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‘Simplicity begins with understanding complexity.’
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Abstract
The challenge in understanding how natural ecosystems work is linked to the complexity of ecological
relationships between species, functional traits and ecosystem functions. Most of the current
frameworks to studying the relationships within fundamental ecology overlook ecosystem
multifunctionality, i.e., the fact that multiple species of various trait assemblages simultaneously
contribute to multiple functions. Moreover, ecosystem multifunctionality has been mainly studied on the
terrestrial systems of much simpler dynamics and less heterogeneity compared to their marine
counterparts. Understanding the complexity within ecosystem multifunctionality in the real-world
complex systems is a critical step to be able to improve our knowledge and management of socioecological systems.
In this thesis, I develop different ways of characterising ecosystem multifunctionality in coastal marine
systems. The frameworks that I developed are Network Analysis of Traits, Bayesian Belief
Multifunctionality Framework and Multivariate Network Analysis. These frameworks incorporate
network theory that supports a holistic and transparent analysis of multifunctional relationships and
provides insights into changes in community composition, changes in functional diversity, redundancy
patterns, ecosystem resilience and functional synergies and trade-offs that can result from forcing an
ecosystem in a particular direction. The frameworks were tested on real-world complex coastal
ecosystems, namely, the intertidal sandflats of Kaipara Harbour and Whangateau Harbour, New
Zealand.
This thesis begins with Introduction, where I explain the background of my research and highlight the
research gaps. Chapter 1 of my thesis presents Network Analysis of Traits that looks at the changes in
the community structure subject to an increased level of experimental nitrogen. Chapter 2 shows
Bayesian Belief Multifunctionality Framework in the assessment of multifunctional relationships
between species, functional traits, ecosystem functions and nature’s contributions to people. Final
Chapter 3 shows Multivariate Network Analysis developed based on empirical data collected by me and
shows the role of individual trait clusters and environmental characteristics in explaining multiple
ecosystem functions that I measured.
The frameworks that I created provide insights into the mechanistic ecological underpinnings of complex
multifunctionality relationships and will support increasing our knowledge of how natural ecosystems
work. Such knowledge is fundamental to the successful management of socio-ecological systems.
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Thesis introduction
1.1. Forming an understanding of humans’ relationship with nature
The urgency of understanding the relationships between people and nature began with increasing
pressure on natural resources. Although nature supported humans since the beginning of our existence,
the first steps in environmental science describing and conceptualising nature-people relationships
were taken in the 1960s (Costanza et al. 2017). The concept of ecosystem services was central to the
emerging fields (e.g., ecological economics, environmental sustainability) aiming to unite community
ecology and socio-economics research. Ecosystem services are defined as the ecological
characteristics, functions or processes that directly or indirectly contribute to human wellbeing (Daily
1997, Costanza et al. 1997). Since its introduction in 1997, the use of ‘ecosystem services’ in the
scientific literature has been rapidly growing, while the significance of the concept was specifically
observed after publishing of the Millennium Ecosystem Assessment (MEA) (Fisher et al. 2009, Mulder
et al. 2015). The MEA (2005) proposed the most common classification of ecosystem services into four
broad categories that relate to different ways people benefit from nature: provisioning, regulating,
cultural and supporting services. Provisioning services are products people obtain from ecosystems
(e.g., food, freshwater). Regulating services are a result of complex ecosystem processes (e.g.,
regulation of climate and water quality). Cultural services are non-material experiences, e.g., how
people connect with nature. Finally, supporting services (often described as habitat services) provide
supporting ground for other services (De Lucia 2018). The MEA (2005) has also shown that humans
have changed natural ecosystems over the past 50 years more than any other time in human’s history.
This claim was supported by the evidence that a striking 60% of ecosystem services are in decline. The
key drivers of change are anthropogenic and include over-exploitation, pollution, invasive species and
habitat and climate change. The MEA was instrumental in setting global policy goals, where reducing
biodiversity loss and protection of ecosystem services were on the top of the agenda (Secretariat of the
Convention on Biological Diversity 2018). Working towards these goals inevitably required integrating
the multiple scientific fields of ecology, social sciences and economics to increase our understanding
of the dynamics occurring on the nature-people interface (Braat and de Groot 2012). Tackling those
highly complex interdisciplinary environmental problems had led to the emergence of the Ecosystem
Approach offering a holistic way to ecosystem management by protecting the environment while
achieving sustainable development (Mulder et al. 2015, De Lucia 2018). The Ecosystem Approach
1

began an important shift from management of individual ecosystem components to inclusive
management of a system at the landscape scale (Haines-Young and Potschin 2010). The Ecosystem
Approach acknowledges humans as an integral part of these dynamic systems who can alter ecosystem
functionality and also experience the consequences of induced changes. Therefore, to safeguard the
human wellbeing, the Ecosystem Approach prioritises the protection of ecosystem structure and
functioning to maintain the flow of ecosystem services (Secretariat of the Convention on Biological
Diversity 2004).
In practical terms, however, an implementation of the Ecosystem Approach appeared difficult, to say
the least. The latest global-scale assessment by the Intergovernmental Science-Policy Platform on
Biodiversity and Ecosystem Services (IPBES) showed evidence that biodiversity keeps declining at an
alarming rate (IPBES 2019). The Aichi Targets 2020 (also known as The Strategic Plan for Biodiversity
2011-2020) (Secretariat of the Convention on Biological Diversity 2018) agreed by 196 nations have
not been achieved (Butchart et al. 2015, Butchart et al. 2016, Marco et al. 2016, Dreujou et al. 2020).
A critical reason behind this shortfall is our uncertainty of the complex socio-ecological relationships
(Morelli and Tryjanowski 2016, Milner-Gulland and Shea 2017).
1.2. Complex socio-ecological systems and how to understand them
‘Socio-ecological systems’ is a highly interdisciplinary term that describes systems of a close
relationship between humans and the natural environment (Young et al. 2006, Haines-Young and
Potschin 2010). The challenge in understanding socio-ecological systems results from the high levels
of complexity that characterises both ecological and socio-economic research (Thompson and
Starzomski 2007, Cadotte et al. 2011). Figure 1.1 visualises the complexity of socio-ecological
relationships with the central role of ecosystem functioning and ecosystem services that define the
intercept between the two realms.
1.2.1

Ecosystem functioning – understanding its underpinning ecological role

Ecosystem functioning is the joint effect of multiple ecological processes found in the ecosystem (Jax
2005, Reiss et al. 2009, Degen et al. 2018). These processes are being performed irrespective of their
potential contribution to people’s wellbeing (Braat and de Groot 2012). Biodiversity (i.e., the variability
among all elements of biological organisation) plays a key role in sustaining ecosystem functioning
(Hooper et al. 2005). Species through their biological activity underpin the performance of functions.
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Measuring the links between biodiversity and ecosystem functions (BEF) can, therefore, help us
understand the ecological complexity that underpins ecosystem functioning and the provision of
ecosystem services. There are two main approaches to measuring biodiversity. The first, species-based
approach, considers species as a primary unit and uses indicators such as species composition,
richness and evenness to quantify biodiversity and to determine links between functions (Hooper et al.
2005, Reiss et al. 2009). The alternative, trait-based approach, defines species using their functional
traits. Functional traits include the species phenotype that influences ecosystem processes, and
therefore, traits more directly translate to functions (Dı́az and Cabido 2001, Cadotte et al. 2011, Duncan
et al. 2015). Adapting the trait-based approaches in BEF research allows looking more precisely at what
species do, to have a better idea of the mechanistic underpinnings behind functions’ performance
(Naeem and Wright 2003, Petchey and Gaston 2006, Reiss et al. 2009). For example, some of the most
common functional traits used to explain functions are the body size, mobility or feeding type (Bremner
et al. 2003, Degen et al. 2018). Using the variety of indices, including univariate (e.g., trait evenness,
Shannon-Wiener, and Simpson’s indices) and multivariate indices (F Ric, FDiv, FEve, Rao’s Q, FDis) allows
to determine functional diversity, i.e., diversity of species traits within or across communities (Schleuter
et al. 2010, Thrush et al. 2017).
While both species and trait-based approaches are commonly used in the literature, functional diversity
(derived from functional traits) has been repeatedly demonstrated to be a better proxy in measuring
ecosystem functions compared with species diversity (Petchey et al. 2004, Hewitt et al. 2008, Reiss et
al. 2009, Cadotte et al. 2011, van der Plas 2019).
A realisation of people’s reliance on ecosystem services with its source in ecosystem functionality driven
by functional diversity is the first step to understanding the complexity of socio-ecological systems. The
second step is embedding the multivariate nature of these relationships.

3

Figure 1.1. The complexity of socio-economic systems. Ecosystem multifunctionality (i.e., multiple
functions) is a central component of the framework. The colour of the bars represent traits’ contribution
to functions and functions’ contribution to ecosystem services. Different traits of different species
(species represented by different shapes) underpin the provision of ecosystem functions in different
proportions. Different functions contribute to different ecosystem services in different proportions.
1.2.2.

The ecosystem multifunctionality approach to understanding the complexity of socioecological systems

Species with their different assemblages of functional traits contribute to the performance of multiple
ecosystem functions simultaneously. This implies that every ecosystem function is typically an outcome
of the biological activity of many species (see Figure 1.1) (Fanin et al. 2017). This phenomenon is
defined as ecosystem multifunctionality (Manning et al. 2018). Despite the fact that ecosystem
multifunctionality is an inherent feature of all natural ecosystems, its application in socio-ecological
research has been limited. The vast majority of research was concentrated on bivariate connections,
e.g., single function per study (Hector and Bagchi 2007, Reiss et al. 2009, Lefcheck et al. 2015) that do
not provide a realistic picture of ecosystem functioning. Natural ecosystems are highly complex and
dynamic structures, therefore, looking at the relationships between any ecosystem components in
isolation will inevitably mean that a vast array of interactions between species, environmental
characteristics and functions will be taken out of the equation (van der Plas 2019). The example of such
a limiting approach that has been widely used in the literature is the ‘cascade’ of linear flow from
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biophysical structures through ecosystem functions to ecosystem services (Haines-Young and Potschin
2010) (Figure 1.2). The cascade model is an oversimplistic representation of socio-ecological
relationships where the plurality of ecosystem components (e.g., function instead of functions) and
complexity of connections that reflect ecosystem heterogeneity were not recognised (Costanza et al.
2017). The concept of ecosystem multifunctionality strives to gauge the maximum complexity level and,
therefore, offers a more holistic and truthful way of studying socio-ecological systems (Manning et al.
2018, Giling et al. 2019).

Figure 1.2. Ecosystem service cascade framework proposed by Haines-Young and Potschin (2010)
showing a simplistic understanding of socio-ecological relationships where the plurality of ecosystem
components and complexity of connections between multiple components were not expressly
considered.
1.2.3.

Measuring multifunctionality

More biodiversity does not simply imply more functions. Although biodiversity generally promotes
multiple ecosystem functions, neutral and negative relationships have also been observed (Soliveres
et al. 2016, van der Plas et al. 2016, van der Plas 2019). For example, the high mobility of seafloor
dwelling organisms helps reduce sediment patchiness, while, on the other hand, it can contribute to
nutrient release and lowered metal sequestration (Siwicka and Thrush 2020). For diversity to contribute
to higher rates of multifunctionality, the positive effect of species interactions on individual functions
must exceed the potential decrease in functions from competition or other conflicting biological activity
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(Byrnes et al. 2014, Slade et al. 2019). These BEF effects are site- and context-specific and
characterised by high spatial and temporal variability while their responses to changes are often nonlinear (Lohrer et al. 2004, Thrush et al. 2006, Fanin et al. 2017). Therefore, studying multifunctionality
is essential in developing an understanding of the natural ecosystem mechanics. There are several
available methods to measuring multifunctionality, including the (i) univariate methods addressing
individual functions, (ii) the averaging approach, (iii) the turnover approach, (iv) single and multiple
threshold methods, and (v) the multivariate diversity-interaction framework (Dooley et al. 2015). The
individual function approach offers a good way to familiarise a researcher with the dataset allowing for
qualitative discussion around ecosystem multifunctionality, however, it cannot provide enough insights
into the complex nature of the relationships (Allan et al. 2013). The univariate metrics applied to the
single function and averaging approaches significantly reduce the complexity of natural ecosystems.
For example, in the averaging approach the effect of two functions performed at the same level will be
shown as equal to the effect of two functions where one is at the high and the other at the low level
(Byrnes et al. 2014). The turnover (also known as overlap) approach considers sets of species that
affect each function to quantify an overlap between species sets (Hector and Bagchi 2007). The
turnover approach identifies which species have positive, negative, or neutral effects on each function
and uses this information to calculate the balance between positive and negative impacts. The analysis
is performed on individual functions in isolation and, therefore, cannot identify whether the same set of
species that positively influences some functions will have an opposite effect on the others (Dooley et
al. 2015). Multiple functions are considered simultaneously in the threshold approaches. The single
threshold approach shows whether multiple functions surpass a predefined threshold at each diversity
level (Gamfeldt, Hillebrand & Jonsson 2008). Such a method is useful when the threshold value exists
(e.g., in water quality to meet specific standards). In other cases, the researchers rely on an arbitrary
selection of the threshold value and a wrong choice can have a substantial impact on study results
(Stürck and Verburg 2017, Hölting et al. 2019). For example, the single threshold approach can miss
important information on functions that are significant to an ecosystem and are performed at lower
levels (Hölting et al. 2019). The multiple threshold approach reduces the risk of error of the single
threshold approach by incorporating multiple thresholds. Nevertheless, although thought to be the best
available measure of multifunctionality, the threshold approaches are limited in their ability to provide a
detailed ecological profile of multifunctionality (Manning et al. 2018). One of the reasons links to the use
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of aggregated biodiversity measures, e.g., species richness, in multifunctionality assessment (Bradford
et al. 2014). Species richness is a count of species in the ecological community. Although it can provide
useful insights to BEF relationships, the generalisation of biodiversity to species richness significantly
reduces our ability to understand the complex ecology underpinning multifunctionality (Snelgrove et al.
2014, Slade et al. 2019). For example, while species abundance is found to be an important driver of
functions (Cardinale et al. 2012, Winfree et al. 2015), when using species richness, two data points,
one with 100 individuals and another one with two individuals, will be represented by the same number.
Species richness also limits current multifunctionality methods in their ability to trace multifunctionality
relationships down to the individual species level. Therefore, it cannot differentiate the relative
importance of species in function provision (see Figure 1.1). Consequently, the unimportant species
occurring in low abundances will be assigned with the same weight as the highly important or abundant
species. The only approach that allows looking in more detail at species combinations and functional
interactions is the multivariate diversity-interactions framework (Dooley et al. 2015). Nevertheless, the
application of this approach is limited to ecosystems with low diversity of species and a low number of
functions.
Understanding ecosystem multifunctionality is a critical step to increasing our knowledge of socioecological relationships. Nevertheless, current methods to measuring multifunctionality offer a simplified
picture of ecosystem mechanics that does not reflect real-world ecosystem functioning (Naeem and
Wright 2003, Snelgrove et al. 2014, Bradford et al. 2014). With the level of complexity surrounding
socio-ecological systems, new methods are needed that will make explicit links between species, their
functional traits, multiple functions and ecosystem services (Mulder et al. 2015).
1.3. Network tools and socio-ecological research
1.3.1.

Can network tools be a solution to studying the complexity of socio-ecological systems?

Large and heterogeneous socio-ecological systems can be effectively visualised as networks (Mulder
et al. 2015, Pocock et al. 2016). Networks allow demonstrating links between multiple components,
show connections, detect patterns, clusters and co-occurrences; and determine strengths of pairwise
connections (Newman 2010). Species, traits, functions and services can be represented as nodes in
the network, whereas the links determine a relationship between the nodes (Bohan et al. 2016, Dee et
al. 2017). Networks can deliver a holistic analysis and simultaneously they contain detailed information
on individual connections. Every connection can be traced down and be studied individually as well as
7

a part of a big picture (Pocock et al. 2016). For example, species redundancy (i.e., the potential of the
community to maintain ecosystem functionality (Walker 1992, Rosenfeld 2002)) can be studied on the
species-function level as well as it can provide us with a more holistic picture of how much redundancy
multiple functions contain and, therefore, help predict ecosystem susceptibility to change (Truchy et al.
2015, Siwicka et al. 2019). Delivering holistic analysis with a high level of detail of individual connections
is a key strength of the network approaches in linking multiple disciplines (Bodin et al. 2017, Dreujou et
al. 2020). It allows the links to be explicit and transparent, enhancing our understanding of complex
mechanisms underpinning socio-ecological systems (Snelgrove et al. 2014, Mulder et al. 2015).
Commonly, networks have been used in studying trophic interactions, e.g., modelling mutualistic plantanimal interactions, host-parasitoid, and prey-predator webs (Mulder et al. 2015). The majority of these
studies focused on the relationships within single trophic (horizontal diversity) rather than multiple
trophic (vertical diversity) levels (Thebault and Loreau 2003, Reiss et al. 2009). Although the research
interest in studying the link between multitrophic levels and multifunctionality is growing, the
relationships are mainly studied between functions and species richness (Duffy et al. 2007, Eisenhauer
et al. 2019, Martinez‐Almoyna et al. 2019). The role of functional traits in network approaches to
multifunctionality is still limited (Hagen et al. 2012, Mulder et al. 2015). New network approaches to
studying biodiversity-ecosystem function (BEF) and biodiversity-ecosystem service (BES) links, with a
focus on functional traits and multifunctionality, can help to bridge the gap between social and natural
sciences (Cardinale et al. 2012). The need for such approaches has been identified as one of the most
critical research priorities (Mace et al. 2012, Mulder et al. 2015).
1.3.2.

Network approaches in ecosystem management and decision-making

On the science-policy interface, socio-economic and ecological research often remains disconnected
from one another (Cardinale et al. 2012, Posner et al. 2016). Increasing our knowledge about complex
socio-ecological systems can significantly improve the way we manage these systems (Carpenter et al.
2009). Network tools and their transparent visualisation of the BEF-BES relationships can contribute to
making more informed management choices and help to avoid unintended outcomes and unmet policy
goals (Dee et al. 2017). In particular, network tools have the potential to encourage managers to move
away from single-species management to ecosystem-based management (Thompson and Starzomski
2007). Other benefits of network tools in environmental management and decision-making involve (i)
making instant comparisons, (ii) analysing synergies and trade-offs, (iii) exploring management

8

scenarios, (iv) and enabling active engagement of stakeholders (Pocock et al. 2016). The use of
network theory to inform decision-making and management of socio-ecological systems remains limited
despite its high relevance (Pocock et al. 2016, Bohan et al. 2016). The development of new networkbased frameworks that are specifically designed to accommodate the BEF-BES links can significantly
improve ecosystem management and environmental decision-making. Such frameworks should aim to
explain the complexity of socio-ecological systems by embedding ecosystem multifunctionality in the
format of interconnected networks of species, their functional traits, ecosystem functions and services.
1.4. Ecosystem multifunctionality in marine realms
1.4.1.

The research gap between marine and terrestrial systems

Ecosystem multifunctionality is a newly emerged concept that began a positive shift in our way of
thinking of how natural ecosystems work (Giling et al. 2019). It can significantly improve our
understanding and the way we manage natural ecosystems, specifically the ecosystems that are
complex. Marine ecosystems are an example of heterogeneous, diverse and dynamic systems that
contain a high level of complex interactions (Borja 2014). Nevertheless, marine systems remain largely
understudied compared to the terrestrial ecosystems. Townsend et al. (2018) report that in the area of
ecosystem services alone, marine studies represent less than 9% of total ecosystem service literature
(Figure 1.3). Further, Giling (2019) provides the summary of studies that investigated ecosystem
multifunctionality responses to global change drivers and shows a discrepancy between terrestrial (21)
versus marine (3) studies. Even within the terrestrial realms, we can observe a disproportionate
increase in multifunctionality research from temperate forests and grasslands (Slade et al. 2017, van
der Plas 2019). Following these observations, I reviewed ecosystem multifunctionality studies published
between 2015 and 2020. The result shows a similar trend and demonstrates that studies on ecosystem
multifunctionality in terrestrial systems significantly outnumber their marine counterparts (Figure 1.4).
1.4.2.

Challenges in studying multifunctionality in the marine system

Marine systems remain the most difficult of Earth’s ecosystems to study and manage due to their high
levels of complexity, connectivity and dynamics (Townsend et al. 2018, Gladstone-Gallagher et al.
2019). Some systems, such as intertidal sandflats, contain high levels of biodiversity, e.g., a single
sediment core sample (13 cm diam, 15 cm deep) can contain over 25 different species (Thrush et al.
2017). This is significantly higher than the extensively studied terrestrial systems, i.e., temperate forest
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or grasslands of much lower species richness (usually approx. 16 species per plot size of 2 x 2 m, 9 x
9 m or 20 x 20 m (e.g., see Gamfeldt, Hillebrand & Jonsson 2008, Zavaleta et al. 2010, Byrnes et al.
2014, Huang et al. 2019) or less, (e.g., Dooley et al. 2015, van der Plas et al. 2016, Hertzog et al.
2019)). The consequence of the higher rates of biodiversity is a complex network of interactions that
underpins multifunctionality, making studying BEF-BES relationships challenging. With the current rates
of biodiversity loss and habitat degradation, management decisions regarding marine systems have to
be made fast despite the lack of extensive empirical data (Townsend et al. 2014). In situations when
data scarcity is an issue, the researchers could look into combining different knowledge sources. Filling
limited empirical data with expert knowledge can be a solution (Gladstone-Gallagher et al. 2019). There
are approaches available that enable summarising insightful messages about complex ecological
systems using expert knowledge. An example of such an approach is the ‘ecosystem principle approach
(EPA)’ that uses expert knowledge to generate a set of principles underpinning ecosystem functioning
(Townsend et al. 2011). A qualitative result presentation offered by EPA can help understand the
ecosystem’s mechanics, however, it cannot easily make direct comparisons of synergies and trade-offs
nor test and analyse different ecological scenarios. New methods are needed in the field of marine
ecosystem multifunctionality that will enable combining different knowledge sources and accommodate
quantitative assessments. New methods that are specifically suited to tackle the challenges that marine
realms face can contribute to increasing our understanding of these complex systems, better inform
decision-makers and consequently reduce the study gap between marine and terrestrial systems.
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Figure 1.3. Discrepancy in marine vs terrestrial studies of ecosystem services. The search was
performed in the ISI Web of Science database by Townsend et al. (2018). The search included all
studies between 2000- and 2015. The ‘ecosystem service’ term was entered as a title search word.

