson Correlation (assortativity coefficient) between SC and FC layers (Fig. 2). For
two compared layers, degree correlations describe whether hubs in one layer are hubs in the other
layer [18].

The study of SC/FC relations can highlight the effects of changes in the habitat structure
on community processes. This has potential applications for conservation planning and for the
assessment of anthropogenic impacts on terrestrial and aquatic habitats.
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Figure 2: Multilayer network: a.) SC, b.) FC-Hydrological and c.) FC-dispersal layers. Rela-
tions between layers described as d) interlayer degree correlations (Pearson coefficient)
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2.5 Application 5: SC/FC relationships in social networks

In Guatemala, there is a long-lasting elite whose power and cohesion is based on kinship and
business relations [19]. In the 21st century, this elite still exists, and maintains networks em-
bedded in different social subsystems: the economic system, the political system and the State.
Voutsa et al. (2021: 14) [1] argues that ‘’. . . the overlap between ‘system’ and ‘network’ could
be helpful for SC/FC in social science, specifically to understand the connections between actors
embedded in different social subsystems (for example, economy and democracy), and vice versa.”

Here we use a multilevel, multi-relational and multi-mode ’elite-state-elite network’, based on
socio-economic ties (elite-elite relations: i.e., interlocking directorates in companies and kinship
relations), socio-political ties (elite-state relations: i.e., private sector representatives in public
entities), and government-business ties (state-elite relations: i.e., contracting relations in public
procurement) in the period between 2020 and 2022. These multi-mode network levels include
9366 business-business relations, 1919 business-state relations, and 808 state-business relations
(i.e., specific contracts).

Figure 3: Multi-level network: a) Elite-elite connections (business relations); b) Elite-State con-
nections (private sector representatives), c) State-elite connections (procurement net-
work)

The structural connectivity is defined along the more stable (slowly changing) network levels,
and the functional connectivity along the more dynamic network levels [1]. Here, the SC is
based on internal elite cohesion (kinship and business relations) and the formal representation
(regulated by law) of the private sector in decision-making public institutions. The FC is based
on the “flow” in two directions: i) the political influence of the elite on public decisions (elite
-> State), and ii) the awarding of public contracts to elite firms (State -> elite). We have
publicly available procurement data over the past 15 years and the flow of public contracts can
be measured quantitatively (number and monetary value), but we do not have such detailed
access to data about elite-state relations and it is effectively impossible to measure the flow of
political influence in a similar quantitative form.

Despite these limitations, we are working on an Exponential Random Graph Model (ERGM)
[20; 21; 22] that estimates the structural cohesion of the elite [see WP 2 - Deliverable 2.2:
Connectivity Methods Across Disciplines], and also estimates the reciprocity of elite-state and
state-elite relations with cross-sectional data between 2020 and 2022. In the latter, we assume
that higher (in)direct connectivity in the elite-state network (i.e., more political influence) leads
to higher connectivity and more (in)direct resource flow in the procurement network (i.e., more
contracts), and vice versa. The results will show the directional/mutual effects of elite-state-
elite relations, based on simultaneous activity (co-activity) of nodes (FC) in different structural
network levels (SC).

2.6 Application 6: SC/FC relationships in ecological networks

In this section, we present a potential application of the SC-FC relationship approach to ecolog-
ical networks. Ecological network analysis (ENA) is a systems-oriented methodology developed
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by ecologists and system biologists to understand whole-system dynamics and properties [23].
This methodology is derived from input-output analysis and it is based on network and infor-
mation theory. It conceptualizes ecosystems as a set of nodes and ties.[24]. In addition, ENA
methodology has been applied to analyse direct and indirect exchange of energy and carbon
emissions between economic sectors at regional/country level from a system perspective [25].

Under an ENA framework, SC is defined by the number and relative position of functional
groups - economic sectors - forming the nodes, whereas the edges represent the flows of energy
between them. The specific configuration derived from this structure defines the network topog-
raphy and, therefore, the architecture on which dynamic processes take place, usually represented
with an adjacency matrix [23]. In economic systems - as open systems - the dynamical processes
that are conditioned by the network topography (e.g., functional connectivity) are the result of
continual inputs of energy entering the economy through the extraction of energy sectors. The
element that conditions both their architecture and their functional connectivity over the long
run is net energy [26]. The existence of net energy allows for connectivity to increase, as new
’agents’ or ’elements’ are attracted to the system or drawn into it by existing agents.

Economic sectors or countries (nodes) that control large amounts of net-energy flows can
leverage their relative position in the network and exert power other network members. Network
Control Analysis (NCA) is a methodology derived from ENA that investigates the degree to
which each node (economic sector or country) is controlled by, or dependent on, other node(s)
[27].

NCA develops two distributed control metrics, the control allocation matric (CA) and de-
pendece allocation matrix (DA), to reveal the control and dependence relationships between
nodes:

CA = [caij ] =

8
<

:
nij � n0

ji > 0, caij =
nij�n0

jiPn
i=1 nij�n0

ji

nij � n0
ji < 0, caij = 0

DA = [daij ] =

8
<

:
nij � n0

ji > 0, daij =
nij�n0

jiPn
j=1 nij�n0

ji

nij � n0
ji < 0, daij = 0

where caij indicates the control degree sector j on i, while daij shows the degree of dependence
of sector j on i.