Figure 1.4. Discrpancy in marine vs. terrestrial studies in ecosystem multifunctionality. The search was
performed in the Scopus database. The search included all studies between 2015 and 2020 that
included the ‘ecosystem multifunctionality’ term in either the publication’s title, abstract, or keywords.
The graph shows the overall increasing trend in multifunctionality studies with the dominance of
terrestrial multifunctionality studies compared with their marine counterparts. ‘Other’ describes the
review manuscripts focused on multifunctionality as a concept.
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1.5. Thesis outline
In the above sections, I introduced the background to my research, explained key concepts and
definitions and identified the research gaps in the field of socio-economic relationships and ecosystem
multifunctionality. In this section, I describe a detailed structure of my thesis and my thesis's role in
advancing approaches to ecosystem multifunctionality and understanding nature-people relationships.
Chapter 1: ‘Linking changes in species–trait relationships and ecosystem function using a network
analysis of traits.’
This chapter introduces a novel approach – Network Analysis of Traits (NAT) that explores changes in
the community structure from environmental disturbance. NAT uses a combination of functional trait
and network approaches to show changes to the network architecture of functional clusters offering a
new way of studying functional diversity and redundancy.

(i)

Methods, case study and results

NAT involves two phases:
-

Species-trait co-occurrence – this phase looks at the similarity of species within their trait space.
The outcome is a list of pairwise associations of functionally similar species, i.e., share traits. The
species-trait co-occurrence list is used in the next phase;

-

Environmental network analysis (ENA) – identifies functional clusters, visualises patterns and
explores changes in these patterns from increasing environmental disturbance. These changes in
network structure are assessed quantitatively using the analysis of trait distances.

The NAT method is presented alongside a case study, where NAT is applied to investigate the
community changes from the experimentally increased nitrogen in sediment (150 g N/m2 and 600 g
N/m2) on an intertidal sandflat in Kaipara Harbour, New Zealand (Thrush et al. 2017).
The results show that the community was prone to undergo radical changes from high levels of nitrogen.
Specifically, the analysis of individual clusters demonstrated the first signs of diversity loss. The network
recognised patterns in the community, showed changes to functional diversity, and demonstrated
varying redundancy between functional clusters.
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(ii)

Relevance to ecosystem multifunctionality and gaps in socio-ecological research

NAT relies on multiple traits that are important to ecosystem functioning. Therefore, the messages
revealed by NAT are relevant to ecosystem multifunctionality as different traits underpin the provision
of many ecosystem functions and services (Figure 1.1).
Further, the NAT approach provides insightful messages that will benefit management decisions. In
particular, it has the power to detect patterns that can forewarn of collapse, changes to functionality and
ecosystem service delivery. NAT can also benefit conservation, monitoring and habitat restoration
programmes where knowledge of functional diversity, redundancy and changes in community structure
is instrumental in selecting the correct management strategy.
Overall, NAT is a tool that can benefit future socio-ecological research. It provides insights into the
complexity of BEF relationships that are critical to understanding how natural systems work. Knowing
how the community changes link to ecosystem functions can help improve the management of natural
ecosystems.
Chapter 2: ‘Advancing approaches for understanding the nature-people link.’
In this chapter, I develop the Bayesian Belief Multifunctionality Framework as a novel way of studying
the complexity surrounding ecosystem multifunctionality. BN Multifunctionality Framework is a tool that
supports socio-ecological research by making explicit links between species, functional traits, multiple
functions and nature’s contributions to people (NCPs). This framework uses a Bayesian Belief Network
(BN) that relies on conditional probabilities to establish these links. BN has not yet been used in the
field of ecosystem multifunctionality. The other novelties of this approach are:
-

Using functional traits to make links with ecosystem multifunctionality;

-

Embedding the recently proposed concept of nature’s contributions to people (IPBES 2019);

-

Utilising a combination of knowledge sources: expert knowledge and empirical data to make links
between species, traits, multiple functions and NCPs;

-

Applying a network approach to visualise the complexity of the studied ecosystem;

-

Performing a quantitative assessment of synergies and trade-offs and testing different ecological
scenarios.
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(i)
-

Methods, case study and results
Species–trait links – to provide an example application of the Bayesian Belief Multifunctionality
Framework, the macrofaunal data collected during fieldwork in Kaipara Harbour was used. Each
species was characterised in terms of their functional traits using the fuzzy coding method. Trait
categories included: the direction of sediment particle movement, feeding mode, location in or on
sediment, sediment structure, mobility, body size and body hardness;

-

Trait–function links – expert knowledge was used to establish multiple trait-function links. Assessed
were seven ecosystem functions important in marine soft-sediments: secondary production, metal
sequestration, denitrification, dissolved inorganic nitrogen release from the sediment, sediment
stability, primary production and sediment formation;

-

Function–NCP link – expert knowledge was used to establish multiple function-NCPs connections.
Nine NCPs were considered: food and feed, supporting services, climate regulation, regulation of
coastal water quality, physical and psychological experience, habitat creation, learning, materials
and erosion control.

BN Multifunctionality Framework allowed insights into:
-

Functional synergies and trade-offs, i.e., how maximising functions’ performance to a trait set
affects the performance of other ecosystem functions;

-

Varying functional redundancy;

-

Scenario testing, i.e., how changes in species density affect the levels of NCPs provision.

The results from the case study demonstrated varying redundancy between functions. The results also
showed that selecting a trait set that maximises one function also contributes to high levels of other
functions, e.g., sediment stability and secondary production. Scenario testing analysis showed that high
species density generated an increase in the provision of the majority of considered NCPs.

(ii)

Relevance to ecosystem multifunctionality and gaps in socio-ecological research

BN Multifunctionality Framework offers a way to look at ecosystem complexity and recognises a central
role of multifunctionality in linking species, their functional traits to functions and NCPs. The information
delivered by the BN Multifunctionality Framework regarding varying levels of redundancy, synergies
and trade-offs between functions are essential to increasing our understanding of mechanistic links that
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underpin functions provision. Other key benefits of the framework include visual transparency, the ability
to combine different knowledge sources, quantitative assessment, and exploration of different
ecological scenarios. Therefore, the BN Multifunctionality Framework can be used as a stakeholder and
public engagement tool and inform environmental decision-making.
Chapter 3: ‘Beyond the single index: Investigating ecological mechanisms underpinning ecosystem
multifunctionality with network analysis.’
In the last data chapter of my thesis, I develop multivariate network analysis to studying ecosystem
multifunctionality in diverse and heterogeneous ecosystems. In this chapter, I used data that I collected
in an experiment assessing variations in ecosysrem functions, environmental characterisitics and
macrofaunal community composition on the intertidal sandflats of Whangateau Harbour, New Zealand.
This framework offers an alternative way of studying multifunctionality relationships. It uses the network
tools that allow a holistic and transparent analysis while maintaining a high level of details of the ecology
behind functions. It provides insights into individual connections between species, traits, environmental
characteristics and functions, rather than aggregating ecosystem heterogeneity to a univariate index.

(i)

Methods, case study and results

The multivariate network analysis is developed and tested on a diverse and heterogeneous ecosystem,
the Whangateau intertidal sandflat.

-

Data collection – the dataset was derived from the fieldwork experiment followed by the laboratory
work. I measured indicators for ecosystem functions and environmental characteristics. I also
surveyed the macrofaunal community and assigned them with their functional traits. Indicators for
functions include standing stock of primary production, oxygen production, oxygen consumption,
DIN release (ammonium and NOx efflux), phosphate release, denitrification and organic matter
degradation at the sediment surface. Environmental characteristics include the content of sediment
organic matter, mud, shell hash and sediment water content. The macrofauna community
consisted of 36 species that were classified to 30 trait modalities.

-

Establishing habitat heterogeneity – to demonstrate the multifunctional nature of the sandflat and
show variability between sites, I performed Principle Component Analysis on functions and
Principle Coordinates Analysis on traits and environmental characteristics.

15

-

Reducing trait dimensionality – Network Analysis of Traits (NAT), that I developed in Chapter 1,
was used to establish four clusters of species of similar trait assemblages. Trait clusters included
attached, small mobile top 2 cm dwellers, hard-bodied surface dwellers, suspension feeders, deepdwelling worms and tube forming worms.

-

Multivariate network analysis – the distance-based linear models and network analysis were used
to demonstrate relationships between multiple ecosystem functions, multiple trait clusters and
multiple environmental characteristics.

The results demonstrated that different combinations of different trait clusters and environmental
characteristics were important in explaining different functions. Small mobile top 2 cm dwellers, deeptube forming worms, deep-dwelling worms and suspension feeders were the most prevalent
contributors among trait clusters and %mud among environmental characteristic. Functions that were
most highly explained referred to sediment biogeochemistry.

(ii)

Relevance to ecosystem multifunctionality and gaps in socio-ecological research

Multifunctionality is predominantly being assessed using the species approaches aggregated to a
single index (species richness). Multivariate network analysis offers an alternative way of assessing
multifunctionality by (i) advancing the use of functional traits; and (ii) maintaining a high level of
ecological details that underpin functions provision. The knowledge of individual connections between
species, functional traits and multifunctionality will significantly increase our understanding of
ecosystem complexity, i.e., what exactly are the ecosystem functions reliant upon. Such knowledge will
allow for more accurate management decisions targeted to prevent further biodiversity loss and
maintain ecosystem functions and ecosystem services flow.
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Chapter 1. Linking changes in species-trait relationships and
ecosystem function using a network analysis of traits (NAT).

This work resulted in a published manuscript: Siwicka E., S. F. Thrush, and J. E. Hewitt. 2019. Linking
changes in species-trait relationships and ecosystem function using a network analysis of traits
(NAT). Ecological Applications 30:02010.
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2.1. Introduction
Implementing ecosystem-based management (EBM) and sustaining the delivery of ecosystem services
requires an understanding of how changes in community structure link to ecosystem functions (Levin
and Lubchenco 2008, Naeem 2009). Ecosystem services are the products of numerous ecological
functions and processes (Snelgrove et al. 2014, Bohan et al. 2016, Costanza et al. 2017). Many
ecosystem functions are performed simultaneously (i.e., ecosystem multifunctionality) (Slade et al.
2017) by multiple species with different trait assemblages. The relationships between species and
ecosystem functions are usually defined by species’ biological traits that link to a wide array of physical,
biogeochemical, behavioural or temporal and phenological features that define species interactions with
other ecosystem components, informing about species functionality (Dı́az and Cabido 2001, Cadotte et
al. 2011, Duncan et al. 2015). For instance, knowledge of a species body hardness, e.g., calcified
species (biological trait), tells us about their potential to contribute to the biogenic formation of sediment
in coastal ecosystems (function). Therefore, biological traits are commonly used as surrogates for
functions (McGill et al. 2006, Thrush et al. 2006, Greenfield et al. 2016).
There are multiple approaches to measuring functional diversity, i.e., diversity of species traits within or
across communities (Schleuter et al. 2010). The available methods include a range of multivariate trait
indices (e.g., FRic, FDiv, FEve, Rao’s Q, FDis, functional β‐diversity and n-dimensional hypervolume
analysis) as well as univariate indices (e.g., trait evenness, Shannon–Wiener and Simpson’s indices)
(Petchey et al. 2009, Villéger et al. 2013, Thrush et al. 2017, Blonder et al. 2018). These methods,
provide important insights by describing different characteristics of the community in relation to
ecosystem functionality, e.g., the amount of filled niche space (FRic) or the distribution of species
abundances in the functional space (FEve) (Mason et al. 2005, Mouchet et al. 2010). However, these
metrics have been shown to vary with regards to their accuracy, in terms of the match between how an
index behaves and its verbal definition. Some metrics appear to be correlated meaning that they may
not be informative in revealing the importance of different aspects of functional diversity (Schleuter et
al. 2010, Thrush et al. 2017). Further, most of the available functional diversity indices are limited in
providing an explicit and transparent analysis of ecological communities as networks, e.g., the analysis
of structural changes in functional clusters and changes in between and within clusters connectivity
based on the links between the nodes.
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Management decisions can benefit from a more in-depth analysis of community network structure and
their traits to reveal changes in functional diversity that forewarn of collapse, loss of function and service
delivery (Clements and Ozgul 2016). In particular, studying changes in community network structure
can benefit conservation, where knowledge of functional redundancy levels within community clusters
can help prioritise species that are at higher risk to be lost from the ecosystem (Rosenfeld 2002, Chades
et al. 2008). Such knowledge will be especially important when making management decisions
regarding ecosystems where the species with low redundancy are critical to ecosystem functioning and
provision of ecosystem services (Rosenfeld 2002, Harvey et al. 2017). In-depth analysis of community
network structure can also provide managers with new insights into the implications of human
disturbance to community change (Kaiser-Bunbury and Blüthgen 2015). Monitoring communities and
changes in their network structure can reveal information on when ecological systems are resistant or
prone to change (McCann 2007). Such knowledge can be used in setting regulatory limits based on
community response and functional shifts rather than individual population responses to stress or
disturbance. Habitat restoration programmes can also benefit from an in-depth analysis of community
network structure, to help evaluate successful restoration of ecosystem function(s) (Tylianakis et al.
2010, Kaiser-Bunbury and Blüthgen 2015).
The analysis of changes in community structure and their traits can be performed using network theory
(Dee et al. 2017). In the context of environmental assessments, this is a form of environmental network
analysis (ENA). ENA is an adaptation of a method predominantly used in social science, known as
Social Network Analysis (SNA) (Wasserman and Faust 1994, Johnson et al. 2009). Networks allow
tackling scientific problems from a holistic and relational perspective (Salpeteur et al. 2017). They are
particularly advantageous as they analyse (i) connectivity of heterogeneous and complex systems, (ii)
changes in these systems caused by external factors, (iii) the strength of individual relationships and
pairwise interactions, and (iv) patterns, clusters and co-occurrence (Newman 2010, Morueta-Holme et
al. 2016). These network attributes directly relate to the analysis of species-functions relationships,
making ENA a powerful tool in ecosystem monitoring, nature conservation and management (Bohan et
al. 2016). Despite the potential usefulness of network tools in the field of ecological research, and a
long history in interaction theory and foodweb networks (Tylianakis et al. 2010, McDonald et al. 2015,
Harvey et al. 2017, Xiao et al. 2018, Pellissier et al. 2018), networks related to community structure that
rely on multiple traits, and can therefore be linked to multiple functions, have not been widely applied
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(Bohan et al. 2016). Ideally, to create a realistic function-network model, a comprehensive dataset is
needed on a broad range of ecological interactions and their mechanistic underpinning. Inevitably, time,
space and resource limitation compromise this ideal. Where such studies have been conducted using
iterative procedures of modelling and testing (Weerman et al. 2010, Weerman et al. 2011) or structural
equation modelling (SEM) (Thrush et al. 2014) networks addressing even a simple suite of functions
often reveal multiple indirect effects and feedback loops connecting network variables. Such models
imply that functions are emergent phenomena of complex systems. We need new network methods
that are fast, informative and allow us to gain insights into species-trait-functions relationships that can
be derived from available community data.
In this paper, we develop a novel framework to study changes in community networks from different
levels of environmental stress that rely on the analysis of species’ functional traits. We demonstrate
how changes in community network structure can provide useful information with regards to the
functional diversity and functional redundancy, and discuss how these insights into the nature of
ecological relationships can inform management. The framework, which we name the network analysis
of traits (NAT) consists of two phases: (i) species-trait co-occurrence and (ii) environmental network
analysis (ENA) (see Table 2.1 for an outline for the method and data requirements). We specifically
focus on showing how NAT is applied to investigate changes from environmental stress based on a
case study of increased levels of nitrogen in intertidal sandflats in New Zealand. This experiment
(Thrush et al. 2017) provides a valuable test of NAT because of the extensive and diverse community
data and the mechanistic links to how the community affects nitrogen processing in marine sediments.
Increased nitrogen input from land is a significant management challenge affecting coastlines worldwide
(Valiela et al. 1997, Heggie and Savage 2009). Increased reactive nitrogen alters ecosystem primary
productivity with the concomitant decomposition of organic matter reducing oxygen availability for other
organisms, posing the risk of the current systems losing functionality and undergoing a regime shift
(tipping point). The remineralization of nitrogen, release of nutrients from sediment and denitrification
are important ecosystem functions that influence services by limiting the potential for eutrophication and
the generation of dead zones (Diaz and Rosenberg 2008).
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Table 2.1. Conceptual diagram of Network Analysis of Traits. Key steps and requirements.

Network Analysis of Traits

Input data

Species–trait co-occurrence

Environmental network analysis

Data

Species x trait adjacency matrix
level of environmental stress
(e.g., N treatment)

Presence-absence – species x trait
matrix

Data format – species pairs with
Jaccard’s coefficient strength of cooccurrence

Aim

Input data to the analysis

To establish the level of trait similarity
between species that share traits

Fuzzy coding - speciescharacterized by their traits
(Chevene 1994)

1.

Analysis

1.

2.

3.
Software
requirements

n/a

Pairwise probability of cooccurring species in their trait
space
Analysis performed for all levels
of environmental stress (e.g.,
three experimental N treatments)
Jaccard’s coefficient strength of
co-occurring species pairs
'cooccur' R package

To reveal the changes in
functional diversity based on
changes in community structure
network
1.

2.

Network analysis consisting of:
(a) Fruchterman-Reingold layout
(b) modularity
(c) individual analysis of clusters
Analysis performed all levels of
environmental stress together

Gephi 0.9.2

2.2. Material and method
2.2.1.
(i)

Method development
Species-trait co-occurrence analysis

The species-trait co-occurrence analysis used the ‘cooccur’ R-package (Griffith et al. 2016). Co-occur
is based on a probabilistic model by Veech (2013) to study species coexistence between every possible
combination of emergent species pairs (Arita 2016, Royan et al. 2016). Originally, the package was
intended to calculate the probability of having a site with species A present, under the condition that the
same site also contained species B (Griffith et al. 2016). Therefore, it has been mainly applied to
investigate species co-occurrence patterns along spatial gradients (Arita 2016, Royan et al. 2016,
Pudyatmoko 2017, Simon et al. 2017).
In the NAT method, we adopted this approach to measure the species co-occurrence in trait space. We
analysed species data in terms of how many traits any pair of species shared as opposed to how many
sites (locations) pairs of species shared. The input data is a series of species x trait matrices in
presence-absence format, each matrix corresponding to a different level of environmental stress. To
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establish species co-occurrence in the trait space, for each matrix we first analysed a probability of cooccurrence between each pair of species based on their traits. Next, we subtracted the negative
pairwise species associations to focus on positive relationships i.e., species pairs that share traits using
the Pgt function (Pgt <0.05) from the ‘coocur’ R-package (Griffith et al. 2016). Negative associations were
not considered because we are only interested in using overlap in traits to define functional clusters
composed of species with similar traits (DataS1: Species trait cooccurrence analysis). From the
species-trait co-occurrence analysis, the list of co-occurring pairs of species within their trait space was
obtained. Next, we used the Jaccard’s coefficient (JC) to represent the strength of species-trait cooccurrence for every pair (i.e., the strength of within trait species similarity). JC divides the trait
intersection (number of traits both species exhibit) by the trait union (total number of traits exhibited by
the two species) (𝐽𝐶(𝑆1 , 𝑆2 ) =

|𝑆1 ∩ 𝑆2 |
|𝑆1 ∪𝑆2 |

= |𝑆

|𝑆1 ∩ 𝑆2 |

1 |+|𝑆2 |−|𝑆1 ∩ 𝑆2 |

, S1 and S2 represent the species ) (Rice and

Belland 1982, Upton 2008). The species-traits co-occurrence is performed for each species-trait matrix
corresponding to each level of disturbance and the output feeds into the next phase of NAT, the
environmental network analysis (ENA).

(ii)

Environmental Network Analysis (ENA)

We use ENA to visualise and quantify the changes in co-occurring patterns of the species within their
trait space subject to added stress, specifically, by analysing the distances between functional clusters.
We built the ENA using Gephi 0.9.2 network analysis software (Bastian et al. 2009). The ENA consists
of sub-networks and each sub-network visualizes the species-trait co-occurrence output for different
levels of environmental stress. The nodes represent individual species, whereas the node size
represents species abundance. The link indicates the positive pairwise species co-occurrence within
the trait space. The thickness of the link represents the strength of co-occurrence determined by JC.
Thicker links indicate a greater number of shared traits, whereas a thinner link means that the species
share fewer traits from the total number of traits they have. We calculated the following network
parameters (a) Fruchterman-Reingold layout, (b) modularity and (c) individual analysis of clusters.
Fruchterman-Reingold Layout
We used Fruchterman-Reingold (FR) algorithm (Fruchterman and Reingold 1991), which is a twodimensional and force-directed network transformation. We can think of this algorithm as making the
links between nodes behave like springs, i.e., nodes are attracted or pushed apart according to the
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strength of connections they have with the other nodes (Fagnan et al. 2012, Decker et al. 2013). The
links are determined by the JC, e.g., species pairs with higher JC attract each other and appear close
in the network. To visualize the relative differences in environmental network architecture under the
varying levels of disturbance, FR-transformation is performed on the same space to maintain the scale
of the transformation as well as to keep the network parameters and the relative differences in distances
between nodes comparable.
Modularity
Between-node connections are usually distributed unevenly within the network. Based on the presence,
distribution, strength and density of connections between nodes we can distinguish clusters (Blondel et
al. 2008). A cluster consists of a set of individual nodes that hold common and distinct properties. For
example, when a group of species is functionally similar, the number of connections between them is
higher. Thus, they emerge as a cluster. In contrast, another group of species in the same network with
different characteristics can form a different cluster. This would result in a network of two clusters, each
dominated by different sets of functions. The level of connectivity within a single cluster is high, whereas
the connectivity between clusters is low or non-existent. To recognise functional clusters in our
environmental network we applied a modularity analysis. Modularity analysis detects clusters in the
network by calculating the density of links within clusters as compared to the links between clusters
(Blondel et al. 2008). We ran a modularity analysis using a feature built into the Gephi software that is
based on the algorithm proposed by Blondel et al. (2008). This algorithm enables high modularity
partitioning of large networks with a complete image of hierarchical community structure detection,
which is advantageous given the nature and complexity of environmental networks.

Individual clusters analysis
We performed an analysis of functional clusters to determine the changes to the environmental network
structure. The analysis was performed in PRIMERv7 statistical package (Clarke and Gorley 2015) using
the ‘RELATE’ function to test the degree of concordance between the species x species matrices for
the different level of stress using Spearman’s Rho correlation. Next, for each ecological scenario (the
level of environmental stress), individual clusters were characterized by the dominant traits. Finally, we
calculated the relative trait distances (TD) between the cluster types to assess the changes in distances
of the clusters that had undergone significant transformations under different levels of environmental
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stress. The analysis of TD allows us to determine the level of variability between functional clusters
using the differences in within-trait species abundances (Appendix A: Table 1). The changes were
calculated for every individual trait, determined in terms of their direction and strength and then
aggregated.
Detailed information on different stages of NAT, supported with illustrations and examples are provided
in Appendix A: Figure 1.
2.2.2.

Increasing levels of nitrogen – a case study from New Zealand intertidal sandflat

To test NAT, we use the data derived from a field experiment that manipulated sediment nitrogen
concentration by Thrush et al. (2017). The experiment demonstrated the importance of different
biodiversity indicators and habitat characteristics in predicting changes to selected ecosystem functions
under the varying nitrogen concentrations in intertidal sandflats of New Zealand. The dataset involved
113 species largely represented by Annelida, Crustacea, and Mollusca. Each species was
characterized by biological traits (species x trait matrix) that were identified as critical to functioning in
marine sediments associated with a range of processes that link the activities of animals to
biogeochemical processes (e.g., remineralization, nutrient processing, denitrification, oxygenation,
sediment stability, primary production). The traits, recognised as important to the performance of the
aforementioned functions, related to the living position, the creation of topographic sediment feature,
direction of sediment particle movement, degree of motility, feeding behavior and body size. Thirty trait
sub-categories (also known as modalities) were used to characterize the species using fuzzy coding, a
procedure that uses positive scores to show the affinity of a species for different trait modalities
(summing to 1 for each trait) (Chevene et al. 1994, Thrush et al. 2017). The Thrush et al. (2017)
experiment was conducted in Tapora Bank, Kaipara Harbour (36°39’ S, 174°29’ E), New Zealand. The
site (300 000 m2) was first extensively and systematically surveyed (400 macrofaunal cores) to
encompass natural macrofaunal patterns and assure consistency of macrofauna community within
selected locations of the experiment (see Thrush et al. (2017) for more details on experiment design).
From this survey, identified were 28 locations with varying abundance and richness of macrobenthic
species with different functional traits between locations. Each location involved three experimental
treatments (environmental stress), of which two were disturbed by adding nitrogen (150g Nm -2, and
another 600 g Nm -2) and one acted as a disturbance control. We use this species-rich (n=113 species)
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and spatially extensive (300,000 m2 plots) experimental dataset to explore the changes in the
community structure and functional diversity using NAT.
2.3. Results
(i)

Species-trait co-occurrence results

Species-trait co-occurrence summary
For all three experimental N treatments the majority of significant and non-random species pairs have
positive associations (3,169 pairs) (Table 2.2). Species generally shared many traits with only a few
species that were highly specialised. The analysis of co-occurrence strength using JC, presented in
Table 2.3, showed that most of the species pairs (1776) have medium strength of pairwise cooccurrence, while 1095 species pairs have low and 298 have high associations with each other. There
were no pairs of species that exhibited very weak positive co-occurrence (i.e., JC ≤ 0.3).
Strength of co-occurrence
The species-trait pairwise co-occurrence analysis revealed that the strength of co-occurrence between
species changes with increased nitrogen addition. The number of species pairs having a high level of
trait co-occurrence increased by 13 between control and high experimental N treatment, whereas the
number of medium and low species-trait co-occurrences decreased by 33 and 21 respectively. This
signifies that the number of species with high trait similarities increases as opposed to the species with
small/medium similarity indicating that the community started to homogenise with increasing dose of
nitrogen. Table 2.3 provides three randomly chosen examples of co-occurring species pairs of varying
JC value based on the traits shared. We can see that Euchone sp and Anthopleura aureoradiata share
five traits and therefore have low JC (0.36) meaning low strength of co-occurrence. In contrast,
Aglaophamus macroura and Glycera americana share twelve traits. Therefore the JC is high (0.86)
indicating strong co-occurrence.
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Table 2.2. Species- trait co-occurrence: output summary.

Experimental
treatment

Positive
Significant nonrandom
1,079

Negative
Significant nonrandom
45

Random

Medium
(150g Nm-2)

1,052

24

3,389

High
(600g Nm-2)
Total

1,038

39

3,388

3,169

108

10,118

Controlled
(0g Nm-2)

3,341

Table 2.3. Species- trait co-occurrence: Jaccard’s coefficient (JC) co-occurrence strength analysis
result summary

JC strength
of cooccurrence
0.8 – 1.0

Strength
level

Example

JC

Traits shared

Number
of pairs

Control
(0g Nm-2)

Medium
(150g Nm-2)

High
(600g Nm-2)

High

Aglaophamus
macroura Glycera
americana

0.86

298

92

101

105

0.5 – 0.7

Medium

Capitella sp Scoloplos
cylindrifer

0.5

1776

611

587

578

0.3 – 0.4

Low

Euchone sp Anthopleura
aureoradiata

0.36

1095

376

364

355

0.0 – 0.3

Very low

n/a

n/a

Surface to depth,
depth to surface, surface to
surface, depth to depth
particle movement;
Predator;
Located in top 2 cm or deep
in sediment;
Motile;
Large size;
Worm-like;
Soft-bodied;
Deep and large.
Depth to surface particle
movement;
Deposit feeding mode;
Located deep in sediment;
Motile;
Worm like body shape;
Soft-bodied.
Suspension feeding mode;
Sedimentary or limited
mobility;
Medium size;
Soft-bodied.
n/a

0

0

0

0
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(ii)

Environmental Network Analysis (ENA)

We modelled 3,169 pairwise connections between 285 species across the three experimental N
treatments (Table 2.4). Each experimental treatment consisted of 95 species. The vast majority of the
species showed high connectivity with only one species being weakly connected in each treatment. The
network connectivity (expressed as a number of connections) consistently decreased indicating a
decline in species-trait co-occurrence with increasing N concentration. The graph density decreases
indicating the higher separation between species. The overview of all network properties is presented
in Table 2.4. The output from the ENA shows that the network consists of 3 sub-networks, each
corresponding to one experimental N treatment confirming the lack of connectivity between
experimental treatments. The modularity analysis identified distinct clusters; three in the controlled N
treatment (0g Nm-2) A, B and C and three in the medium N treatment (150g Nm-2) A’,B’ and C’; but only
two in the high N treatment (600g Nm-2) A’’, and D (Figure 2.1). After increasing the amount of nitrogen
from 150g Nm-2 (medium) to 600g Nm-2 (high) clusters B’’ and C’’ merge and fail to remain functionally
unique, forming a new cluster D (yellow). The network also shows that with an increasing amount of
nitrogen in the system, species abundance changes. In particular this pattern is observable for clusters
C , C’ and C’’ where the abundance of three most dominant species in control N treatment (0g Nm -2):
Austrovenus stutchburyi (629 individuals) Macamona liliana (561 individuals), and Paphies australis
(269 individuals) drops to Austrovenus stutchburyi (500 individuals), Macamona liliana (215 individuals),
Paphies australis (122 individuals) in high N treatment (600g Nm-2).
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Table 2.4. Environmental Network Analysis: results overview.

All
network

Control
(0g Nm-2)

Medium
(150g Nm-2)

High
(600g Nm-2)

285

95

95

95

3,169

1079

1052

1038

Average degree

-

22.716

22.147

21.853

Average weighted degree

-

12.836

12.106

12.535

Average clustering coefficient

-

0.648

0.652

0.662

Graph density

-

0.242

0.236

0.232

Weakly connected components

-

1

1

1

Network parameters
Species (nodes)
Connections (links)

Table 2.5. Environmental Network Analysis: individual clusters analysis.

Number of traits distances increased
(↑)

Number of traits distances decreased
(↓)
Strength of distance change
(∑↑)

Strength of distance change
(∑↓)

CONTROL-MEDIUM
(0g Nm-2 – 150g Nm-2)
(∑𝑇𝐷1 )

MEDIUM-HIGH
(150g Nm-2 – 600g Nm-2)
(∑𝑇𝐷2 )

+10

+11

-10

-14

14

13

15

23

28

Figure 2.1. Environmental Network Analysis (ENA) output. Changes to the environmental network structure and functional clusters based on modularity analysis.
Clusters B’’ and C’’ formed a new cluster D after increasing the dose of nitrogen from medium (150 g Nm -2) to high (600 g Nm -2)
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(iii)

Individual clusters analysis

The modularity analysis results were supported by the Spearman’s Rho correlation test for similarity
between control and medium (0g Nm-2 – 150g Nm-2), medium and high (150g Nm-2 – 600g Nm-2), and
control and high (0g Nm-2 – 600g Nm-2) N treatment matrices. The results showed that the relationships
between the network matrices for the treatments while significant were not very strong (p = 0.001,
correlations < 0.8). The highest correlation was between the control and the medium experimental
treatment matrices (0.76), with the least between the control and the high experimental treatments
(0.68). This indicates a decreasing trend in similarity between matrices subject to increasing amount of
nitrogen present.
Our analysis of cluster characteristics revealed different sets of dominant traits. As examples, the
clusters A, A’ and A’’ appeared across all experimental N treatments. This group of clusters was
dominated by Polychaeta, e.g., Macroclymenella stewartensis and the dominant traits of species were
depth to surface particle movers, located in top 2 cm of the sediment or deep, motile, worm-like body
shape, and rigid body hardness (Appendix A: Table 2).
To assess changes in the functional diversity we studied the relative trait distances between the clusters
of interest: B&C, B’&C’ and B’’&C’’ together with the changes in these trait distances across
experimental N treatments (control-medium & medium-high) (Appendix A: Figure 2). The analysis of
TD was performed for control-medium (TD1) and medium-high (TD2) comparisons, based on the
direction and strength of changes for each individual trait (Appendix A: Table 3). Using the example of
deposit feeders, in the control (0g Nm-2) treatment the trait distance between cluster B and cluster C
was 5, in the medium (150g Nm-2) treatment the trait distance between cluster B’ and cluster C’ was 3
and in the high (600g Nm-2) treatment the trait distance between cluster B’’ and cluster C’’ was 0. The
distance successively decreased (-3↓, -2↓).
Next, the aggregated trait distances (∑TD) (Table 2.5) demonstrate that when moving from control to
medium (∑𝑇𝐷1 ), the number of traits between which the distance increased or decreased was equal
(10:10), and the strength was similar (14:15). Nevertheless, when moving from medium to high N
treatment (∑𝑇𝐷2 ), the number of traits between which the distance decreased was higher than the
number of traits with increased distance (14:11). Also, the analysis of strengths shows that on this
occasion, the strenght of change was greater for the decreasing trait distance (23:13).

30

2.4. Discussion
Our NAT framework provided a holistic and relational perspective on shifts in functional traits and their
connection to species that provide insights into how clusters of species defined by species trait
assemblages respond to environmental stress. We used a trait-based approach to determine functional
diversity and co-occurring patterns to derive clusters of functionally similar species. The species-trait
co-occurrence analysis showed that there is an increasing number of co-occurring species with similar
traits under higher N concentration, whereas the number of species with low trait similarity declined
(Table 2.3). Further, the ENA and individual clusters analysis revealed that the trait distances between
affected clusters (B’’ and C’’) decreased under elevated levels of nitrogen causing a loss in functional
diversity. The ENA shows that under a medium (150g Nm -2) N input functional diversity remained fairly
unaffected, with the community remaining three individual functional clusters. However, at N levels of
600 g Nm -2, two functional clusters merged together. A loss of species implied a loss of a distinct set
of traits that resulted in cluster homogenisation. A similar trend was observed for species abundance.
Cluster C experienced a significant loss in three dominant species under high (600 g Nm -2) treatment.
In comparison, cluster A has also undergone a noticeable shift in species abundance, yet the high level
of species-trait similarity represented by the density of connections allowed this cluster to remain
functionally unique.
By using biological trait networks we were able to identify how increasing levels of nitrogen affected
functional diversity. The links between traits and functions, although complex, are important in predicting
ecosystem change. Ecosystem functions depend on multiple biological traits of multiple species
highlighting the importance of a network approach to analysing these links. For instance, biostabilisation
of sediment depends on species ability to move (e.g., mobile species destabilise sediment), type of
structure created (e.g., dense worm tubes tend to stabilise sediment) and size (big individuals have
generally bigger impact). These traits are represented not by a single species but multiple species. The
same traits can contribute to provision of other functions e.g., biogenic structures (i.e., tubes, mounds
or burrows) also influence metal sequestration and denitrification in soft sediments (Thrush et al. 2013,
Snelgrove et al. 2014). Thus, a loss of traits can impact provision of multiple functions. The analysis of
individual trait clusters revealed by NAT represents multiple species and their links across multiple
ecosystem functions that can be insightful in ecosystem multifunctionality research.
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NAT uses a mixed method approach consisting of co-occurrence and network theory to model species
functional properties and the interrelationships within and between functional trait clusters in
quantifiable terms. This provides evidence for managers, who can recognise species of low functional
redundancy before making changes to the current management. Redundancy represents a
community’s ability to maintain functionality under changing conditions, with the underlying assumption
that species less susceptible to varying environmental conditions can take over the functional role of
lost species if they hold similar assemblage of properties (Walker 1992, Rosenfeld 2002). In the context
of trait analysis, redundancy implies that multiple species are present that have the ability to deliver
specific functions and thus offer continuity of ecosystem service delivery. NAT revealed important
information about the ecosystem redundancy, e.g., species in the functional cluster A (see the blue
cluster in Figure 2.1 and Appendix A: Table 2 for cluster characteristics), dominated by Annelida, have
much thicker and denser connectivity (level of species-trait co-occurrence) compared with the other
clusters. This implies that this cluster remained stable and its network structure did not change
significantly because of a greater share of functional traits between species. Whereas, clusters B and
C, dominated by Crustacea and Mollusca respectively, exhibit low connectivity and contain less
redundancy. We would, therefore, expect them to be more prone to changing environmental conditions
as demonstrated in our study. This observation confirms that NAT is a powerful tool that, by assessing
the density of connections between species in the trait space, can inform about which species are likely
to be impacted by environmental change indicating changes in across multiple functions. In addition to
NAT as a tool to study environmental changes, its ability to show redundancy patterns offers insights
into potential changes in functionality due to environmental stress before change has occurred. The
NAT method demonstrated that N-induced changes in species community and their traits resulted in
changes in functional diversity. This is an important signal for managers aiming to set regulatory limits
on human-induced stressors (Game et al. 2015). It delivers scientifically rigorous evidence that relies
on the community data and shows that beyond a certain level of disturbance, the community faces a
functional misbalance. In the context of our study, the community withstood the medium N treatment
(150g Nm-2), maintaining three individual clusters. When the dose was increased to the high N treatment
(600g Nm-2), the changes to functional clusters distribution emerged (i.e., the Crustacea and Mollusca
species groups (clusters B&C) were more susceptible to N additions than the species from Annelida
group (cluster A) see Figure 2.1). The knowledge of specific ecological relationships to external
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stressors is critical in predicting ecosystem tipping points and evaluation of risks and trade-offs that are
often involved in natural resource management, e.g., ecosystem service management (Thrush et al.
2003, Bremner 2008, Rohr et al. 2018, Xiao et al. 2018). NAT directly links trait assemblages to shifts
in functional diversity as a basis to address changes in the delivery of ecosystem functions, services
with the concomitant impacts on people’s values and wellbeing. While the relationships we observed
are likely to be study-specific, the finding of reduced trait diversity with increasing stress is likely to apply
in many situations, e.g., when the cumulative effect of multiple stressors are considered (Thrush et al.
2008). Further to this, depending on research question, the varying level of disturbance could be
supported by time series (e.g., seasons, years, decades) or spatial data (e.g., comparison of different
locations).
The NAT approach can also aid in the evaluation of habitat restoration monitoring. NAT is a low cost,
fast to implement method that utilises the community data and trait data. It could be employed to
generate a visual image of species-trait relationships that support functional diversity to guide the
assessment of conservation efforts that supports the maintenance or recovery of multiple functions and
ecosystem services. Successful conservation programs that enhance ecosystem functioning can be
assessed through an increase in a number of functional clusters.
The insights from NAT could be extended in the future with further testing and development. For
example, the current cooccur R-package, which we used to perform the species-trait co-occurrence
analysis supports only presence-absence data format. Hence, the abundance of species is incorporated
in the ENA phase of the method. We used the abundance data as a network attribute to observe
additional changes to community structure. The trend observed for dominant species abundance in
clusters C, C’ and C’’ corresponds to the main finding from trait distances analysis i.e., increasing
disturbance caused the loss of functionality. Although assessing co-occurrence based on presenceabsence could be perceived as a drawback, it fits well with the frequent use of species richness to
predict ecosystem functionality and it did allow us to observe the changes caused by the elevated
nutrient levels. Presence-absence data is often used in community analyses and, while not as sensitive
to change as abundance data, ordinations often show clear patterns of community change. Similar to
other functional diversity measures, including multivariate trait indices (e.g., FRic, FDiv, FEve, Rao’s Q,
FDis, functional β‐diversity and n-dimensional hypervolume analysis) as well as univariate indices (e.g.,
trait evenness, Shannon–Wiener and Simpson’s indices), one of the limitations of NAT is our ability to
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allocate traits to species, due to limited natural history information and species-specific process studies.
NAT, as a network-based tool, shows changes to the community in the trait space, e.g., NAT is able to
report changes within functional clusters, thus revealing properties that can increase our understanding
of redundancy. By visualizing how networks of species are changing, NAT complements the methods
above that reduce information to indices.
The links between species, traits and functions are too frequently poorly understood especially in
species-rich communities. This limits the information and understanding that can be used to inform
management and the potential to account for these mechanisms in management decisions. This is
critical given the accelerating global biodiversity decline (IPBES 2019) because species-trait-function
relationships underpin the provision of ecosystem services (Duncan et al. 2015). Linking biodiversityecosystem function (BEF) and biodiversity-ecosystem service (BES) research is a pressing need in
environmental research (Cardinale et al. 2012). Since the Millennium Ecosystem Assessment (MEA),
ecosystem services have become a framework widely used by land managers and decision makers to
understand ecosystems’ role in sustaining people’s livelihoods and wellbeing (MEA 2005, Fisher et al.
2009). Nevertheless, describing services without acknowledging the foundational role of species-traits
and functions can lead to inaccurate expression of values, trade-offs and risks in ecosystem
management. The NAT approach aims to contribute to this challenge, highlight the role of ecological
processes and helping inform management and the design of more integrative future studies of
ecosystem services.
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Chapter 2. Advancing approaches for understanding the
nature-people link.

This work resulted in an accepted manuscript: Siwicka E., S. Thrush. 2020. Advancing approaches for
understanding the nature-people link. Ecological Complexity 44:100877
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3.1. Introduction
Natural ecosystems worldwide are experiencing unprecedented change caused primarily by evergrowing socio-economic demands (IPBES 2019). Biodiversity loss, climate crisis, natural resource
depletion and regime shifts show that current management practices are failing to achieve sustainability
goals. Often, inaccurate management decisions are a result of poor understanding of the nature-people
link, in particular, how changes in natural ecosystems affect different aspects of people’s wellbeing
(Hooper et al. 2005; Tallis & Kareiva 2006). Finding new solutions to defining socio-ecological links is
a well-established research priority (Hooper et al. 2005; Biggs et al. 2012; Norris 2012; Morelli &
Tryjanowski 2016). The knowledge of the relationships between biodiversity and multiple ecosystem
functions can improve our understanding of mechanistic ecological underpinnings of people’s
interactions with natural ecosystems, known as ecosystem services (benefits that people derive from
nature) (Costanza et al. 2017) or recently revised as nature’s contributions to people (NCPs) (IPBES
2019). In this paper, we apply the new framework of NCPs, however, when referring to the past research
we use ecosystem service terminology.
Current approaches are not well-suited to capture the nature-people link (Norris 2012). Common
examples include valuation, e.g., economic valuation (choice modelling, benefit transfer, market price
approaches) and non-economic techniques (deliberative and participatory approaches) (de Groot et al.
2010; Christie et al. 2012; Bekessy et al. 2018). The focus in these approaches is on understanding
people’s perception or behaviour and little attention is paid to the ecology that supports the services
(Cardinale et al. 2012). On the other hand, ecological research routinely measures ecological properties
used as proxies for functions, rarely going beyond to link explicitly to people (Hooper et al. 2005; Kremen
2005; Kremen & Ostfeld 2005; Schleuter et al. 2010; Loreau 2010; Villa et al. 2014). We need new
approaches that integrate socio-ecological research (Morelli & Tryjanowski 2016). This, however,
requires redefining how we conceptualise the link between them.
To date, socio-ecological links have been mainly examined as a bivariate connection (e.g., biodiversity
and ecosystem function) rather than a systemic series of flows from biodiversity to NCPs (or ecosystem
services) (Hector & Bagchi 2007; Gamfeldt, Hillebrand & Jonsson 2008; Lefcheck et al. 2015). A focus
on individual functions tends to underrepresent ecosystems as it overlooks their multidimensionality,
e.g., focusing on the effect of a species loss on a single ecological process disregards its wider
consequences on ecosystem functioning. In the context of integrated ecosystem management (e.g.,
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ecosystem-based management), where decisions are made at the landscape scale and affect multiple
environmental processes, single-function approaches fail to provide a realistic assessment, carry a risk
of important information being missed and ultimately underestimate the role of biodiversity in sustaining
multiple ecosystem functions and services (Gamfeldt, Hillebrand & Jonsson 2008; Lefcheck et al. 2015;
Dooley et al. 2015; Slade et al. 2019). Therefore, the framework of ecosystem multifunctionality, defined
as simultaneous delivery of multiple ecosystem functions by multiple species, offers more accurate
means of integrating socio-ecological research (Byrnes et al. 2014; Lefcheck et al. 2015; Slade et al.
2019). The difficulty in developing a multifunctionality approach is that the links between ecosystem
components (multiple species, functional traits, functions and services) are extremely complex
(Manning et al. 2018). Ecosystem complexity is a consequence of diversity and strength of interactions
between ecosystem components often involving multiple scales of space and time. Ecosystem
complexity, although an inherent attribute of ecosystems multifunctionality, often limits our ability to
understand ecosystem dynamics (Kolasa 2005; Morelli & Tryjanowski 2016; Dakos & Soler-Toscano
2017).
Several methods have been developed to quantify ecosystem multifunctionality, including a single
function approach, a turnover approach, an averaging approach, a threshold (or multiple thresholds)
approach and a multivariate diversity-interaction framework (Byrnes et al. 2014; Gamfeldt & Roger
2017; Manning et al. 2018). Most of these methods, however, require simplification of ecosystem
complexity. For instance, they reduce information on individual functions, rely on presence-absence
data or utilise simplified approaches to describe diversity (e.g., species richness). Others require
discretising continuous variables, do not consider the cumulative nature of ecological interactions or
have not been tested in the biodiversity-ecosystem service (BES) context (Dooley et al. 2015; Hölting
et al. 2019). Currently, the only approach that provides insight into interactions between functions is the
multivariate diversity-interactions framework (Dooley et al. 2015). Nevertheless, the multivariate
approach was tested on a very low diversity community (consisting of four species) and a very limited
number of functions (three functions). Most natural ecosystems, however, are characterised by a higher
diversity of species and functions, thus a real-world application of this multivariate approach would be
difficult.
The measure of ecosystem multifunctionality is a missing element limiting our ability to understand the
real ecological complexity underpinning ecosystem functioning, resulting socio-economic complexity
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and the links between them. While there is a common consensus that heterogeneous and biodiverse
systems can deliver multiple ecosystem functions and are healthier and more stable through time
(Hooper et al. 2005; Cardinale et al. 2012; Thrush, Hewitt & Lohrer 2012; van der Plas 2019), we need
a new way to look holistically at the nature – people link. In particular, more research is needed to
quantify the networks of mechanistic relationships between biodiversity, multifunctionality and NCPs
(Cardinale et al. 2012).
In this study, we develop a framework that provides an alternative route to studying multifunctionality in
complex environmental systems that prioritises a transparent analysis of the links between multiple
ecosystem components focusing on showing the origin of NCPs, i.e., biodiversity and ecological
processes that underpin NCPs creation. Our framework introduces the Bayesian Belief Network (BN)
(Pearl 1986) as a novel method in multifunctionality research. BN is a probabilistic network model that
has been widely and successfully utilised in different areas of environmental research (Borsuk, Stow &
Reckhow 2004; Newton 2009; Aguilera et al. 2011; Chen & Pollino 2012). For example, in recent years
an increase in the number of studies that applied BN was observed in environmental risk assessment
(Kaikkonen et a., 2021), water resource management (Phan et al. 2016) and ecosystem service
assessment and scenario development (Höfer, Ziemba & El Serafy 2019). In the context of the
complexity surrounding ecosystem multifunctionality, the key benefits of the BN include (i) the ability to
model complex environmental links in a format of transparent networks where all the variables and
connections are visible, (ii) rapid and quantitative synergies and trade-offs assessment, (iii) combining
knowledge of different sources and accuracies, (iv) expressing uncertainty and (v) active stakeholder
participation in the model creation (Uusitalo 2007; Dorner, Shi & Swayne 2007; Landuyt, Broekx &
Goethals 2016). Our Bayesian Belief Multifunctionality Framework is the first approach that links
ecology and people embedding multifunctionality in complex ecosystems. Below we describe the
components of the framework, model development process and introduce a case study based on a
diverse intertidal sandflat macrobenthic community in New Zealand.
3.2. Bayesian Belief Multifunctionality Framework
3.2.1.