Using Multi-Regional Input-Output Tables from EXIOBASE, we can unveil SC-SF relation-
ships between countries and sectors based on their control and dependence relationships. The
results are expected to shed some light over potential geopolitical tensions emerging from those
relationships and the role of SC-SF relationships in them.
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Figure 4: Heat Map of Dependence Relationships between countries. Countries on the x-axis are
dependent on the flows of embodied energy of countries on the y-axis

2.7 Application 7: SC/FC relationships in brain networks

Connectivity in the brain spans many spatio-temporal scales and can be further categorized as
structural or functional connectivity. The first is the physical anatomical connections between
different areas of the brain due to the synaptic projections between groups of neurons. Those
neurons are constantly required to process sensory stimulus, and communicate between them-
selves by emitting action potentials, forming a highly dynamical network of interactions that lives
on top of the SC. The network that emerges from statistical correlations between the dynamics
of different neurons, or groups of neurons, are called the functional connectivity.

At the level of SC, the nodes of the network go from neurons (micro-scale, µm) to entire brain
regions (macro-scale, cm), in the first level, connectivity can change over time via synaptic
plasticity [28], in the second connections can be stable over time, but might re-organized due, for
instance, brain lesions [29]. Those examples depict two extremes of the spans of scales present
in the brain, from fast changes at microscopic level to slow changes at meso- or macroscopic
level, respectively. There are many techniques to access connectivity at those different levels,
for instance, one can extract the bidirectional synaptic projections between areas by labeling
neurons (FLN) that send projection from one area to another (Markov, 2013), or non-invasively
by the use of sophisticated image processing algorithms of 3D images of the brain acquired
by neuroimaging techniques like Magnetic Resonance Imaging (MRI) and/or Diffusion Tensor
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Imaging (DTI), in which case, we observe the tracts of white matter between regions [30].
The functional connectivity (FC), is usually estimated by computing the statistical relations

between pairs of time-series registered from the brain. This can be done by mean of the Pearson’s
correlation, spectral analysis metrics as coherence, or information theory metrics as mutual
information and transfer entropy [31]. The FC networks also span many scales, and the scale we
are looking at depends on how the brain signals were acquired (see Fig. 5). These signals can
be estimated also by a variety of techniques. One example with poor temporal resolution is the
BOLD time-series that estimates the activation of brain regions by imaging the flow of blood (an
indicative of increased metabolic activity) passing through it during a certain condition (e.g.,
resting state, or cognitive task) [32]. And one with good temporal resolution but poor spatial
resolution is the EEG/MEG that captures the electric/magnetic fields in the surface of the scalp
that originate due to the flow or propagation of electrical currents in neurons [33].

Figure 5: The many scales in which the brain can be observed. This figure is originally found in
[34]

The FC can be further expanded. For example, instead of looking at the average FC over a
time period one can work with the time-resolved FC [35], or even analyse for different frequency
bands in which case the FC would correspond to a multi layer network [36]. All these categories of
FC can be represented as graphs. There are different types of functional connectivity including
effective, causal, directed, and undirected connectivity. More information about the different
types of functional connectivity can be found in elsewhere [37; 38; 39]. Alterations in the FC and
its multi-layer versions, have been related to different pathologies: schizophrenia [40], Parkinson’s
[41], and Alzheimer’s [42], suggesting the relevance of looking at how the entities that sit on top
of the brain SC coordinate themselves via their dynamics.

However, information that travels between areas of the brain, allowing those to coordinate
their dynamics, must follow pathways in the SC. It is important to mention here that two brain
areas that are structurally connected are not necessarily functionally connected. Although there
might be an anatomical connection between them, the neurons may not be listening to the signals
sent by the structurally connected neurons. On the other hand two areas of the brain that are
not directly connected anatomically (through neuron fibers) might be connected functionally.
So one can ask, how thus the SC and FC in the brain relate to each other, and is it possible
to estimate one knowing the other? In fact, there are many studies that tackle these problems
[43; 44; 45; 46]. In particular, the SC-FC relationship can change depending on the the condition
(i.e., resting state or task, [47]) and age [48; 49; 50]. Regarding the second question, there is
evidence that the relationship SC/FC may depend on the particular frequency band used to
build the FC network, for instance, in [51] the authors show that the FC originated from faster
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rhythms of the MEG signal is constrained by SC. In [52], it is suggested that this relationship
is not only frequency dependent but also depends on the metric used to estimate the FC, in
particular they show that SC is better predicted by the Granger causality which is a directional
metric.