Bayesian Belief Network

BN is a probabilistic dependency tool that allows studying relationships between model variables in a
network format. The primary elements of BN include the ‘node’ that defines model variables and their
states and the ‘link’ that allows determining interdependency between different nodes and their states
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(Varis & Kuikka 1997; Krieg 2001; Dorner, Shi & Swayne 2007). The relationships between node states
are underpinned by conditional probability, i.e., the probability of a certain event occurring only if a set
of conditions is met prior to this event. The relationship strengths between the node states are defined
in conditional probability tables (hereafter CPTs) (Figure 3.1.). CPTs can be derived from many different
knowledge sources: empirical measurement, literature data, expert knowledge or a combination of the
above (Smith et al. 2018; Gladstone-Gallagher et al. 2019). Input nodes without conditional probabilities
are called ‘parent nodes’, whilst nodes that are determined by at least one conditional probability are
called ‘child nodes’. The child nodes without any other dependants are the outcome nodes of a model
(McVittie et al. 2015). Below, we describe the Bayesian Belief Multifunctionality Framework
development divided into two stages that correspond to the classification of multifunctionality proposed
by Manning et al. (2018), i.e., ecosystem function (EF) multifunctionality and ecosystem service (ES)
multifunctionality. In our framework, EF-multifunctionality refers to the fundamental ecology that
underpins multiple ecosystem functions defined by species-trait-function links. ES-multifunctionality
looks at applied ecology, i.e., how multiple functions contribute to different NCPs (Figure 3.2).

Figure 3.1. BN model components. On the left: A, B, C, D, E are nodes (model variables) with states
A1, A2, B1, B2 (…). Arrows determine links between the nodes. On the right: the relationship between
the states is determined in CPTs. The units are the probability of occurrence (%). The sum of probability
values in each CPT row must equal 100.

Figure 3.2. BN schematic model and conceptual framework showing the components EF- and ESmultifunctionality. Species (parent node) link to traits (child nodes) that link to functions (child nodes)
that link to nature’s contributions to people (outcome nodes).
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3.2.2.

Species, their traits and functions (EF-multifunctionality)

Species, the diversity of interactions between them and their physicochemical environment play a
fundamental role in sustaining ecosystem multifunctionality (Hector & Bagchi 2007). Species are
capable of performing multiple ecosystem functions because they have a diverse array of functional
traits (Cadotte, Carscadden & Mirotchnick 2011; Duncan, Thompson & Pettorelli 2015). In real-world
ecosystems, the relationships between functional traits and ecosystem functions are non-exclusive,
meaning that a single function is a product of multiple traits (Siwicka, Thrush & Hewitt 2019). Therefore
species, because of different assemblages of traits, contribute to multiple functions in different
proportions. While an individual trait might be primarily associated with a specific function, it can also
contribute to the provision of other functions (Figure 3.3) (Cardinale et al. 2012). The Bayesian Belief
Multifunctionality Framework accounts for this multi-level complexity between species, traits and
functions thanks to its ability to assign probability values to every connection while demonstrating its
strength (Figure 3.3). Here, Trait 2 has a much bigger effect on Function 3 than Traits 1 and 3.
Therefore, in our framework, the presence of Trait 2 can be assigned with a high probability (e.g., 70%)
of Function 3 being performed, whereas the effects of Traits 1 and 3 are proportionally lower (e.g.,
between 15% and 20%). In the BN Multifunctionality model, species are parent nodes (Figure 3.2).
Species are then characterised by their traits (child nodes) that are important to ecosystem functioning.
The traits are then linked to specific ecosystem functions (child nodes).

Figure 3.3. EF-multifunctionality. Species-trait-function relationships with a focus on showing the
complexity of relationships between traits and functions, i.e., varying proportional contribution of traits
to functions. Traits (in the middle) are represented by different species (symbols on the left). Traits
underpin the provision of functions in different proportions (colours correspond to the importance of the
role of a particular trait in performing a function).
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3.2.3.

Model validation

To validate the results from the BN Multifunctionality Framework we applied an ‘evaludation’ method as
proposed by Augusiak et al. (2014). ‘Evaludation’ is an end-to-end process assessing model quality
and credibility throughout all stages of model development, analysis, and application. It offers a
structured approach consisting of six elements: (i) data evaluation, (ii) conceptual model evaluation, (iii)
implementation verification, (iv) model output verification (v) model analysis and (vi) model output
corroboration. This process allows for model assessment that prioritises transparent documentation of
each stage of the model creation process to ensure all steps were performed rigorously. The output of
the BN model evaludation is presented in Appendix B: Table 3.
3.2.4.

Functions and NCPs (ES-multifunctionality)

Ecological functions can directly or indirectly affect people’s wellbeing in either a positive or negative
way (Managi et al. 2019). The interactions at the people-functions interface are as complex as those
within the ecology that creates them. The complexity in ES-multifunctionality is a result of a wide
diversity of nature’s contribution to people (material, non-material and regulating) and values assigned
to natural ecosystems (intrinsic, instrumental and relational values, see Appendix B: Box 1) (Pascual et
al. 2017; Fischer et al. 2018; Christie et al. 2019). Multiple functions can simultaneously contribute to
different NCPs and associated values (Giling et al. 2019). For example, adult shellfish can play an
important role in water filtration and provide food (instrumental values). At the same time, collecting
shellfish in many cultures worldwide is recognised as a cultural or heritage value (relational value), while
the presence of shellfish as an inherent component of the ecosystem has intrinsic value regardless of
human wellbeing (van der Schatte Olivier, Andrew et al. 2020). Our BN Multifunctionality Framework
links functions with NCPs. NCPs are the outcome nodes that are underpinned by functions (Figure 3.2).
3.3. Model development: a case study of an intertidal sandflat macrofaunal community, Kaipara
Harbour, New Zealand
3.3.1.

Dataset

To provide an example application of the Bayesian Belief Multifunctionality Framework we used
macrofaunal data collected during fieldwork in Tapora Bank, Kaipara Harbour (36°39′ S, 174°29′ E),
New Zealand (Thrush et al. 2017). The dataset consisted of 113 macrofaunal species with their density
recorded in 400 core samples taken over 300,000 m2 of sandflat. Each species was characterised in
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terms of their functional traits using fuzzy coding (Chevene, Doleadec & Chessel 1994; Thrush et al.
2017). 113 species were classified into seven trait categories consisting of 27 trait modalities recognised
as important in providing ecosystem functions. Next, a combination of expert knowledge and literature
was used to (i) identify multiple ecosystem functions and NCPs provided by the sandflat, and (ii) to
establish links between traits and ecosystem functions and between functions and NCPs. To identify
relevant ecosystem functions we used a review of the role of estuaries in providing functions and
services by Thrush et al. (2013). To identify the list of contributions to people from estuaries, we used
a review of NCPs (Díaz et al. 2018). We provide a summary of data entries used to build the model
distinguished into nodes and states of the BN model in Table 3.1.

Table 3.1. Model data entries (nodes and states) used to build the BN model.
Species

Traits

Node

State

113
macrofaunal
species

Species –
abundance
data

Species
density

High
density

Node
(Trait categories)

Ecosystem functions

State
(Trait modalities)

Node

Direction of
sediment particle
movement

- Surface to depth
- Depth to surface
- Surface to surface
- Depth to depth

Secondary
production

Low
Medium
High

Food and feed

Feeding mode

- Suspension
- Deposit
- Predator
- Scavenger
- Grazer

Metal
sequestration

Low
Medium
High

Supporting
identities

0-10%
10-20%
(…)
90-100%

Location in or on
sediment

- Surface
- Attached
- Top 2 cm
- Deep

Denitrification

Low
Medium
High

Climate
regulation

0-20%
20-40%
(…)
80-100%

Sediment
structure

- Permanent burrow
- Simple hole or pit
- Tube structure
- Mound
- Trough
- Trampling

N-release

Low
Medium
High

Regulation of
coastal water

0-10%
10-20%
(…)
90-100%

Mobility

- Sedimentary or
limited mobility
- Motile

Sediment
stability

Low
Medium
High

Physical and
psychological
experience

0-10%
10-20%
(…)
90-100%

Body size

- Small
- Medium
- Large

Primary
production

Low
Medium
High

Habitat
creation

0-10%
10-20%
(…)
90-100%
100%

Low
density

State
(Performance level)

Nature contributions to people
Nodes

Learning
Materials

Body hardness

- Soft-bodied
- Rigid
- Calcified

Sediment
formation
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Low
Medium
High

Erosion
control

Semicontinuous
(% intervals)
0-20%
20-40%
(…)
80-100%

0-40%
40-60%
60-100%
0-10%
10-20%
(…)
90-100%

3.3.2.

BN model engineering

In the BN model, the links between species (including species abundance) and traits were established
from the fuzzy coding. To establish traits-functions-NCPs links, we used expert knowledge and followed
the Delphi approach. The Delphi approach provides a structured and systematic way to verify data
entries by conducting a number of follow-up consultations with the experts and, therefore, allowing to
increase the quality of expert data (Macmillan & Marshall 2006). The expert knowledge elicitation
involved a focus group workshop. Fourteen experts of varying marine soft-sediment ecology-related
backgrounds identified and discussed the ecosystem multifunctionality links, i.e., the links between trait
modalities and ecosystem functions and NCPs. Other factors (species density) that were important in
specifying relationships between traits and functions were also identified. For example, the density and
size of calcified organisms (body hardness) contributes to the biogenic sediment formation (function)
and sediment formation (NCP). An example of ecological properties underpinning functions is
presented in Table 3.2. A full summary of the rationale behind the mechanics of multifunctionality links
is presented in Appendix B: Table 1A. Next, the experts were contacted individually to review the
results. This step involved a more in-depth conversation to overcome potential errors, resolve remaining
ambiguities and eventually achieve consensus on the relationships that fed into the BN model. Any
conflicting opinions on specific relationships that were revealed between expert individual consultations
were discussed thoroughly (see Appendix B: Table 2 for the summary of the multifunctionality links).
The final step of expert consultations involved model parameterisation, i.e., assigning probability values
in CPTs. Every scenario in the BN model, i.e., the relationship between trait modalities identified as
important in function provision, was parameterised with probability values. For example, a high density
of small, soft-bodied organisms located on the surface of the sediment was attributed with 95%
probability of having high secondary production. Due to the complex nature of the studied ecosystem,
experts needed to deal with comprehensive CPTs (e.g., denitrification consisted of 2880 probabilistic
scenarios). Ecological principles presented in Table 3.2 were the foundation to assigning CPTs with
probability values. Figure 3.4 presents a complete generic BN model (i.e., the raw model based on
species abundances as found in-situ where no scenarios were applied) (see Appendix B: Figure 1 for
best image resolution). In the BN model, species, trait categories, ecosystem functions and NCPs are
model nodes (see Table 3.1). Trait modalities are the states of trait categories. The levels of function
provision (low, medium, high) are the states of ecosystem functions. NCPs are represented as interval
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variables (semi-continuous). The values range from 0 to 100 and are represented in a form of numerical
intervals (usually 10, 20 or 40% increments depending on experts’ certainly or ecosystem complexity
that was beyond the scope of this model). The BN model was built using Netica version 6.03 (Norsys
Software Corp 1997).
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Table 3.2. Ecological principles behind selected functions (full summary in Appendix B: Table 1A).
Primary production

The higher the species density (grazers), the less
primary production.

Sediment stability

Sediment stability is mainly driven by the presence of
tubes and primary production that seals the sediment.
Bigger size and higher density will have a high chance of
high sediment stability in the presence of tubes and a
high chance of low sediment stability in the presence of
other sediment structures.

Sediment formation

The bigger the size of calcified species, the more
sediment formation.
The higher the density of calcified species, the more
sediment formation.
Secondary production

The size determines the ability of larger organisms to
consume macrofaunal organisms e.g., large bivalves can
be too big to be consumed.
The higher the species density, the more secondary
production.
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Figure 3.4. BN generic model. The links between species and traits were derived from empirical data, while the links between traits and functions and functions and
nature’s contributions to people were obtained from expert knowledge.
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3.4. EF- and ES-multifunctionality analysis
In the section that follows, we provide two examples of how the BN Multifunctionality Framework can
be used in the analysis that relates to EF- and ES-multifunctionality. The first example aims to explore
EF-multifunctionality synergies and trade-offs. The analysis was undertaken by studying predefined
links between traits and functions (i) to identify the set of traits responsible for the highest function
performance scenario for every function (e.g., a combination of soft-bodied organisms, living on the
surface, provided the highest secondary production) and (ii) to compare the functional redundancy
between functions (the number of species in the community of a given trait set that has a potential to
perform a function at its highest performance level, e.g., how many species display both soft-bodied
organisms and living on the surface). Then we examined how a specific trait assemblage that provided
the biggest chance of high function provision influenced other functions (e.g., how soft-bodied, surface
living organisms affect other functions). Finally, we compared the multifunctionality trade-off effects with
the generic BN model.
In the second example, we demonstrate how the BN Multifunctionality Framework can be used in
scenario testing. We use the same BN network to show how the effect of changes in macrofaunal
species density affects ES-multifunctionality and the provision of multiple NCPs. Species density has
been identified during expert elicitation as a key factor that affects the performance of multiple
ecosystem functions and NCPs. In the model, species density is a qualitative and site-specific
characteristic that relied on the expert's understanding of species density levels found in Kaipara
Harbour. Species density together with trait modalities that were identified as important to function
provision create probability scenarios in CPTs. For example, varying levels of sediment formation were
considered under the low and high density of small, medium and large calcified species (Table 3.2).
Scenario testing allows us to determine varying levels of function provision from different trait sets. For
example, while the maximum level of secondary production was obtained from soft-bodied organisms
living on the sediment surface, the effect of soft-bodied organisms living in the top 2 cm of sediment
layers will result in lower rates of secondary production as these species are not readily available for
larger organisms, such as fish, to consume (see Table 3.2). The effect of the soft-bodied organisms
living in deep sediment layers will be even lower. All possible scenarios containing combinations of trait
modalities important to function performance were considered. For example, predicting secondary
production involved 72 probabilistic scenarios obtained from combinations of trait modalities that belong
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to body size (small, medium, large), body hardness (soft-bodied, rigid, calcified), and location in the
sediment (surface, attached, top 2 cm, deep) under the high and low density of species that have these
traits. The results of species-traits-functions dynamics are then considered in terms of their effect on
the NCPs.
The summary of model development is included in Appendix B: Figure 2.
3.5. Model results
3.5.1.

EF- multifunctionality

A high level of primary production was assured by the greatest number of species (20), indicating high
functional redundancy. Maximising metal sequestration, N-release, sediment formation, sediment
stability required traits that were represented in a similar number of species (12, 12, 14 and 10,
respectively). Maximising the high levels of denitrification and secondary production had the lowest
level of functional redundancy with one (denitrification) and three (secondary production) species
having the required trait set (Table 3.3).
In the analysis of multifunctionality synergies and trade-offs, species of the trait set that had the highest
chance of high performance of metal sequestration (90%) also contributed to the high performance of
N-release (79.5%), and vice versa (species of a trait set that provided 90% chance of high N-release
also provided 78.6% chance of high metal sequestration) (Figure 3.5). Species of the trait set that
maximised a chance for high denitrification (98%) also provided a high performance of metal
sequestration (90%) and N-release (90%). Further, selecting the same trait set that maximised
denitrification reduced the chance of maximising sediment stability and secondary production to 0%. In
comparison with the generic BN multifunctionality model (Figure 3.5), the trait set that provided a high
performance of primary production decreased the chance of providing high performance of all other
functions. The trait set that contributed to high metal sequestration (90%) was associated with a lower
probability of sediment stability (0%) and secondary production (4.54%) in comparison with the generic
BN model. The trait set that maximised secondary production in the model did not affect other functions
except sediment stability, where we notice a substantial increase (from 14.3% to 64.1%).

48

Table 3.3. Ecological properties (species and traits) underpinning a maximum chance of provision of
individual functions.

Maximised
function
Secondary
production

Metal
sequestration

Max. %
chance of
high
function
performance
95

90

Traits category/
Function
Location in sediment
Body hardness
Density
Size
Sediment structure
Particle movement
Density
Size

Denitrification

98

N-release

90

Particle movement
Location in sediment
Feeding mode
Density
Size
Particle movement

Trait modality/
Level
Surface
Soft-bodied
High
Small
Burrow
Surface to depth
Depth to surface
High
Large

Location in sediment
Mobility
Density
Size

Surface to depth
Deep
Grazer
High
Large
Surface to depth
Depth to surface
Deep
Motile
High
Large

Sediment stability

95

Sediment structure
Mobility
Primary productivity
Density
Size

Tube
Limited or sedentary
High
High
Medium

Primary production

60

Feeding mode
Density

Grazer
Low density

N-release

Moderate

Body hardness
Density

Calcified
High

Size

Large

Sediment
formation

90
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Species of a specified trait set

(1) Boccardia syrtis, (2) Paradoneis lyra, (3)
Polydora sp.

(1) Nemertean sp., (2) Nicon aestuariensis,
(3) Perinereis vallata, (4) Austrohelice
crassa, (5) Aglaophamus macroura, (6)
Glycera americana, (7) Glycinde trifida, (8)
Phyllodocidae, (9) Lepidastheniella comma,
(10) Trochodota dendyi, (11) Notomastus
sp.,(12) Hemiplax hirtipes
(1) Nicon aestuariensis

(1) Nemertean sp., (2) Nicon aestuariensis,
(3) Aglaophamus macroura, (4) Perinereis
vallata, (5) Glycera americana, (6)
Austrohelice crassa, (7) Glycinde trifida, (8)
Phyllodocidae, (9) Lepidastheniella comma,
(10) Notomastus sp., (11) Trochodota
dendyi, (12) Hemiplax hirtipes
(1) Pseudopolydora THIN, (2) Euchone sp.,
(3) Macroclymenella stewartensis, (4)
Phoronis sp., (5) Boccardia syrtis, (6)
Pectinaria australis, (7) Scalibregmatidae,
(8) Anthopleura aureoradiata, (9) Polydora
sp., (10) Solemya parkinsoni
(1) Owenia petersonae, (2) Notoacmea
scapha, (3) Paracalliope novizealandiae, (4)
Eatoniella sp., (5) Ceratonereis sp., (6)
Nicon aestuariensis, (7) Dexaminidae, (8)
Lysianassidae, (9) Chiton glaucus, (10)
Waitangi brevirostris, (11) Diloma
subrostrata, (12) Hemigrapsus edwardsi,
(13) Euterebra tristis, (14) Haminoea
zelandica, (15) Solemya parkinsoni, (16)
Hemigrapsus crenulatus, (17) Pyromaia sp.,
(18) Methalimedon sp., (19) Micrelenchus
tenebrosus, (20) Lilijborgiidae
(1) Austrovenus stutchburyi, (2) Macomona
liliana, (3) Paphies australi, (4) Cominella
glandiformis, (5) Patiriella regularis, (6)
Cominella adspersa, (7) Diloma subrostrata,
(8) Limnoperna pulex, (9) Cyclomactra
ovata, (10) Chiton glaucus, (11) Xymene
plebeius, (12) Haminoea zelandica, (13)
Micrelenchus tenebrosus, (14) Nassarius
burchardi

Figure 3.5. Multifunctionality synergies and trade-offs – the effect of maximising one function (black bars) on other functions (grey bars). Dots represent
(predicted) value of each function in the generic model.
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3.5.2.

ES- multifunctionality

We tested the effect of two scenarios: low and high density of macrofaunal species and their trait sets
on all nine NCPs (Table 3.4). Across the majority of NCPs the shift from low to high density of species
with the trait set that is important to functions provision generated a positive change, i.e., a decrease in
the low probability (<50%) and an increase in the high probability of provision (>50%). The biggest
overall increase generated by the change from low (dots) to high (columns) species density was noted
for physical and psychological experience, supporting identities, erosion control, materials, and food
and feed. Climate regulation experienced a negative change, i.e., a decrease in high provision levels.
Learning NCP experienced no change.

Table 3.4. Changes in NCPs generated by species density scenarios. Dots show the levels of NCPs
provision under the low species density. Columns show the NCPs provision under the high species
density.

NCPs
Food and
feed

Changes in NCPs levels from low (dots) to high species density (columns)

Supporting
identities

Climate
regulation

Regulation of
coastal water
quality
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Physical and
psychological
experience

Habitat
creation

Learning

Materials

Erosion
control

3.6. Discussion
Understanding the consequences of changes in multiple functions on nature’s benefits is widely
recognised as a research priority (Giling et al. 2019). Our Bayesian Belief Multifunctionality Framework
explicitly recognises the central role of ecosystem multifunctionality in the connections between ecology
and people. While BEF-ES relationships have been widely studied, the BN Multifunctionality Framework
is the first to date approach that uses the concept of nature’s contribution to people (NCPs) (IPBES
2019) to make explicit links with their ecological underpinnings.
52

3.6.1.

Detecting changes in functional redundancy

In the first part of the analysis, we looked at individual changes across seven ecosystem functions:
secondary production, metal sequestration, denitrification, N-release, sediment stability, primary
production and sediment formation. The results from the EF-multifunctionality analysis show that
functional redundancy (the number of species of the trait set required to maximise a function) varied
across functions. In the system we examined, the function with the highest level of functional
redundancy, primary production, was characterised by a low number of trait conditions that affect its
performance (e.g., grazers that have a limiting effect on primary production). As the set of trait
conditions that affect function performance becomes more specialised and more traits are included, we
started to observe lowering functional redundancy as fewer species fulfilled the required trait set. For
example, high denitrification rates required species with a specialised trait set (surface to depth particle
movement, located deep in the sediment, grazers, large body size) and only one out of 113 species
met these requirements. Functional redundancy informs us about the potential of an ecosystem to
maintain its functionality assuming that less vulnerable species with the same traits can maintain
function when vulnerable species are lost (Siwicka, Thrush & Hewitt 2019). Recognising the amount of
functional redundancy in natural ecosystems provides important insights into ecosystem functionality.
In the context of our case study, a loss of Nicon aestuariensis – the only species contributing to the
highest chance of high denitrification rates, would cause more severe changes to ecosystem
functionality than the loss of one out of twenty grazer species will have on primary production.
3.6.2.

Transparency in the analysis of synergies and trade-offs between functions

Meeting policy objectives requires extensive knowledge of fundamental ecology underpinning the
provision of multiple functions and NCPs (Cardinale et al. 2012; Larigauderie et al. 2012). The BN
Multifunctionality Framework is a highly relevant tool to inform policy and decision making because of
its suitability in modelling transdisciplinary problems (Uusitalo 2007; Voinov & Bousquet 2010; Chen &
Pollino 2012). In our BN model, species, traits, functions and NCPs are modelled together on the same
network allowing for easy interpretation of connectivity between model variables. While all results
(including intermediate results) are shown simultaneously, the presentation of results can occur on the
level of individual links making changes clear and transparent (Giling et al. 2019). Transparency in links
between fundamental ecology and NCPs allows for a more informative analysis of a function’s
ecological underpinnings compared to multifunctionality results presented in a more aggregated format
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(e.g., averaging approaches). This feature enables the exploration of different scenarios and the
analysis of synergies and trade-offs (Ticehurst, Letcher & Rissik 2008; Landuyt et al. 2013; Hölting et
al. 2019). In our EF-multifunctionality analysis, we tested the functional responses to the scenarios
where we maximised the level of one function to a trait set to observe synergies and trade-offs. For
example, based on the dataset from the ecosystem that we examined, the traits responsible for high
rates of sediment stability (95%) also contribute to increased rates of secondary production (45.1%) as
the majority of species that underpin high rates of sediment stability are small polychaetes (Table 3.3).
In turn, in our studied system, polychaete worms are a key component of the diet of fish and shorebirds.
In our EF-multifunctionality analysis, we observed a positive relationship between trait sets that
maximised biogeochemical functions such as metal sequestration and N-release and between
denitrification and metal sequestration and N-release (Figure 3.5). For example, in our dataset, the
species of the trait set that provide high rates of metal sequestration also provide high rates of Nrelease. Nevertheless, the same trait set that increases a chance of high metal sequestration is not
likely to provide higher rates across other functions such as sediment formation, sediment stability and
secondary production. This finding demonstrates the multidirectional nature of species-trait-function
relationships confirming the need for studying complex links between multiple ecosystem properties.
Commonly utilised approaches such as single species or single function approach selectively focus on
the part of the story and do not provide enough insights into the functioning of an ecosystem as a whole
(Hector & Bagchi 2007; Gamfeldt, Hillebrand & Jonsson 2008; Cardinale et al. 2012). In
multifunctionality research, the ability to simultaneously examine synergies and trade-offs resulting from
a specific scenario is critical in increasing our understanding of ecosystem complexity (Hölting et al.
2019). As shown in this study, studying the effects of species of a trait set that maximised ecosystem
functions on other functions can reveal important messages about the whole system as it is forced in a
particular direction. Such knowledge will lead to more informed management decisions, specifically the
ones prioritising the provision of a single function (e.g., land intensification for a single crop production
or mussels restoration focused on increasing water filtration). In addition, the BN Multifunctionality
Framework enables a rapid assessment of synergies and trade-offs in quantifiable terms (probability
values). Once the network is assembled and populated, the results can be seen instantly.
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3.6.3.

Environmental scenarios testing

Our ES-multifunctionality analysis demonstrates that the BN Multifunctionality Framework performs well
in scenario testing. We examined the effect of macrofauna density on multiple NCPs. The visual power
of the framework to demonstrate changes across all intermediate relationships (species-traits-functionsNCPs) in the model allows for more in-depth analysis and ultimately a better understanding of ecological
mechanisms behind NCPs (Giling et al. 2019). We tested the impact of both high and low macrofauna
density on nine nature’s contributions to people (NCPs): food and feed, supporting services, climate
regulation, regulation of coastal water quality, physical and psychological experience, habitat creation,
learning, materials and erosion control. Species density has been recognised as an important factor in
defining ecosystem functioning in soft-sediment ecosystems (Marinelli & Williams 2003; Ieno et al.
2006). For this dataset, we noted that the change from low to high density of species with a trait set
identified as important to individual functions induced an increase in a high chance of performance
across seven NCPs. The NCPs that showed the opposite trend was climate regulation, which can be
explained by increasing rates of metabolic processes such as respiration and animal excretion as well
as more complex relationships between macrofauna density and other functions, e.g., a negative impact
of increasing grazers density on microphytobenthos. The learning NCP did not change from low to high
macrofauna density scenarios as its provision, i.e., people’s ability to gain knowledge from ecosystems,
occurs regardless of the intensity of the functional performance.
Studying multiple relationships from different scenarios can also help reveal other relationships, such
as the effect of individual species on NCPs or the effect of a loss of species of a particular trait category.
Current approaches to measuring multifunctionality rely on investigating relationships between species
richness and functions (e.g., turnover approach, threshold-based approaches) (Byrnes et al. 2014),
significantly constraining these approaches from providing a realistic representation of complexity
surrounding multifunctionality. BN enables extensive scenario testing, measuring links between various
ecological properties (between and within species, traits, functions, NCPs). It can, therefore, help in
answering other questions related to ecosystem multifunctionality, e.g., what is the trait set and group
of species that maximises an overall level of multifunctionality in a given ecosystem. Thanks to this
feature, the BN Multifunctionality Framework has the potential to expand the scope of analysis,
contributing to more informed policy advice. Further advances in scenario testing that go beyond the
scope of this study could encompass species interactions and feedbacks to provide even more detailed
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policy advice. Bayesian Networks currently support acyclic relationships between model variables
(Landuyt et al. 2013). Including feedback loops and complex interactions in more sophisticated models
will further benefit ecological research.
3.6.4.

Multifunctionality in diverse systems

We tested our BN Multifunctionality Framework on an intertidal sandflat characterised by a diverse
community. This allowed us to observe that some functions exhibit more sensitivity to redundancy than
others. For example, we observed high redundancy for primary production, moderate redundancy for
sediment formation, sediment stability, N-release, metal sequestration and low redundancy for
denitrification and secondary production (Table 3.3). In the analysis of the NCPs, we observed that the
species through their trait sets support the provision of multiple NCPs at moderate levels rather than
specialise in a single NCP provision (e.g., aquaculture’s primary role in food provision service). Our
findings, therefore, correspond with the phenomenon described by van der Plas et al. (2016) named
‘jack-of-all-trades’. The phenomenon describes that in diverse systems we can expect moderate but
stable levels of multifunctionality. The chance of functions provision on an extremely low or extremely
high level is lower compared with monocultures, that tend to specialise in a single function performance,
e.g., as demonstrated in the study by Gamfeldt et al. (2015) who showed a greater level of functionality
in species-rich marine ecosystems than in the monocultures.
3.6.5.

Eliciting expert knowledge and its validation

The process of establishing complex multifunctionality links has high data requirements (Gamfeldt,
Hillebrand & Jonsson 2008; Thrush et al. 2009; Thrush, Hewitt & Lohrer 2012). Empirical measurements
are not always immediately available as they require substantial time and effort to collect (Uusitalo
2007; Chen & Pollino 2012) and often are context- and scale-dependent (Snelgrove et al. 2014). This
should not prevent studying data-scarce environmental issues (Kim, Gourbesville & Liong 2019). Even
if empirical data is available, in many cases, it might not be directly transferrable and some level of
refining to fit the model purpose is required, e.g., extrapolating local scale measurements to ecosystemscale (Cardinale et al. 2012; Gladstone-Gallagher et al. 2019). In both cases, expert opinion is a solution
to fill data gaps in the model. In our study, we demonstrated how local-scale data could be used to
model ecosystem-scale environmental properties. We applied expert knowledge to study NCPs
provision (ecosystem-scale) based on the macrofaunal community (local-scale). To reduce inherent
subjectivity and biases in expert opinion (Chen & Pollino 2012) we carefully selected experts of different
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ecology-related backgrounds and adopted the Delphi framework in the elicitation process. The Delphi
framework has been widely applied in ecological modelling and resource management as it offers a
systematic way of achieving consensus in multiple-expert knowledge elicitation processes (Macmillan
& Marshall 2006). In our study, expert knowledge elicitation involved a focus group to recognise a broad
range of dependencies between species, traits, functions and NCPs (full description of the principles
behind individual relationships is presented in Appendix B: Table 1A and B). This was followed by
individual consultations with experts whose area of expertise related to specific ecosystem functions. A
rigorous and systematic approach in expert knowledge elicitation is critical to assure the credibility of
model results, especially given the difficulty in validating the BN models (Aguilera et al. 2011; Landuyt
et al. 2013). Any expert knowledge-based model should represent reality sufficiently well in order to
inform policy (Augusiak, Van den Brink & Grimm 2014). Our study used the ‘evaludation approach’ as
a more in-depth way of model validation. We chose this method as it allows us to demonstrate
transparency and rigorousness across all stages of model creation and analysis rather than providing
a single number (e.g., validation of model output). Ensuring the model appropriateness across all its
stages is crucial in adapting messages derived from the model in the decision-making process (Höfer,
Ziemba & El Serafy 2019).
3.6.6.

Ecosystem multifunctionality in marine realms

The BN Multifunctionality Framework moves away from a standard cause-effect way of understanding
environmental relationships to a more holistic approach. Although our ability to comprehend the
magnitude of interactions within natural, diverse systems is still limited, our framework promotes
addressing ecosystem complexity taking the BEF-BES research (that is directly relevant to NCPs)
closer to capturing the ‘true’ multifunctionality (Thrush, Hewitt & Lohrer 2012; Manning et al. 2018).
Nevertheless, the multifunctionality concept has been mainly applied to study terrestrial ecosystems
(Gamfeldt et al. 2013; Allan et al. 2015; Dooley et al. 2015; van der Plas et al. 2016; Manning et al.
2018). A combination of factors causes the discrepancy in multifunctionality studies between terrestrial
and marine realms, the key ones include data availability, difficulty in conducting empirical
measurements, sites inaccessibility, high diversity, high multifunctionality and more complex ecosystem
dynamics (Villnäs et al. 2018). The BN Multifunctionality Framework can overcome some of the
challenges faced by marine researchers and promote multifunctionality research. Applications of the
BN Multifunctionality Framework will help us to understand the real functionality of complex marine
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systems by expanding our knowledge beyond their tangible properties (e.g., food provisioning services
(MEA 2005)) and acknowledging more fundamental ecological functions such as nutrient cycling and
primary production (Snelgrove et al. 2014; Gladstone-Gallagher et al. 2019).
3.6.7.

The BN Multifunctionality Framework as a science outreach tool

Finally, we suggest that our BN Multifunctionality Framework can be used as a stakeholder and public
engagement tool. In the area of multifunctionality research, the involvement of stakeholders is limited
and, therefore, so is our understanding of the relationships between species, traits, functions and NCPs
(Bennett et al. 2015; Hölting et al. 2019). During this study, discussions with experts opened up an area
for exchanging viewpoints and confronting opinions, contributing to increasing awareness of complexity
in multifunctionality research. The BN Multifunctionality Framework could be further extended to create
an opportunity for a dialogue between the general public, community action groups, government
representatives and scientists (Voinov & Bousquet 2010). Communicating science to stakeholders of
non-scientific background plays a key educational role (e.g., in raising awareness of complexity within
environmental systems), but also helps to shape the values people have towards NCPs and the
ecological processes that underpin their provision (Christie et al. 2019).
3.7. Conclusions
Sustaining ecosystem multifunctionality and nature’s contributions to people requires radical changes
in ways we currently study and manage BEF-BES relationships. Establishing explicit links between
ecology and people, i.e., ecological mechanistic underpinnings of functions and NCPs is fundamental
to correctly understand the crucial role of the less tangible ecological processes in the provision of
multiple functions, NCPs and subsequently shaping people’s values. Ultimately this will result in more
informed policy and management. The Bayesian Belief Multifunctionality Framework provides a novel
way of studying multifunctionality in complex ecosystems, with its key strength of creating explicit links
between fundamental ecology and applied ecology. The results from our EF- and ES-multifunctionality
analysis demonstrated its power in synergies and trade-offs analysis and scenario testing. Alongside
its clarity and transparency, our framework can be used not only to inform policy but also as a science
communication tool engaging stakeholders and the general public.
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Chapter 3. Beyond the single index: Investigating ecological
mechanisms underpinning ecosystem multifunctionality with
network analysis.

This work was submitted to Ecology and Evolution
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4.1. Introduction
Simultaneously assessing multiple ecosystem functions is the holy grail of functional ecology (Lavorel
and Garnier 2002). Conceptually, a multifunctional assessment should truly represent the complexity
of natural ecosystems. In practical terms, this task is non-trivial as many real-world ecosystems are
heterogeneous and contain a diverse array of species, which represent a major challenge to
multifunctional assessments (Cardinale et al. 2012, Lefcheck et al. 2015). Historically, functions were
assessed in isolation (Hector and Bagchi 2007, Reiss et al. 2009, Byrnes et al. 2014). Only recently
has the concept of multifunctionality, defined as a simultaneous performance of many functions, been
advanced in ecological research (Manning et al. 2018). Nevertheless, the available methods that enable
assessments of multiple functions (e.g., univariate assessment of individual functions or multifunctional
indices) deliver a limited amount of detail on the ecology that underpins the provisioning of functions
(see Byrnes et al. 2014 and Dooley et al. 2015 for a method summary table). A significant loss in
information in previous methods is generated by using species richness, which expresses biodiversity
as a total count of species in the ecological community. In the context of multifunctionality assessments,
aggregation of functionally different species as a univariate measure reduces our ability to truly capture
the multifunctional nature of natural ecosystems as all species are treated equally and variation in their
abundance and unequal roles in functional regulation are ignored (Bradford et al. 2014). For example,
multifunctionality assessments based on species richness cannot reveal which species or species
groups play a key role in regulating individual functions, limiting ecological insight and the sensitivity of
these approaches to assess the consequences of change. In light of the escalating rates of biodiversity
loss, ecological insight into species-function relations is critical to effectively safeguard biodiversity and
maintain multiple ecosystem functions (IPBES 2019).
Moving away from assessing functions in isolation without compromising on the level of detail of the
ecology underpinning multifunctionality is an urgent need in biodiversity-ecosystem function research
(BEF) (Snelgrove et al. 2014). Network analysis offers a holistic and transparent way of analysing the
complexity of multifunctional relationships while retaining the details of individual relationships (Bohan
et al. 2016, Segar et al. 2020). Species or trait groups, environmental characteristics and functions can
be represented as nodes in the network, whereas the links determine relationships between nodes
(Bohan et al. 2016, Dee et al. 2017). Networks can, therefore, embed more details of the ecology that
underpins multifunctionality and increase the informativeness of the multifunctional assessments.
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A more accurate assessment of how ecological communities contribute to functions is facilitated by
looking directly at species traits, i.e., the species phenotype or behaviour that influences ecosystem
processes (Hooper et al. 2005, Cadotte et al. 2011, Duncan et al. 2015). Functional traits allow us to
look more directly at the relationships between species and functions and, therefore, have been
demonstrated to be a better proxy for functional assessments (Petchey et al. 2004, Hewitt et al. 2008,
Cadotte et al. 2011). Nevertheless, the effect of functional trait diversity on multifunctionality remains
unclear and has been mainly tested on terrestrial ecosystems (Huang et al. 2019, Le Bagousse-Pinguet
et al. 2019, Hanisch et al. 2020) with only a few traits (e.g., two traits in Finney and Kaye 2017, two
traits in Gross et al. 2017, three traits in Lundin et al. 2019), while in many cases traits were aggregated
to an index (Mouillot et al. 2011, Huang et al. 2019, Le Bagousse-Pinguet et al. 2019, Mensah et al.
2020).
Multifunctionality is also influenced by environmental characteristics. For example, grain size and shell
hash are important drivers of multiple functions in intertidal sandflats, including nutrient regeneration,
denitrification, sediment creation, sediment stability (Thrush et al. 2004, Jones et al. 2011, Thrush et al.
2013, Hillman et al. 2020). Therefore, broadening the scope of multifunctionality analysis beyond
species metrics to encompass abiotic environmental characteristics can further enhance our
understanding of the ecological and mechanical underpinnings of the provision of multiple functions.
New methods are needed that will embrace the complexity of natural ecosystems offering an inclusive
analysis of species, their functional traits, multiple functions and habitat heterogeneity (Mensah et al.
2020). Specifically, such a method should enable multifunctionality analysis in dynamic and diverse
habitats such as intertidal sandflats. Intertidal sandflats are highly complex systems due to the presence
of strong physical gradients, highly reactive biogeochemical environments and high habitat diversity
that influence the distribution of species and functions (Thrush et al. 2013, Schenone and Thrush 2020).
For example, Jones et al. (2011) show the varying strength of the positive effect of the bivalve,
Austrovenus stutchburyi, on denitrification potential and system productivity subject to grain size. To
date, most of the multifunctionality studies were tested on simple systems with low levels of habitat
heterogeneity and low species diversity (e.g., Dooley et al. 2015, van der Plas et al. 2016, Hertzog et
al. 2019). Testing approaches to multifunctionality on heterogeneous and diverse systems is a major
challenge, however, this is the only way to develop an approach that will provide a real-world
representation of multifunctionality in natural systems.
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In this study, we develop a multivariate network analysis to investigate ecosystem multifunctionality in
a diverse intertidal sandflat, Whangateau Harbour, New Zealand (36°18.72′S, 174°46.42′E). We
investigated the relationships between eight ecosystem functions, five functional trait clusters defined
with 36 macrofaunal species and four key environmental characteristics. Our multivariate network
analysis consists of three key steps: (i) demonstrating heterogeneity between study sites based on
functions, the macrobenthic community and their functional traits and environmental characteristics; (ii)
identifying trait clusters of functionally similar species, and (iii) defining the complex and interacting
relationships between multiple functions, individual trait clusters and environmental characteristics. We
demonstrate how multivariate network analysis can reveal the multifunctional nature of the ecosystem.
This approach embraces ecological complexity in the multifunctional assessments and is fundamental
to our ability to predict the effects of the biodiversity crisis on delivering multiple functions and services.
4.2. Material and methods
4.2.1.