In figure 6, we show an example of the comparison SC-FC in a human brain network. The left
plot in figure 6 shows the SC of a standard brain network (human connectome [53] with 998 brain
regions (meso scale)). More specifically, the SC is shown in the form of an adjacency matrix with
the weights being the value of the fiber density connecting each pair of nodes. On the right plot
of figure 6, the FC for the same brain network is shown. The real human brain functional data
used to construct the FC matrix were provided by the institution AAISCS (Nicosia, Cyprus).
Tomographic solutions or in other words activation curves at different regions of the brain of
a blind human subject in response to somatosensory stimulation were used to estimate the
connectivity. The activation curves were constructed using the source reconstruction technique,
namely, Magnetic Field Tomography (MFT) [54]. For the estimation of the FC, the Magnitude
Squared Coherence (MSC) in the frequency range [5 � 200] Hz was calculated between all the
possible pairs of brain regions. This examples shows qualitatively the overlaps (and differences)
found between the two adjacency matrices of figure 6.

In summary, one one hand FC must be somehow dependent on the routes that exist in the
brain topology, however the necessity to process highly unpredictable and noisy sensory stimulus
at real time requires that the elements in the brain interact in a way to achieve higher flexibility
of “response”. Consequently, the SC and FC compose two relevant aspects of the brain, and with
the evolution of recording techniques and the advent of new theoretical frameworks that allow
us to better estimate FC the links between those two aspects will be unveiled.

Figure 6: Structural and Functional Connectivity of real human brain network with 998 nodes.
Left plot: Structural connectivity of the brain network shown by the adjacency matrix
with the fiber density SC values between each pair of nodes. Right plot: Functional
connectivity of the brain network shown by the adjacency matrix with the Magnitude
Squared Coherence (MSC) values estimated between the activation signals correspond-
ing to distinct brain regions (nodes)

2.8 Application 8: SC/FC relationships in network of action situations

In this sub-section, we discuss how the SC/FC relationships identified by [1] can be described
within the analytical framework of Network of Action Situations (NAS) [55; 56], which originated
from game theory and the Bloomington school in the field of New Institutional Economics [57; 58].
We further elaborate the SC/FC relationships via a case study that examines the sustainability
challenges of the Indonesian palm oil industry.

NAS has recently emerged as a popular tool for studying the governance of natural resources
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via a network lens [59]. Its core analytical unit is an Action Situation (AS), often described
as a game, which can be seen as the social space where actors interact and make strategic
decisions [60; 61]. Very often, actors overlap and make decisions in multiple, connected action
situations. Interactions and decisions made in these situations are found to have influences over
each other, which together shape the final outcomes of the environmental governance situations.
Such interdependences and functions of multiple linked ASs can be captured by NAS.

Here we further translate NAS into the language of SC/FC connectivity, where the ASs rep-
resent network nodes, and the ties between ASs can be unidirectional and bidirectional, falling
into the typology of biophysical transaction, information, institutions, and common actors [62].
The identified NAS configuration constitutes the structural connectivity (SC) of the multiple
interconnected action situations. Though the major strategy of identifying SC/FC relationships
is via a quantitative comparison of the SC and FC networks [1], in this case, we define the SC/FC
relationship as how the structure of the interactions between the components of a NAS could
have an impact on the performance of the network, its functional connectivity (FC), and more
specifically, the governance outcomes of the natural resource system. Such impacts can lead
to changes of the network equilibrium facilitated via either one-way directional [63] or bidirec-
tional [64] cascading effects [62; 65]. As already elaborated by [1], the one-way directional and
bidirectional links reveal the nature of sequential and synchronous connectivity, correspondingly.
In the case study below, we present how the identified one-directional links between ASs could
potentially trigger cascading effects in the NAS configuration, indicated as a sequential SC/FC
relationship.

As one of the most consumed global agro-commodities, the development of the palm oil indus-
try in Indonesia came along with severe sustainability challenges, especially in terms of deforesta-
tion [66], land use conflicts [67], and marginalization of local communities [68]. The governance
outcomes of the industry are largely shaped by both the local contexts and intertwined distant
influences [69]. The NAS configuration (shown in (Fig. 7)) captures the relevant ASs and their
linkages that directly and indirectly affect the social-environmental outcomes associated with the
focal AS. One of the aims of the study is to identify the possible ways of improving governance
outcomes. As proposed by [70] policy interventions targeting the less central ASs could lead
to more efficient outcomes because potential unintended spill-over effects are likely to occur if
intervening in the more central ones. Following their proposition, we highlight (shown with the
colored lines in (Fig. 7)) multiple cascading paths originating from the less central ASs and ac-
tors that could potentially trigger a regime shift that leads towards more sustainable governance
outcomes in the Indonesian palm oil industry. The results indicate the directional causal effects
that propagate along the network (via the identified directed links between ASs) and change the
network equilibria/performance, in line with the sequential SC/FC relationship.
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Figure 7: An overview of the NAS configuration and its highlighted cascading paths

3 Summary

In this report, we presented how the theoretical SC/FC relationships identified in Deliverable 1.1
could be adapted and tested in cases from disciplines of geomorphology, ecology, neuroscience
and social-ecological systems correspondingly. In each application, we started with defining the
terms of SC and FC, and then discussed the key and potential outcomes of identifying the SC/FC
relationships. Though not explicitly testing the co-activity and sequential functional connectivity,
these applications have shown the potential of expanding and deepening our understanding of
the proposed theoretical SC/FC relationships in various disciplinary contexts.
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