Study location and experimental setup

Samples were collected in February/March 2018 on the intertidal sandflats of Whangateau Harbour,
New Zealand. Whangateau Harbour covers about 7.5 km2 of which, approx. 85% is intertidal habitat. It
is located on the east coast of the North Island (36°20’S 174°45’E). Due to high tidal flushing, small
freshwater input and low human population density in the harbour catchment, it is one of the highest
quality estuaries within the Auckland region (Cole et al. 2009).
Seven mid-intertidal sandflat sites were selected in the harbour to include differences within
macrobenthic community composition (based on the dominant species) and environmental
characteristics within the sandflat habitat. The sites included ‘Boat Ramp’, 36°18'34.3"S 174°46'46.6"E;
‘Cockle Bed’, 36°18'39.4"S 174°46'44.6"E; ‘Leigh Road’, 36°18'39.7"S 174°46'34.6"E; ‘Whangateau
Hall’, 36°18'54.7"S 174°46'10.0"E; ‘Whangateau Holiday Park’, 36°18'56.4"S 174°45'44.9"E; ‘Omaha
Bridge’, 36°20'21.7"S 174°46'07.2"E; ‘Golf Course’, 36°20'06.0"S 174°46'09.0"E. At each site, seven
experimental plots (replicates) were located approx. 12m apart.
(i)

Organic matter degradation at the sediment surface

Organic matter degradation within the top 15 cm of sediment was measured using the rapid organic
matter assay (ROMA) (O' Meara et al. 2018). The method involves deploying acrylic plates (18cm x
9cm x 1.5cm) in the sediment for a period of 11 days. Each plate has 18 wells (10 mm diam, 9mm deep)
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filled with a jelly solution made of 0.029 gC/ml mixture of food-grade agar, microcrystalline cellulose
(CAS 9004-34-6; Thermofisher), and powdered bran flakes (Edmonds brand). One plate was deployed
in each plot (seven plates per study site). Sampling of other variables (see below) took place six weeks
after collection of ROMA plates to allow the disturbed sediment to settle.
(ii)

Sediment-Water fluxes: incubation chambers

Incubation chambers were used to measure the net effect of biogeochemical processes that regulate
the solute fluxes: dissolved oxygen (DO), and dissolved inorganic nitrogen (DIN: NH 4+, NO3-, NO2) and
phosphate (PO43-) as well as N2 gas (Jones et al. 2011, Thrush et al. 2017). Incubation chambers (17cm
diam, 0.023 m2 area) were deployed in the early afternoon and sealed approx. 1 L of ambient seawater
above the sediment surface by sinking the chamber edges approx. 2 cm into the sediment. The
chambers were sealed so that no air bubbles formed inside the chambers. Each plot contained one
light and one dark chamber to allow us to measure ecological processes in the presence and absence
of light. Incubations lasted approx. 4 hours around high tide. In addition, at each site, one light one dark
1 L plastic bottles filled with seawater at the same time as the chambers. These water samples were
deployed adjacent to the chambers to measure changes in water column DO and nutrient
concentrations in the absence of benthic activities. Water samples were extracted from the chambers
at the start and end of the incubation period with a syringe (60 ml) via sampling ports. The syringes
dedicated to measuring N2 gas concentration were gas-tight. DO concentrations were measured
immediately with a PyroScience optical oxygen meter (FireStingO2 FSO2-4). DO from light and dark
chambers were used as a proxy for net oxygen production or consumption. DIN and phosphate samples
(NH4+, NO3-, NO2-, PO43-) were filtered through a Whatman GF/C glass fibre filter (0.8 µm) into 50 mL
polyethylene centrifuge tubes and stored on ice in the dark and then frozen at -20°C on the same day
until the laboratory analysis. N2 samples were transferred to 12 mL glass vials and stored in the dark
below ambient temperature in the field and then in the fridge on return to the laboratory.
(iii)

Sediment sampling

After chamber incubations were complete, benthic chlorophyll a concentration, sediment water content,
organic matter content and sediment grain size samples were collected with a syringe core (5 x 2.6 cm
diam x 2 cm deep). All samples were stored on ice and frozen at -20°C on return to the laboratory the
same day. Chlorophyll a samples were kept in the dark at all times.
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(iv)

Macrofauna sampling

After chamber incubations were complete, macrofauna and shell hash were sampled for each chamber
(two samples per replicate) using a corer (2 x 13 cm diam, 15 cm deep). The bivalves Austrovenus
stutchburyi and Paphies australis were counted and measured on-site and returned alive due to local
restrictions on harvesting. Samples were sieved (500 µm mesh) on-site and preserved in 70% isopropyl
alcohol and stained with rose bengal.
4.2.2.
(i)

Laboratory analysis
Indicators of ecosystem functions

Sediment samples for chlorophyll a were freeze-dried, then 5 g of sediment was extracted in 90%
acetone and chlorophyll a measured using a Turner Designs 10 AU fluorimeter (Arar and Collins 1997).
ROMA plates were analysed within 48 hr from collection. Organic matter degradation at the sediment
surface was determined by the change in jelly solution volume in each ROMA plate. The volume of the
lost jelly solution was converted to carbon consumption using the conversion factor of 0.029 and the
organic matter degradation rate at the sediment surface (C o) was calculated following O’Meara et al.
(2018).
DIN and phosphate were measured using flow injection analysis (FIA) with a Lachat Quick-Chem 8000
automated ion analyser (Zellweger Analytics, Milwaukee, WI, USA).
Denitrification was determined by analysing N2 concentrations using membrane-inlet mass
spectrometry (MIMS) with a Pfeiffer Vacuum QMS 200 quadrupole mass spectrometer (Kana et al.
1994).
(ii)

Macrofauna

Macrofauna samples were sorted and identified to the lowest practical taxonomic level. Macrofaunal
species were characterised by their functional traits using fuzzy coding of trait modalities (Chevene et
al. 1994). Thirty trait modalities were considered that related to the following trait categories: the
direction of sediment particle movement, feeding mode, location in or on sediment, sediment structure,
mobility, body size and body hardness. For the dominant species, the measurements were recorded
for body length (Anthopleura aureoradiata, Isopoda), shell length (Austrovenus stutchburyi, Paphies
australis, Linucula hartvigiana, Macomona liliana, Zeacumantus lutulentus, Zeacumatus subcarinatus,
Cominella glandiformis) or body width (Prionospio aucklandica, Platynereis australis, Orbinia papillosa).
The other species were size-classified based on the typical size of an adult (Table 4.2).
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(iii)

Environmental characteristics

Sediment water content (%) was determined by weight loss of dried sediment (60°C for seven days).
Sediment organic matter content (%SOM) was determined by weight loss on ignition (450°C for 4.5 h).
After sediment digestion in 10% hydrogen peroxide and dispersion in 6% Calgon, grain size was
determined by filtering wet sediment through the series of sieves of different size (63, 125, 250, 500
and 1000 μm). The filtered sediment from each sieve was then dried and weighed (Day 1965). The dry
weight of fine particles (>63 μm) determined %mud used in the analysis. Percent shell hash was
determined from the dry weight of particles >4 mm from sorted macrofauna samples.
4.3. Statistical analysis
The data analyses involved multivariate analysis (PCO, PCA, DistLM) performed in PRIMER- e (Clarke
and Gorley 2015); and network analysis of traits (Siwicka et al. 2019) based on species-trait cooccurrence (Griffith et al. 2016) and environmental network analysis (Bastian et al. 2009). Table 4.1
outlines the summary of the methodological steps and statistical analysis.
4.3.1.

Defining heterogeneity between study sites

Principle Component Analysis (PCA) was used to determine variability in functionality between study
sites. Eight indicators of ecosystem functions were considered across seven sites: standing stock of
primary producers (Chl a), net sediment oxygen production (light chambers) and oxygen consumption
(dark chambers), DIN release (ammonium and NO x efflux), phosphate release, denitrification (dark
chamber) and organic matter degradation at the sediment surface (ROMA) (see Table 4.2). The dataset
was normalised prior to the analysis. Heterogeneity was determined using the % variation of
eigenvalues.
To identify heterogeneity in macrobenthic community composition between sites in the trait space we
performed the Principle Coordinates Analysis (PCO). The dataset consisted of 98 samples containing
information on within-trait modality species abundance. The dataset was square-root transformed and
a resemblance matrix was created using Bray-Curtis similarity.
Finally, we performed the PCO to show the heterogeneity in environmental characteristics (%SOM,
%mud, %shell hash and %sediment water content). The dataset was square-root transformed and the
resemblance matrix was created using Euclidian distance.
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4.3.2.

Reducing trait dimensionality

Trait clusters were identified based on species-trait co-occurrence using network analysis of traits
(Siwicka et al. 2019). Pairwise associations of species sharing traits were determined using the cooccur
R package and the network was assembled using Gephi software (Bastian et al. 2009, Griffith et al.
2016). Modularity analysis, i.e., the analysis of the network partitioning based on the density of links
(Blondel et al. 2008), allowed the detection of six clusters that contained functionally similar species
(see trait clusters in Table 4.2) (Siwicka et al. 2019).
4.3.3.

The role of trait clusters and environmental characteristics in explaining variability in
multifunctionality

After reducing trait dimensionality to six trait cluster groups, distance-based linear models (DistLM)
(Anderson et al. 2008) were used to test how much of the overall multifunctionality (multivariate
variability in functions between sites) could be explained by trait clusters and environmental
characteristics. Prior to the analysis, the functions dataset was normalised and a resemblance matrix
was created based on Euclidian distances. Trait clusters (i.e., abundance within each trait cluster) and
environmental characteristics were fitted separately as predictor variables and DistLM determined the
% variation in multiple functions explained. The inclusion of predictor variables in the model was based
on AIC selection criteria and backward selection.
4.3.4.

Multivariate Network Analysis – identifying relationships between multiple functions, trait
clusters and environmental characteristics

DistLM was used to identify the combination of trait clusters and environmental characteristics that best
explain individual functions. For each function, a resemblance matrix was created based on Euclidian
distance. Non-linearities were incorporated by including transformed variables (log10(x + 1) and square
root) as well as raw variables in the initial model. The selection of both the raw and the squared variable
approximates a two-degree polynomial response. Log variables were only allowed to be selected if
neither the raw or square transformed variables were selected. First, DistLM was performed to measure
the effect of trait clusters in explaining variability in functions. Next, insignificant trait clusters were
excluded from the analysis and DistLM was performed on significant trait clusters and environmental
characteristics. DistLM analysis used adjusted R 2 selection criteria and forward selection procedure.
The combined results from the DistLMs were visualised using network analysis. The network was
assembled in Gephi 0.9.2 (Bastian et al. 2009). Nodes were classified into three different categories:
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functions, trait clusters and environmental characteristics. The link between nodes shows that the
relationship exists. The size of the nodes is determined by the total number of links leading out of the
node (trait clusters and environmental characteristics) and leading to the node (functions). The dataset
was imported as an ‘edges table’ where the ‘target’ (functions) and ‘source’ (trait clusters and
environmental characteristics) nodes, as well as the number of outgoing and ingoing connections were
determined. Each relationship was directed, where trait clusters and environmental characteristics
influence functions. Each relationship was attributed with a weight that was determined by the %
variance explained from DistLM.
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Table 4.1. The summary of statistical analysis. Key steps and requirements.

Purpose

Ecosystem component

Habitat
heterogeneity
Habitat
heterogeneity

Functions

Reducing trait
dimensionality

Habitat
heterogeneity
Variability in
multifunctionality

Multivariate
network analysis

Type of analysis

Details of the analysis

Macrobenthic community and
functional traits

Principle Component
Analysis
Principle Coordinates
Analysis

Macrobenthic community and
functional traits

Network analysis of
traits

To determine functional variability between study
sites.
To determine variability in macrobenthic
community composition between sites in the trait
space.
To reduce trait dimensionality and identify trait
clusters composed of functionally similar species
(i.e., species that share combinations of trait
modalities).

Environmental characteristics
Trait clusters and
environmental characteristics

Multifunctionality

Principle Coordinates
Analysis
DistLM
‘group variables
(indicator)’
DistLM
Network analysis

To determine variability in environmental
characteristics between study sites.
To test how much of the overall multifunctionality
is explained by:
(i) trait clusters,
(ii) environmental characteristics.
To demonstrate relationships between multiple
ecosystem functions, multiple trait clusters and
multiple environmental characteristics
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Software

Reference

PRIMER- e

Clarke & Gorley 2015

PRIMER- e

Clarke & Gorley 2015

Network analysis of
traits consisting of:

Siwicka et al. 2019

- co-occur R package,

Bastian, Heymann & Jacomy
2009

- Gephi
PRIMER- e

Griffith, Veech & Marsh 2016
Clarke & Gorley 2015

PRIMER- e

Clarke & Gorley 2015

PRIMER- e

Clarke & Gorley 2015

Gephi

Griffith, Veech & Marsh 2016

Table 4.2. Data summary used in the multivariate network analysis.
Species

Typical adult size

Size of dominant species
based on the body width,
body length or shell length:
1 <1/>1 mm
2
3
4
5

2.
3.

4.
5.
6.
7.
8.
9.
10.
11.
12.
13.
14.
15.
16.
17.
18.
19.
20.
21.
22.
23.
24.

Amphipoda
Mysidacea
Colurostylis
lemurum
Ostracoda
Austrohelice
crassa
Halicarcinus whitei
Diloma subrostrata
Notoacmea scapha
Chiton glaucus
Aricidea sp.
Paradoneis lyra
Phoronis sp.
Heteromastus
filiformis
Asychis sp.
Capitella sp.
Maldanidae
Boccardia syrtis
Minuspio sp.
Exogoninae
Scoloplos
cylindrifer
Scolecolepides
benhami
Oligochaeta
Lumbrineridae
Nemertea

Traits

Trait
category

Trait clusters of species sharing
combinations of traits (determined
by network analysis of traits)

Trait modality

Cluster ID

25. Anthopleura auradiata3
26. Isopoda2
27. Austrovenus
stutchburyi5
28. Paphies australis4
29. Linucula hartvigiana2
30. Macomona liliana4
31. Zeacumantus
lutulentus3
32. Zeacumantus
subcarinatus3
33. Cominella glandiformis3
34. Prionospio aucklandica 1
35. Platynereis australis1
36. Orbinia paplliosa1

Species ID

Ecosystem functions

Function
(Determined
from the
sediment
samples)

(Based on
dominating traits of
species)

<3/ >3 mm
<5/ >5 mm
<10/>10 mm
<1/1-9/10-19/20-29/>30 mm

Environmental
characteristics

Indicator:
* Light chamber
** Dark chamber
^ Sediment

- Surface to depth
- Depth to surface
- Surface to
surface
- Depth to depth
- Suspension
- Deposit
- Predator
- Scavenger
- Grazer
- Surface
- Attached
- Top 2 cm
- Deep
- Permanent
burrow
- Simple hole or
pit
- Tube structure
- Mound
- Trough
- Trampling
- Sedimentary or
limited mobility
- Motile

Attached

25

% Sediment
organic matter
(SOM)

Standing stock
of primary
producers

Chl a^

Small mobile top 2
cm dwellers

1, 2,26, 3, 19

% Mud

Oxygen
production

DO*

Hard-bodied surface
dwellers

4, 5, 6, 29,
31, 32, 33,7,
8, 9

% Shell hash

Oxygen
consumption

DO**

Suspension feeders

27, 28, 30

% Sediment
water content

DIN release:
- Ammonium
efflux
- NOx
(Nitrite/Nitrate)

Deep-dwelling worms

10, 11, 34,
13, 15, 35,
36, 20, 21,
22, 23, 24

Phosphate
release

PO43-**

Body size

- Small
- Medium
- Large

Tube forming worms

12, 14, 16,
17, 18

Denitrification

N2**

Body
hardness

- Soft-bodied
- Rigid
- Calcified

Organic matter
degradation at
the sediment
surface

C0^

Direction of
sediment
particle
movement
Feeding
mode

Location in
or on
sediment
Sediment
structure

Mobility
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NH4+**
(NO2− /NO3−)**

4.4. Results
Heterogeneity between study sites
The PCA demonstrated high variability in functions between sites. PCA axes 1-5 explain in total 81.1%
of the variability in functions. The first five axes individually explain 23.5, 19.5, 15.3, 12.4 and 10.4% of
the total variability (PCA values only are reported in the text, no figure is presented). The PCO analysis
of traits showed a high variability of traits between study sites with the first two PCO axes explaining
84.1% variability (Figure 4.1A). PCO analysis of environmental characteristics also presented a high
level of between-site heterogeneity with 93.7% of variability explained by the first two PCO axes. Two
emerging clusters were visually identified that represent sites of similar grain size with sites 1,5,7 being
muddier and sites 2,3,4 consisting of more coarse particles (Figure 4.1B). Collectively this analysis
highlighted that our study had encompassed variation in traits, functions and environmental
characteristics to explore multifunctionality in heterogeneous systems.
Reducing trait dimensionality
Species-trait co-occurrence analysis identified 342 significant pairwise associations between the 36
species found across the seven study sites. The network analysis of traits visualised the connections
and modularity analysis identified six clusters of species that are functionally similar (i.e., they cooccurred in their trait space) (Figure 4.2). Clusters consisted of species of the dominant traits: (i)
attached, (ii) small mobile top 2 cm dwellers, (iii) hard-bodied surface dwellers, (iv) suspension feeders,
(v) deep-dwelling worms; and (vi) tube forming worms (Figure 4.2 and see Table 4.2 for more details
on clusters composition). The ’attached’ trait cluster consisted of only one species, an anemone that
lives on cockle shells (Anthopleura auradiata, which occurred in two size classes <5mm and >5 mm).
This trait cluster was disconnected from the rest of the community because this species did not share
links (Figure 4.2). Given this result and the likely small role of the species in the measured ecosystem
function variables, we excluded it from the rest of the analysis.
Multivariate Network Analysis
DistLM of the overall multifunctionality (multivariate variability in functions between sites) indicated that
trait clusters and environmental characteristics explain 15% and 10% of variance, respectively.
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Multivariate network analysis showed that trait clusters and environmental characteristics contributed
to multiple ecosystem functions creating a network of multiple connections (Figure 4.3). The
connections' strength was based on the % variance explained (DistLM) used to build the network (Table
4.3). The % variance explained was highest for variables associated with oxygen exchange (oxygen
production, 52%; oxygen consumption, 44%) followed by standing stock of primary producers (43%)
and nutrients release (phosphate release, 32%; denitrification, 32%; NOx, 29%; and ammonium efflux,
22%). The % variance explained was lowest for organic matter degradation at the sediment surface
(10%) and was only explained by the abundance in the small mobile tops 2 cm dwellers cluster. In
general, trait clusters (Table 4.3A) explained multiple functions better than environmental
characteristics (Table 4.3B).
The network analysis showed the relationships between multiple functions, trait clusters and
environmental characteristics (Figure 4.3). The analysis of the distribution of the connections
demonstrated that among the trait clusters, small mobile top 2 cm dwellers were the node with the
highest number of outgoing connections and contributed to explaining seven out of eight functions. High
connectivity of tube forming worms (connected to 5 functions), deep-dwelling worms (connected to 4
functions), and suspension feeders (connected to 3 functions) in defining multiple functions were also
observed. Hard-bodied surface dwellers were only important to the standing stock of primary producers.
Among environmental characteristics, %mud had the highest connectivity and contributed to four out of
eight functions.
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Figure 4.1. PCO ordinations depicting heterogeneity among sites based on (A) macrofaunal trait
composition and (B) environmental characteristics with two visually identified clusters.
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Figure 4.2. Network analysis of traits. Modelled are 342 associations between 36 species (nodes). For the dominant species where the measurement was
recorded for body length, shell length and body width (see Laboratory analysis section) these species are represented as individual nodes (e.g. Austrovenus
stutchburyi is represented by four nodes that represent different shell lengths). The associations between species are depicted with lines whose thickness
indicates the weight based on the number of traits shared between species pairs (Jaccard’s coefficient). Six trait clusters (see the legend) were detected from
the modularity analysis.
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Table 4.3. DistLM showing individual relationships between functions, trait clusters and environmental characteristics used to populate the network analysis. The table
shows the proportion of the variability explained by each predictor variable, and the inclusion of variables in the model was determined by forward selection of the
adjusted R2 selection criterion. For each function relationship, the result was obtained by selecting: (a) only untransformed variable; (b) only a log transformation, only
a square transformation, or the untransformed variable and the square transform variable; (c) log transformed variable together with either the untransformed variable
or the square transformed variable.

Oxygen consumption

Oxygen production

Organic matter
degradation at the
sediment surface

0.21c

0.21b

0.1b

-

0.05b
0.04a
0.1b

0.03b
0.04b
0.13b

0.18a
0.13b
-

-

0.12b

0.03b
-

0.2b
0.07a

0.03a

0.04b

0.14a

-

-

-

-

-

-

-

-

-

0.03b

0.03b

-

-

-

0.13

0.15

0.04

0.19

0.28

0.52

0.1

0.43

(B)
All significant
environmental characteristics

0.09

0.14

0.27

0.13

0.16

-

-

-

(C) TOTAL (R2 (A) & (B)
combined)

0.22

0.29

0.31

0.32

0.44

0.52

0.1

0.43

Suspension feeders
Deep-dwelling worms
Hard-bodied surface dwellers
Tube forming worms
%SOM
%Mud
%Shell hash
%Sediment water content
(A)

R2

All significant trait clusters

0.06b

0.06b

0.07b
0.05a

0.06a

Standing stock of
primary producers

Denitrification
0.1a

Small mobile top 2 cm dwellers

NOx (Nitrite/Nitrate)

0.04b

Trait clusters
Environmental characteristics

Ammonium efflux

Phosphate release

Functions

0.02b
0.29b
-

R2
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Figure 4.3. Multivariate network analysis depicting the relationships between multiple functions (purple), trait clusters (blue) and environmental characteristics
(teal). Connections in the networks are the individual relationships between multiple functions, trait clusters and environmental characteristics determined
through DistLM (Table 4.3). The node size indicates the number of in- or out- going connections.

75

4.5. Discussion
Increasing our understanding of the ecology that underpins the provision of ecosystem functions
requires a detailed and holistic analysis of ecosystem multifunctionality (Snelgrove et al. 2014). Our
study represents multifunctionality as a multivariate network of the relationships between multiple
functions, trait clusters, and environmental characteristics (Figure 4.3). We tested our approach in a
diverse and dynamic system, an intertidal sandflat. The results from our approach show that our studied
ecosystem was characterised by high levels of trait and environmental heterogeneity (PCA; and PCO,
Figure 4.1), and overall the trait clusters explained more variability in multifunctionality than the
environmental characteristics. Different combinations of trait clusters and environmental characteristics
were important in explaining different functions (Figure 4.3). Most highly explained functions related to
nutrients and oxygen regulation (Table 4.3). Among trait clusters, the most functionally prevalent were
small mobile top 2 cm dwellers, then deep- tube forming worms, deep-dwelling worms and suspension
feeders. The most important environmental characteristic was %mud.
Below, we discuss the result of our study in terms of (i) advancing multifunctionality studies in highly
heterogeneous systems, (ii) advancing the use of functional traits in multifunctionality assessment and
(iii) assessing individual relationships between trait clusters, environmental characteristics and
functions. Finally, we discuss how the integrative nature of the multivariate network analysis allows us
to overcome some of the challenges faced by the single index-based multifunctionality approaches.
(i)

Multivariate network analysis in highly heterogeneous systems

Ecosystem multifunctionality studies have been predominantly performed on terrestrial ecosystems,
usually characterised by low levels of habitat heterogeneity (e.g., grasslands or temperate forests) (van
der Plas 2019). However, many real-world ecosystems contain more complexity (Mensah et al. 2020).
In our study, we show that the multivariate network analysis can successfully assess multifunctionality
in complex, heterogeneous ecosystems. We showed the high variability in functions between sites by
demonstrating a similar level of variance explained by the 3-5th PCA axis. High rates of heterogeneity
across the intertidal sandflat in trait composition (Figure 4.1A) and environmental characteristics (Figure
4.1B) are also present. High variability in functions, macrofaunal trait composition and environmental
characteristics imply a truly multifunctional nature of our ecosystem and confirm the suitability of our
system to represent a real-world ecosystem complexity.
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(ii)

Embedding functional traits in multifunctionality assessment

Although functional traits are generally good predictors of functions (Petchey et al. 2004, Reiss et al.
2009, Cadotte et al. 2011), they remain underrepresented in multifunctionality assessments (Gross et
al. 2017, Le Bagousse-Pinguet et al. 2019, Mensah et al. 2020). The majority of multifunctionality
studies rely on univariate species metrics (species richness in particular), which results in the loss in
ecological information. Nevertheless, even when a trait-based approach has been utilised, the number
of traits considered has been limited (e.g., two or three traits (see Gross et al. 2017, Finney and Kaye
2017, Lundin et al. 2019)) or traits are represented as an index (e.g., F Ric, FEve, Fdiv (see Mouillot et al.
2011, Huang et al. 2019, Le Bagousse-Pinguet et al. 2019, Mensah et al. 2020)). Network analysis
enables studying complex and diverse ecosystems holistically. The relationships between the nodes
are transparent and deliver a detailed analysis of the multiple ecological underpinnings of multiple
functions. Our multivariate network analysis delivers more insightful messages about multifunctionality
compared with standard species richness-based multifunctionality methods as it allows us to trace down
each relationship to the level of individual species, traits, or functional groups. Our framework was
tested with a high level of functional diversity consisting of 30 trait modalities (Table 4.2). Using the
network analysis of traits (Siwicka et al. 2019), we established the within-trait species similarities and
identified trait clusters (named based on their dominant traits) (Figure 4.2). The functionally important
clusters used in the multivariate network analysis included small mobile top 2 cm dwellers, hard-bodied
surface dwellers, suspension feeders, deep-dwelling worms and tube forming worms. Network analysis
of traits reduces the level of trait dimensionality, but it preserves the ecological information underpinning
functions and it includes all functionally significant traits in the next stages of the analysis, making the
final results more informative.
(iii)

Multivariate network analysis to assess ecosystem multifunctionality

Despite our analysis including sites that varied in a range of environmental characteristics that are
known to influence benthic communities and ecosystem function (e.g., sediment grain size and organic
content) (Jones et al. 2011, Thrush et al. 2012, Hillman et al. 2020), the distance-based linear models
(DistLM) models indicated a higher explanatory role for traits than environmental factors. The
multivariate network analysis based on DistLM revealed how different trait clusters contribute to different
ecosystem functions. Importantly, the network showed that most of the trait clusters (i.e., small mobile
top 2 cm dwellers, attached species, deep-dwelling worms, tube forming worms and suspension
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feeders) were influencing a wide array of functions. This result confirms that species, through their
biological activity, affect multiple ecosystem functions and that a single function is a product of multiple
traits (Cardinale et al. 2012, Siwicka et al. 2019).
Our multivariate network analysis identified that different functions relating to sediment biogeochemistry
were explained by different combinations of trait clusters and environmental characteristics. The
observed importance of the macrofauna community to denitrification supports the findings of O’Meara
et al. (2020), who demonstrated that small, abundant tube building worms enhanced denitrification
rates. Denitrification is an important function provided by estuarine ecosystems. It maintains ecosystem
health by removing harmful excess of nitrogen (Barbier et al. 2011, Thrush et al. 2013). Macrofaunal
communities, through their functional traits, such as mobility, feeding mode, sediment particle
movement and creation of sediment structures affect microbial processes influencing denitrification
(Douglas et al. 2016, Vieillard et al. 2020). However, the major stressors, including terrestrial sediment
and nutrient run-off, cause significant changes to oxygen availability leading to eutrophication and mass
mortalities (Kennish 2002, Thrush et al. 2013), which alter both community composition and
environmental characteristics of the benthos. The multivariate network analysis also provides insights
into functional redundancy, i.e., the community’s ability to maintain functionality under changing
conditions (Walker 1992). By assessing the density of connections between species that formed trait
clusters (Figure 4.2) and clusters that underpin functions (Figure 4.3), we can determine weakly
connected components that are potentially more sensitive to environmental stressors. For example,
Siwicka et al. (2019) (Chapter 1) show that experimentally increased nitrogen levels induced changes
in the weakly connected clusters of the community network indicating that the community started to
homogenise with increasing nitrogen loading. Changes in the macrofaunal community from external
stressors (sediment and nutrients deposition) can forewarn changes in functionality and a loss in
multiple ecosystem services. The awareness of macrofaunal species' role in the performance of the
individual functions can help prioritise the protection or restoration of the functionally important species
in the management strategies to maintain overall ecosystem functionality. Our results show that %mud
was the strongest predictor of functions among environmental characteristics, working to decrease
functionality. Increasing sedimentation rates have major impacts on macrofaunal communities and can
alter species behaviour, change distribution and densities and even cause localised extinction (Thrush
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et al. 2004). This analysis provides insights into how multifunctionality is affected and the trade-offs in
services that can arise from events or long-term changes in environmental conditions.
(iv)

Expanding the range of methods for studying ecosystem multifunctionality

The multivariate network analysis offers a holistic assessment that covers a broad range of
multifunctional relationships. Contrary to other published multifunctionality approaches, our framework
does not aim to represent multifunctionality as a simple index (Byrnes et al. 2014, Bradford et al. 2014).
Aggregating multiple functions into an index is a common practice, with 84% of studies to date
presenting multifunctionality as a single metric (Hölting et al. 2019). While this procedure is convenient
when making direct comparisons within and between different studies (Byrnes et al. 2014), we argue
that the multivariate and complex nature of ecosystem relationships requires better insight into
individual connections. As demonstrated in our study, the network analysis emphasises that an act of
understanding multifunctionality in real-world ecosystems is an art of balancing our pursuit of simplicity
while recognising and embracing ecosystem complexity.
4.6. Conclusion
Our study tested a multivariate network analysis on a highly heterogeneous and multifunctional
ecosystem. Our framework goes beyond the commonly used species-based measures and
encompasses functional traits as well as environmental characteristics to assess multifunctionality. The
network analysis enabled studying multifunctional relationships in a holistic and transparent way while
simultaneously containing a high level of ecological details that underpin individual functions. This broad
and detailed way of presenting multifunctionality allows us to understand complex environmental
systems better. Understanding ecosystem multifunctionality is a foundation to effective safeguarding of
ecosystem functioning in the face of escalating environmental change and biodiversity loss.
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General discussion
5.1. Summary of the main findings and synthesis
Escalating rates of biodiversity and ecosystem service loss and a failure to achieve global biodiversity
targets (Secretariat of the Convention on Biological Diversity 2018) demonstrates that our current
perception of the relationships between nature and people and their subsequent management needs
improving (IPBES 2019). Specifically, the way we currently conceptualise, study and manage socioecological systems requires revisiting (Moon and Blackman 2014). One of the major gaps in research
links to the shortage of studies that address complexity in multifunctionality analysis (Byrnes et al.
2014). To safeguard biodiversity, maintain ecosystem functionality, and secure a continuous flow of
ecosystem services to humanity, the links between biodiversity, functions and ecosystem services need
to be better understood (Cardinale et al. 2012). Nevertheless, most studies to date focus on studying
individual relationships and overlook ecosystem complexity, while the analysis is often constrained to
representing complex interactions as an index (Figure 5.1B) (Mouillot et al. 2011, Bradford et al. 2014).
For example, previous studies commonly looked at the multifunctional relationships based on species
richness (Dooley et al. 2015). Such practice leads to a significant loss in information and limits our ability
to develop a good understanding of how real-world ecosystems work. The lack of knowledge about
ecological details underpinning ecosystem multifunctionality and its complexity is a blindfold to
management action and is reflected in a shortfall in meeting biodiversity targets (Carpenter et al. 2006).
My thesis aims to raise awareness of the importance of incorporating the complexity of multifunctionality
relationships and to show how multifunctionality can be effectively assessed holistically and
transparently (Figure 5.1A). Different chapters of this thesis introduced a series of conceptual
frameworks and network-based methods that allowed studying various elements of multifunctional
relationships (Figure 5.1C and Table 5.1). All of the methods were tested on a real-world complex
system, namely the intertidal sandflats of Kaipara Harbour and Whangateau Harbour, New Zealand.
Chapter 1, ‘Linking changes in species–trait relationships and ecosystem function using a network
analysis of traits’ (Published in Ecological Applications), presented a novel method of recognising
changes in functional diversity patterns from the experimental disturbance (Figure 5.1C). The results
from Network Analysis of Traits (NAT) indicate that increasing nitrogen levels from medium (150 g N/m2)
to high (600 g N/m2) caused changes to the species-traits network structure and merging of functional
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clusters signifying the loss of functional diversity. NAT detected varying levels of redundancy within
different trait clusters. The cluster dominated by Annelida had higher redundancy and remained intact
from increased nitrogen levels. The other two clusters dominated by Crustacea and Mollusca contained
less redundancy and were prone to change, i.e., these clusters have merged, indicating first signs of
functional homogenisation from added stress. This chapter's results emphasise that changes in the
network structure in the ecological community can be a sign of significant changes to ecosystem
functioning. This insight led to the development of the Bayesian Belief Multifunctionality Framework,
presented in Chapter 2, ‘Advancing approaches for understanding the nature-people link’ (Accepted in
Ecological Complexity). BN Multifunctionality Framework allows studying the relationships between
species and their functional traits, functions and nature’s contributions to people and changes between
these relationships under different ecological scenarios (Figure 5.1C). A combination of knowledge
sources, including empirical data and expert knowledge, was utilised to create the BN model.
Maximising individual functions to a trait set showed varying redundancy between functions, e.g., the
lowest redundancy was recorded for the functions denitrification and secondary production. The
framework identified both positive and negative effects of maximising one function to a trait set on other
functions, e.g., a trait set that maximised sediment stability also supported high level of secondary
production. The results also demonstrate that increasing macrofaunal species density positively
influences the provision of functions and nature’s contributions to people. The last Chapter 3, ‘Beyond
the single index: Investigating ecological mechanisms underpinning ecosystem multifunctionality with
network analysis’ (Submitted in Functional Ecology), develops Multivariate Network Analysis that
expands on the complexity in multiple functions assessment and reveals how different trait clusters and
environmental characteristics contribute to multiple functions. The method was tested on the
heterogeneous and dynamic ecosystem, Whangateau intertidal sandflat. The results showed a higher
explanatory role of trait clusters compared to environmental characteristics. The highest significance of
macrofauna trait clusters and environmental characteristics was noted for functions that relate to the
sediment biogeochemistry, i.e., nutrients and oxygen regulation; and standing stock of primary
producers. Among trait clusters, small mobile top 2 cm dwellers, then tube forming worms, deepdwelling worms and suspension feeders were most highly significant in explaining functions. Among
environmental characteristics, %mud was the most important functions predictor.
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Table 5.1. Chapter summary highlighting the methods and the main insights these methods provide.
Chapter
1.

Method

Linking changes in species–trait
relationships and ecosystem function

Network Analysis of Traits

using a network analysis of traits.

2.

Advancing approaches for understanding
the nature-people link.

Delivers insights into:
-

Functional diversity;

-

Changes in the community
composition;

-

Redundancy patterns.

-

Functional redundancy;

-

Functional synergies and trade-

Bayesian Belief

offs;

Multifunctionality

-

Scenario testing;

Framework

-

Links between species, traits,
functions and nature’s
contributions to people.

3.

Beyond the single index: Investigating

Network architecture of
ecosystem multifunctionality

ecological mechanisms underpinning

Multivariate Network

ecosystem multifunctionality with network

Analysis

analysis.

relationships;
-

Individual connections between
traits clusters, environmental
characteristics and functions.
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Figure 5.1. (A) Multifunctionality conceptual framework used in this thesis (see Introduction Figure 1
caption for diagram details), (B) Information loss from studying single connections, (C) Parts of the
diagram covered by the methods developed in this PhD thesis.
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5.2. The role of my thesis in bridging the knowledge gaps in socio-ecological research
5.2.1.

Understanding ecological complexity as a foundation for future studies

An interest in understanding ecosystem multifunctionality and complexity of ecological relationships that
underpin function provision is growing (Balvanera et al. 2006, Cardinale et al. 2012, Mulder et al. 2015).
So is the need for new frameworks that will provide insights into socio-ecological systems, ecosystem
multifunctionality and its complex nature (Snelgrove et al. 2014, Salpeteur et al. 2017). This thesis
contributed to enhancing our understanding of the complexity surrounding ecosystem multifunctionality.
Each chapter of this thesis showed how the assessment of multiple functions can be performed using
multiple ecosystem components, including species, traits and environmental characteristics. The
frameworks developed in this thesis aimed to maximise ecological complexity while keeping multiple
connections clear and transparent. Specifically, the detailed knowledge of mechanisms within
fundamental ecology that underpins ecosystem multifunctionality is useful in assessing ecosystem
degradation and biodiversity loss in the context of people’s wellbeing (Hooper et al. 2005, Cardinale et
al. 2012, Christie et al. 2019).
An effective way of assessing the significance of ecosystem services to people’s wellbeing is valuation
(Costanza et al. 2017). Valuation is a process of eliciting values that often involves revealing one’s
preferences based on the norms and beliefs that draw on an individual’s judgement and actions (Farber
et al. 2002). Ecosystem service valuation is focused on showing the significance of ecosystem services
to people’s wellbeing, usually based on the assessments of trade-offs (Costanza et al. 2017). A good
understanding of ecology underpinning ecosystem services increases the informativeness of trade-offs
analysis, allowing us to construct opinions and make choices accordingly. Insufficient knowledge of
ecological mechanisms underpinning functions and services undermines our ability to make informed
choices leading to inaccurate outcomes from the valuation exercise. For example, one of the most
iconic examples humanity witnessed in the last few years was a realisation of the destructive influence
of plastics on the environment (UNEP, 2016). Plastics have been around for decades, and despite the
common knowledge of how long it remains in the environment, its use has been growing. Only recently
have we realised the scale of the impact of plastics (Keller and Wyles 2021), e.g., its contribution to
wildlife mortalities (Pierce et al. 2004), entering the food chain (Ajith et al. 2021) or plastics effect on
ecosystem functions (Ladewig et al. 2021). The knowledge of the complexity of ecological networks
affected by plastics started a worldwide movement with many countries introducing bans on selected
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single-use plastics (SUPs) (e.g., straws, plastic bags) (Schnurr et al. 2018). Consumers began making
more conscious choices, with many switching to plastic-free alternatives. For example, the
successfulness of SUP bag interventions to help reducing SUP marine pollution range between 33 and
96% reduction in bag use (Schnurr et al. 2018). Such change in people’s behaviour wouldn't have been
possible without the knowledge of ecological complexity underpinning the plastic problem. Greater
awareness of ecosystem complexity contributes to creating new values towards ecosystem services
(cultural services in particular) and shaping a change in behaviour towards the environment.
The notion of ecosystem service valuation is a rapidly growing field (de Groot et al. 2012) that boomed
after publishing ‘The value of the world's ecosystem services and natural capital’ (Costanza et al. 1997).
This article was fundamental in starting the new era of research dedicated to studying nature-people
relationships from a socio-economic perspective. Since then, many different ecosystem service
valuation techniques have been developed (see chapter 5 of TEEB 2010 for the review of valuation
methods) to capture many different types of values (see examples of value types in Jones-Walters and
Mulder 2009, and Raymond and Kenter 2016). Despite the over two decades of ecosystem service
valuation, the ecology that underpins ecosystem services, i.e., the links between species, their
functional traits and multifunctionality, is still not well-understood (Cardinale et al. 2012, Birkhofer et al.
2015, Teixeira et al. 2019) and the potential of valuation techniques to providing a realistic picture of
nature-people connections is limited (Turner et al. 2003, Cardinale et al. 2012, Snelgrove et al. 2014).
For example, estuaries provide habitat services to many marine organisms by supporting nursery
grounds for juvenile organisms, refugia from predators and feeding sites (Beck et al. 2001, Thrush et
al. 2013). The lack of understanding of the functional complexity can result in a superficial assessment
of values and undermined importance of estuarine ecosystems in decision-making (Sheaves et al.
2015, Nagelkerken et al. 2015). Improving our understanding of the interplay between social and
ecological systems is critical in enhancing the ecosystem service governance (Carpenter et al. 2009,
Townsend et al. 2011, Rivero and Villasante 2016). The methods developed in this thesis provide
valuable insights into ecosystem service ecology and can be applied as a foundation for future
ecosystem service valuation studies. In particular, the BN Multifunctionality Framework links species
and their traits with functions and nature’s contributions to people, which enables scenario testing and
reveals trade-offs. This knowledge will help achieve more accurate estimates of nature’s contributions
to people’s wellbeing and shape the true values people have towards ecology.
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5.2.2.

Network approaches increase our understanding of the multifunctionality of socio-ecological
systems

The frameworks developed in this thesis, Network Analysis of Traits, Bayesian Belief Multifunctionality
Framework and Multivariate Network Analysis, apply network theory to present complex multifunctional
relationships transparently. The network transparency in showing ecosystem multifunctionality
connections provide a mechanistic understanding of how natural ecosystems work and can deliver
valuable insight into the interplay between socio-ecological realms (Bohan et al. 2016, Dee et al. 2017).
Therefore, transparent network structures can reduce complexity-driven uncertainty inherent to
environmental decision-making (Uusitalo et al. 2015, Smith et al. 2016). In the context of marine
systems, uncertainty results from the complexity of marine socio-ecological relationships and data
scarcity (Townsend et al. 2018, Gladstone-Gallagher et al. 2019). The lack of sufficient understanding
of ecological mechanisms can cause paralysis in the decision-making process and delayed response
to environmental degradation (Gladstone-Gallagher et al. 2019). For example, tipping points that
manifest as surprises and can cause abrupt and radical changes to ecosystem functionality (Scheffer
et al. 2001) are a real threat to New Zealand coastal ecosystems and are extremely difficult to predict
(Thrush et al. 2016, Thrush et al. 2020). Management decisions, however, have to be made using
currently available resources to prevent tipping points (Gladstone-Gallagher et al. 2019). Networks are
a readily available tool that provides a structured way of presenting currently available knowledge. They
can provide new insights into mechanistic underpinnings of socio-ecological relationships contributing
to lower uncertainty and thus more informed decisions (Milner-Gulland and Shea 2017).
The network tools developed in this thesis performed successfully in minimising the amount of
information loss. Unlike univariate indices, the methods that I developed show the reader a broad
picture of how the ecosystem works while each connection can be studied individually (Figure 5.1A).
The ability of these methods to show a holistic and detailed image simultaneously is a powerful asset
that can improve the way we understand complex multifunctional systems. For example, in Chapter 1,
I developed the Network Analysis of Traits (NAT) to show how the macrobenthic community responds
to an increasing experimental nitrogen level. The results demonstrated changing network architecture
signifying the loss in functional diversity and first signs of community homogenisation. The analysis of
trait distances quantified changes in clusters trait composition by looking at changes in within-trait
species abundances for each trait. Network analysis allowed us to see what are the exact changes in
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species and trait composition that drive the changes in the whole community network structure. Such
detailed analysis of ecological mechanistic underpinnings of environmental changes can specifically
benefit the science of tipping points as often the subtle effects (e.g., multiple weak network interactions)
carry large consequences for ecosystem dynamics (Hewitt and Thrush 2019)
In relation to ecosystem service assessment, network tools presented in this thesis could help to resolve
an issue of ‘double-counting’ (Fu et al. 2011). In the environmental context, double-counting occurs
when a single component of an ecosystem is unknowingly counted twice. Specifically, such error affects
ecosystem service valuation and can lead to inaccurate estimation of values (Turner et al. 2003, Hein
et al. 2006, Boyd and Banzhaf 2007). For example, in the Chapter 2 of my thesis, the BN
Multifunctionality Framework demonstrated that coastal water quality regulation is influenced by metal
sequestration, and the macrofaunal community regulates metal sequestration. Therefore, in the total
value assessment, simply adding up the individual value of coastal water quality regulation, metal
sequestration, and the value of biodiversity will cause double-counting. Cultural services are particularly
affected by the double-counting issue as often their source is in the provisioning services (e.g.,
collecting shellfish as a traditional ritual) (Small et al. 2017). One of the key reasons behind doublecounting is our poor understanding of ecosystem complexity (Fu et al. 2011). Only by disentangling
these multifunctionality relationships, using the networks such as presented in this thesis, can we
improve our knowledge of multiple ecological connections and reduce the risk of double-counting.
5.2.3.

Multifunctionality beyond fundamental ecology

The presence of multifunctionality in different aspects of nature-people relationships is beyond a
shadow of a doubt. Embedding multifunctionality in socio-ecological research can help us understand
how natural, real-world complex ecosystems operate (Manning et al. 2018). In this PhD thesis, I showed
the importance of multiple ecological aspects (species of different trait assemblages and environmental
characteristics) in assessing ecosystem multifunctionality. Similarly, multiple ecosystem functions
contribute to people’s wellbeing in a variety of ways (Díaz et al. 2018). The most widely used
classification proposed by the Millennium Ecosystem Assessment offered a straightforward way of
conceptualising nature’s benefits by assigning them into clearly defined categories: provisioning,
regulating, cultural and supporting services (Figure 5.2A) (MEA 2005). This advocates a simplistic way
of understanding the nature-people link. In reality, most of nature’s benefits are ‘multifunctional’, i.e.,
they can contribute to people’s wellbeing in many ways (Arias-Arevalo et al. 2018, Christie et al. 2019).
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Values plurality prompted the development of a novel framework of nature’s contributions to people
(NCPs) (Díaz et al. 2018, IPBES 2019). NCPs are described in terms of their material, non-material and
regulating contributions to instrumental and relational life qualities while most of them straddle between
these categories (Figure 5.2B) (Pascual et al. 2017, Christie et al. 2019). Advancement of relational
values that include feelings such as a sense of place, identity, symbolic values and sacredness as well
as embedding indigenous and local knowledge in ecosystems assessments are key qualities of the
NCPs approach (Christie et al. 2019, Kadykalo et al. 2019). An application of the NCPs framework,
therefore, allows for a more holistic and multidirectional understanding of the nature-people
relationships compared to the ecosystem service approach that has been largely concentrated on
assessing instrumental values (Arias-Arevalo et al. 2018). While studying multiple values from multiple
ecosystem functions was beyond the scope of my PhD, the adaptation of an integrative approach of
multifunctionality that strives to maximise plurality of connections and ecosystem complexity is
consistent with the NCPs philosophy (Díaz et al. 2018, IPBES 2019). Future studies can expand on the
ideas and methodologies that I developed in my thesis and apply new multifunctionality frameworks to
look at the links between values and NCPs and how environmental change affects these multifunctional
connections. Unmet biodiversity targets and environmental degradation from unsustainable
management practices are the global issues that can be prevented if we better understand the
multidirectional consequences of changing ecosystems (Mace et al. 2012, Cardinale et al. 2012, Mulder
et al. 2015). Broadening the scope of understanding of nature-people relationships from narrow and
categorical (Figure 5.1B) to holistic and diverse (Figure 5.1A) allows for capturing a broader picture and
ultimately increasing the chance of successful management (Smith et al. 2016, Peterson et al. 2018).
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Figure 5.2. Different approaches of conceptualisation of the nature-people link: (A) Ecosystem services
classification adapted from Millennium Ecosystem Assessment (2005), (B) Nature’s contributions to
people classification adapted from IPBES (2019).
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5.3. Limitations
In the multiple functions assessment performed in Chapter 3, the explanatory variables that explain
functions, including trait clusters and environmental characteristics, did not explain near 100% of
variability of functions. Although functions, traits and environmental characteristics varied between
study sited and explained 81.1%, 84.1% and 93.7% variability respectively, the limited role of trait
clusters and environmental characteristics in explaining functions suggests that other factors that were
not measured are important. Another reason behind the low explanatory role of these variables could
be linked to a sample size that did not sufficiently represent high levels of variability found in the studies
system. Other studies encountered a similar issue when assessing functions in soft sediments (Villnäs
et al. 2013, Schenone and Thrush 2020). Despite the low % of variability explained, my results still
provide insightful messages to the nature of multifunctional relationships. Specifically, in Chapter 3, I
demonstrated a more significant role of trait clusters than environmental characteristics and the relative
importance of variables in explaining multiple functions.
The goal of this thesis was to maximise the level of environmental complexity in multifunctionality
assessments. Nevertheless, due to methodological constraints of the Bayesian Belief Networks applied
in Chapter 2, only the key connections that drive functions identified by the experts were used to
populate the model. Bayesian Belief Networks require manually filling the conditional probability tables
(Chen and Pollino 2012, Landuyt et al. 2013). This process is time-consuming and gets more
complicated with more parameters being considered to the point when it gets beyond human’s ability
to process (Kokkonen et al. 2005, Shaw et al. 2016). Therefore, the connections between traits and
functions in Chapter 2 are limited to the maximum level of complexity that experts could handle.
The goal of this thesis was also to maximise the number of functions considered in the assessment of
multifunctionality. Although functions considered in different chapters of this thesis are the key functions
that describe biogeochemistry and the importance of ecosystem functioning, not all the functions that
soft sediments perform were measured. For example, the role of the sandflats as a nursery habitat was
beyond the scope of this study. Nevertheless, this thesis's insights into the multifunctionality of the
relationships within biogeochemistry of intertidal sandflats are a big step towards increasing our
understanding of sandflats ecology and more effective management of its multifunctional dynamics that
are currently at risk of decline.
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5.4. Directions for future research
Understanding ecology that underpins ecosystem functionality plays a fundamental role in ecosystem
management and decision-making (Hooper et al. 2005). The development of new methodologies that
allow accommodating more complexity than traditional methods could offer a way of enhancing our
understanding of how natural ecosystems work (Norris 2012, Snelgrove et al. 2014). Artificial
Intelligence and Deep Learning are emerging methods in marine science (Malde et al. 2020) that have
the potential to better deal with limitations of current approaches, such as consideration of a higher
volume of ecological scenarios (Green et al. 2005, Malde et al. 2020), detection non-linearities (Hervet
and Lecomte 2018, Malde et al. 2020), feedback loops and interactions (Olden et al. 2008), detection
of clusters and performing classifications from multi-dimensional datasets (Olden et al. 2008).

Therefore, deep learning methods could enhance the current predictions of changes in functionality
subject to human-induced pressures (Thessen 2016). Coastal ecosystems and their functionality are
threatened by an increased terrestrial sediment and nitrogen deposition (Thrush et al. 2004, Barbier et
al. 2011). Fine particles (silt and clay) increase the muddiness of coastal ecosystems, while an excess
of nutrients reduces oxygen availability affecting sediment biogeochemistry and functions provision
(Kennish 2002, Thrush et al. 2013). Tipping points, i.e., the functional thresholds when ecosystem
changes to a different regime and change its current functionality (Scheffer et al. 2001, Thrush et al.
2016), are a real threat to NZ coastal ecosystems (Hewitt and Thrush 2019). Predicting tipping points
remains a grand challenge in ecological research (Thrush et al. 2020). An application of AI and deep
learning techniques could help better understand the impact of cumulative stressors on coastal systems'
ecology and identification of functional thresholds. Such knowledge will benefit land managers and
decision-makers, allowing them to reassess and adjust current management strategies to prevent
tipping points. However, the development of deep learning algorithms is a non-trivial task and the main
difficulty is the data requirements (Malde et al. 2020). Effectively working algorithms require a large
dataset. The dataset collected as a part of this thesis was limited to 49 individual measurements of
functions and this was not enough to proceed with the deep learning approach. I, therefore, recommend
that future research should explore this research avenue. An interdisciplinary approach consisting of
computer sciences, AI and deep learning, and socio-ecological research has the potential to initiate
revolutionary solutions that can optimise the way we manage natural ecosystems (Green et al. 2005,
Beyan and Browman 2020). Nevertheless, complex mathematical algorithms can be a black box
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(Bathaee 2018), thus any new advancement to assessing ecosystem multifunctionality should not be
considered as a replacement of traditional research. Understanding the complexity of fundamental
ecology and links within socio-ecological systems will always remain a foundation for defining people’s
relationship with nature.
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Appendix A: Supplementary materials for Chapter 1. Linking
changes in species-trait relationships and ecosystem function
using a network analysis of traits (NAT).
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Appendix A: Table 1. A mechanism underlying a measure of trait differences (TD)
Task

Mathematical expression

Clusters B, B’, B’’ and C, C’, C’’ represent the sum of their individual
traits t1,2…31

∑𝑡1 + ∑𝑡2 … + ∑𝑡31 => 𝐵
∑𝑡1 + ∑𝑡2 … + ∑𝑡31 => 𝐵′
∑𝑡1 + ∑𝑡2 … + ∑𝑡31 => 𝐵′′
∑𝑡1 + ∑𝑡2 … + ∑𝑡31 => 𝐶
∑𝑡1 + ∑𝑡2 … + ∑𝑡31 => 𝐶′
∑𝑡1 + ∑𝑡2 … + ∑𝑡31 => 𝐶′′
𝑥 = |𝐵 − 𝐶|

The trait distances (x,y,z) are esimated by calculating a difference
between clusters of interest for every individual trait

𝑦 = |𝐵′ − 𝐶 ′ |
z = |B ′′ − C ′′ |
−(𝑥 − 𝑦); 𝑜𝑛𝑙𝑦 𝑖𝑓 𝑥 > 𝑦
𝑇𝐷1 = {
(𝑦 − 𝑥); 𝑜𝑛𝑙𝑦 𝑖𝑓 𝑥 < 𝑦

Changes in the relative trait distances (TD) are calculated between
control-medium (0g Nm-2 – 150g Nm-2) (TD1) and medium-high (150g
Nm-2 – 600g Nm-2) (TD2) experimental treatment

𝑇𝐷2 = {

−(𝑦 − 𝑧); 𝑜𝑛𝑙𝑦 𝑖𝑓 𝑦 > 𝑧
(𝑧 − 𝑦); 𝑜𝑛𝑙𝑦 𝑖𝑓 𝑦 < 𝑧
∑𝑇𝐷1

TD1 and TD2 were aggregared to show the difference in functional trait
diversity

∑𝑇𝐷2
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Appendix A: Table 2. Functional clusters characteristics
Functional

Color

cluster ID
A, A’, A’’

B, B’

C, C’

D

Dominant

Dominant taxonomy class

Trait type

Dominnat trait

Example of species

Polychaeta

Particle movement

Depth to surface

Macroclymenella stewartensis

Location in the sediment

Top 2 cm or deep

Aonides trifida

Mobility

Motile

Body shape

Worm-like

Body hardness

Softbodied

Particle movement

Surface to surface

Cirolanidae

Location in the sediment

Top 2 cm

Exosphaeroma planulum

Mobility

Motile

Lysianassidae

Body shape

Streamlined

Body hardness

Rigid

Particle movement

Surface to surface

Macomona liliana

Mobility

Motile

Theora lubrica

Body shape

Round or globulose

Eatoniella sp

Body hardness

Calified

sort group
Blue

Purple

Pink

Yellow

Annelida

Crustacea

Mollusca

Peracarida

Gastropoda Bivalvia

Crustacea

Peracarida

Particle movement

Surface to surface

Austrovenus stutchburyi

Mollusca

Gastropoda Bivalvia

Location in the sediment

Top 2 cm

Torridoharpinia hurleyi

Mobility

Motile

Waitangi brevirostris

Body shape

Round or globulose
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Surface to depth

Depth to surface

Surface to surface

Depth to depth

Suspension

Deposit

Predator

Scavenger

Grazer

Surface epifauna

Attached

Top 2 cm

Deep

Permanent burrow

Simple hole or pit

Tube structure

Mound

Trough

Trampling

Sedorlim

Motile

Small

Medium

Large

Worm-like

Streamlined

Round or globulose

Softbodied

Rigid

Calified

Deep and large

Appendix A: Table 3. Trait distances analysis

B

4

3

20

1

3

10

9

14

4

1

0

20

10

6

2

0

3

0

0

0

20

6

12

5

0

17

2

0

19

0

4

C

5

3

28

1

13

15

11

13

9

15

5

14

3

0

9

0

2

14

3

13

19

11

14

13

0

0

32

2

4

26

2

B’

3

3

19

1

3

11

7

12

4

1

0

18

9

5

3

0

3

0

0

0

18

7

10

5

0

16

2

0

18

0

4

C’

5

4

29

1

11

14

10

15

10

15

4

16

3

0

11

0

1

14

2

13

19

11

13

14

0

0

32

2

4

26

2

B’’

2

2

19

1

2

12

7

12

4

1

0

19

8

4

4

0

2

0

0

0

19

7

10

5

0

16

2

0

18

0

4

C’’

3

3

28

0

9

12

11

14

10

16

5

14

1

0

7

0

2

15

3

12

19

9

12

15

0

0

31

3

4

24

1

CONTROL
Absolute trait distance between B&C
x

1

0

8

0

10

5

2

1

5

14

5

6

7

6

7

0

1

14

3

13

1

5

2

8

0

17

30

2

15

26

2

MEDIUM
Absolute trait distance between B’&C’
y

2

1

10

0

8

3

3

3

6

14

4

2

6

5

8

0

2

14

2

13

1

4

3

9

0

16

30

2

14

26

2

CONTROL -MEDIUM
Direction of change in dictance

↑

↑

↑

-

↓

↓

↑

↑

↑

-

↓

↓

↓

↓

↑

-

↑

-

↓

-

-

↓

↑

↑

-

↓

-

-

↓

-

-

Strength of change in distance
TD1

+
1

+1

+2

-

-2

-2

+1

+2

+1

-

-1

-4

-1

-1

+1

-

+1

-

-1

-

-

-1

+1

+1

-

-1

-

-

-1

-

-

HIGH
Absolute trait distance between B’’&C’’
z

1

1

9

1

7

0

4

2

6

15

5

5

7

4

3

0

0

15

3

12

0

2

2

10

0

16

29

3

14

24

3

MEDIUM-HIGH
Direction of change in dictance

↓

-

↓

↑

↓

↓

↑

↓

-

↑

↑

↑

↑

↓

↓

-

↓

↑

↑

↓

↓

↓

↓

↑

-

-

↓

↑

-

↓

↑

Strength of change in distance
TD2

1

-

-1

+1

-1

-3

+1

-1

-

+1

+1

+3

+1

-1

-5

-

-2

+1

+1

-1

-1

-2

-1

+1

-

-

-1

+1

-

-2

+1
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Appendix A: Figure 1. Network Analysis of Traits (NAT). Species –trait co-occurrence analysis and ENA: a) conceptual model, b) JC species-trait cooccurrence and ENA model, c) modularity clusters connectivity, d) ENA in different stages
a)

Species A and C co-occur within the trait space (share one trait) whereas
species D and E do not co-occur (no traits in common).

b)

The letters represent the species, whereas the dots with their different
colors represent the traits. The link joins the species that co-occur within a
trait space (e.g., species A co-occurs with species B, C and D, but does
not co-occur with species E). The thickness of the link and the value (e.g.,
0.33) stands for the strength co-occurrence determined by the Jaccard’s
coefficient (JC). As examples, species A and B have a high level of cooccurrence within the trait space (they share one trait), whereas species C
and E have a low level of co-occurrence as they share one trait from the
pool of three different traits.
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c)

A model showing the difference in the level of connectivity within and
between modularity clusters.

d)

Different stages of ENA: (a) the network in its raw format, (b) FR(a)

(b)

(c)

transformed network, (c) modulatity analysis of network clusters (d) final
network (with abundance data).

(d)
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Appendix A: Figure 2. Model showing a rationale underlying trait distance analysis. E.g., cluster B has 14 species of the blue-dotted trait, whereas cluster C
has 19 species having the blue-dotted trait. The TD between them is five
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Appendix B: Supplementary materials for Chapter 2.
Advancing approaches for understanding the nature-people
link.
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Appendix B Box 1. Key definitions related to the concept of nature’s contributions to people and
values
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Appendix B: Table 1A. Expert knowledge elicitation - ecological principles behind functions

Secondary production
Body hardness

Location in
sediment

Size
Species density

The size determines the ability of larger organisms to consume macrofaunal organisms, e.g., large
bivalves can be too big to be consumed.
The higher the species density the more secondary production.
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Metal sequestration
Particle movement

Structure

Size
Species density

The bigger the size the more metal sequestration.
The higher the species density the more metal sequestration.

120

Denitrification
Particle movement

Structure

Location in
sediment

121

Feeding mode

Size
Species density

The bigger the size the more denitrification.
The higher the species density the more denitrification.

122

N-release
Particle movement

Location in
sediment

Mobility
Size
Density

N-release is mainly driven by the particle movement (surface to depth, depth to surface) and
location in sediment (top 2cm). The density, mobility and size are secondary nodes. If particle
movement and location in the sediment does not meet these conditions, the density, size and
mobility do not affect N-release.

123

Sediment stability
Structure

Primary production

Mobility

Size
Density

Sediment stability is mainly driven by the presence of tubes and primary production that seals the
sediment. Bigger size and higher density will have a high chance of high sediment stability in
presence of tubes and a high chance of low sediment stability in presence of other sediment
structures.

124

Primary production
N-release

Feeding mode

Species density

The higher the species density (grazers) the less primary production.

125

Sediment formation
Body hardness

Size
Species density

The bigger the size of calcified species the more sediment formation.
The higher the density of calcified species the more sediment formation.
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Appendix B: Table 1B. Expert knowledge elicitation - principles underpinning NCPs.

Nature contributions to people (NCPs)

NCP

1. Supporting
identities

Functions that NCPs depend
on

Weight

Definition from Díaz et al. (2018)

Relationship description

Sediment formation

All equal

‘Landscapes, seascapes, habitats
or organisms being the basis for
religious, spiritual, and socialcohesion experiences:

Sandflats play an important role in supporting
identities of NZ local communities, including Māori,
that harvest marine species (shellfish, fish) as part of
their cultural heritage.

Primary production
Sediment stability

1. Satisfaction from
existence

N release
Denitrification

2. Basis for rituals

Metal Sequestration

2. Learning

Sediment formation
Primary production
Sediment stability
N release
Denitrification
Metal Sequestration

3. Sense of belonging’
All equal

‘Provision, by landscapes,
seascapes, habitats or organisms,
of opportunities for the
development of the capabilities
that allow humans to prosper
through education, acquisition of
knowledge and development of
skills for well-being, information,
and inspiration for art and
technological design (e.g.,
biomimicry).’
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Similar to physical and psychological experience,
this NCP had equal weight to all contributing
functions because of the diversity of aspects that
local communities treasure (physical and
sensational with strong cultural/ heritage meaning).
We learn from every aspect of ecosystems and the
opportunity to learn occurs regardless of the level of
performance of functions.

3. Habitat
creation

Sediment formation
Primary production

Physical habitat
weighted higher than
the biogeochemistry

Sediment stability
N release
Denitrification

‘The formation and continued
production, by ecosystems or
organisms within them, of
ecological conditions necessary
or favorable for living beings of
direct or indirect importance to
humans.’

Evolutionary justification/ diffusion into the sediment
– animals radically influence the appearance of
estuaries by introducing diverse structures and
providing organic matter that forms sediment (sand).

‘Provision, by landscapes,
seascapes, habitats or organisms,
of opportunities for physically and
psychologically beneficial
activities, healing, relaxation,
recreation, leisure, tourism and
aesthetic enjoyment based on the
close contact with nature (e.g.,
hiking, recreational hunting and
fishing, birdwatching, snorkelling,
diving, gardening).’

Range of recreational activities (fishing, snorkelling,
walking, dog walking, shell collection, picnic).

‘Production of food from wild,
managed, or domesticated
organisms, such as fish, bushmeat
and edible invertebrates, beef,
poultry, game, dairy products, edible
crops, wild plants, mushrooms,
honey.’

The primary source of food provided by the
estuarine ecosystems is fish (e.g., snapper) that
feed on macrofaunal organisms.

‘Production of materials derived
from organisms in cultivated or
wild ecosystems, for construction,

Shells for ornaments, handcrafts, jewellery,
decorations.

People interaction focuses on the enjoyment of
physical structures.

Metal Sequestration
4. Physical and
psychological
experience

Sediment formation

All equal

Primary production
Sediment stability
N release
Denitrification
Metal Sequestration

5. Food and
feed

6. Materials

Secondary production
Species

Sediment formation

Secondary production
weighted higher than
individual species

n/a
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Sensational experience (smell, sense of open
space, landscape, relaxation, close contact with
nature).

Some species, such as Austrovenus stutchburyi and
Paphies australis can be directly collected from the
sandflats by people.

clothing, printing, ornamental
purposes’

7. Formation/
protection of
sediments
(Erosion
control)

Sediment stability

8. Climate
regulation

Denitrification

Sediment formation

Primary productivity

Sediment stability
weighted higher than
sediment formation

‘Formation and long-term
maintenance of soil structure and
processes by plants and soil
organisms. Includes: physical
protection of soil and sediments
from erosion’

Sediment stability function (the presence of tubes)
prevent sediment from moving.

All equal

‘Climate regulation by ecosystems
(including regulation of global
warming) through:

Primary production has a positive effect on climate
regulation.

1. Positive or negative
effects on emissions of
greenhouse gases (e.g.,
biological carbon storage
and sequestration;
methane emissions from
wetlands)
2. Positive or negative
effects on biophysical
feedbacks from
vegetation cover to
atmosphere, such as
those involving albedo,
surface roughness, longwave radiation,
evapotranspiration
(including moisture-
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Sediment formation delivers sediment material.

Denitrification results in the reduction of nitrate to a
variety of gases (including NO, N2O, or N2). One of
these gases is nitrous oxide (N2O), a potent
greenhouse gas that can remain in the air for over
100 years.

recycling) and cloud
formation
3. Direct and indirect
processes involving
biogenic volatile organic
compounds (BVOC), and
regulation of aerosols and
aerosol precursors by
terrestrial plants and
phytoplankton‘
9. Regulation of
coastal water
quality

Denitrification
N-release
Metal sequestration

All equal

‘Regulation of the quality of water
through filtration of particles,
pathogens, excess nutrients, and
other chemicals by ecosystems or
particular organisms’

Primary production
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Denitrification and metal sequestration have a
positive effect on regulation of coastal water quality
by removing the excess of pollutants.
N-release and primary production in their medium
levels have a positive impact on coastal water
quality regulation as they provide essential nutrients
and oxygen for animals to thrive. High levels of both
over the long term can lead to eutrophication and
poor water quality.

Appendix B: Table 2. Ecosystem multifunctionality links. Linking traits & functions and functions &
NCPs
Trait categories important in
functions performance
Location in sediment
Body hardness
Size
Density
Particle movement
Sediment structure
Size
Density
Particle movement
Sediment structure
Location in sediment
Feeding mode
Size
Density
Particle movement
Location in sediment
Mobility
Size
Density
Primary production
Sediment structure
Mobility
Size
Density
N-release
Feeding mode
Density

Body hardness
Size
Density

Ecosystem
multifunctionality

Secondary production

Metal sequestration

Denitrification

N-release

Sediment stability

Primary production

Sediment formation
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Nature’s contributions to people
that depend on ecosystem functions
Food and feed
Supporting identities
Physical and psychological experience
Habitat creation
Learning
Supporting identities
Regulation of coastal water quality
Physical and psychological experience
Habitat creation
Learning
Supporting identities
Climate regulation
Regulation of coastal water quality
Physical and psychological experience
Habitat creation
Learning
Supporting identities
Regulation of coastal water quality
Physical and psychological experience
Habitat creation
Learning
Supporting identities
Physical and psychological experience
Habitat creation
Learning
Erosion control
Supporting identities
Climate regulation
Regulation of coastal water quality
Physical and psychological experience
Habitat creation
Learning
Supporting identities
Physical and psychological experience
Habitat creation
Learning
Materials
Erosion control

Appendix B: Table 3. BN Multifunctionality Framework Evaludation.
1. Evaludation steps
Evaludation
steps
Data evaluation

Definition from (Augusiak,
Van den Brink & Grimm
2014)
‘’Data evaluation’ is defined
as the critical assessment
of the quality of numerical
and qualitative data used to
parameterise the model
(…) data we here not only
refer to numerical data, as
in some data sheets or
spreadsheet tables, but
also qualitative data, i.e.,
expert knowledge for which
no hard numbers exist’

BN Multifunctionality Framework

1. Numerical data
Study design
Ecological in-situ data was used to build the model. Species data was
gathered during an extensive fieldwork campaign in Tapora Bank,
Kaipara Harbour, New Zealand. The site of an area of 300,000 m2 was
systematically surveyed to reflect natural macrofaunal patterns (Thrush
et al. 2017).
Species abundance
Species abundance was incorporated into the model and was used as
a weighting factor that ultimately affected all other modelled
relationships.
Fuzzy coding
113 species were characterised with their functional traits using a
commonly used technique of fuzzy coding (Chevene, Doleadec &
Chessel 1994).
2. Expert data
Experts diversity
Experts who participated in the model development were selected
based on their field of expertise. We selected experts that specialise in
different areas of marine/coastal ecology to assure diversity and limit
opinion bias.
Diversity of ways of knowledge elicitation
We used a format of a focus group as well as individual consultations
to increase diversity in ways how experts can share their knowledge
(e.g., an open discussion during the focus group and an interview
during the one-on-one consultations).

Conceptual
model
evaluation

‘Conceptual model
evaluation’ is defined as the
critical assessment of the
simplifying assumptions
underlying a model's
design. (…) Evaluating the
conceptual model means to
explicitly list, discuss, and
justify its most important
simplifying assumptions.
Typically, assumptions
include the choice of spatial
and temporal scales; the
choice of entities and
processes to be
represented in the model
(…).’

Delphi approach
We followed the Delphi approach (Macmillan & Marshall 2006) to
expert knowledge elicitation to keep the process structured and robust.
The BN Multifunctionality Framework relies on the principle of
ecological dependence of functions and NCPs on species and their
traits.
To assure transparency and clarity of data entities and the
relationships presented in the model (i.e., between functional traits and
functions, and between functions and NCPs) we present an extensive
graphical and verbal description of all modelled relationships in
Supplementary materials: S2. This document outlines all ecological
principles that play a key role in the functions and NCPs provision in
the context of New Zealand intertidal sandflats.
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Implementation
verification

Model output
verification

‘We define ‘implementation
verification’ as the critical
assessment of (1) whether
the computer code for
implementing the model
has been thoroughly tested
for programming errors and
(2) whether the
implemented model
performs as indicated by
the model description’
‘Model output verification’ is
defined as the critical
assessment of (1) how well
model output matches
observations and (2) to
what degree calibration and
effects of environmental
drivers were involved in
obtaining good fits of model
output and data.’

We used Bayesian Belief Networks (BNs) to establish and quantify the
relationships between species, functional traits, functions and NCPs.
BN is a probabilistic dependency tool that utilises the concept of
conditional probability (Krieg 2001).
As a modelling tool, we used an updated version of Netica Software
(Netica version 6.03 (Norsys Software Corp 1997)). Netica is an
established and thoroughly tested Bayesian Belief Network building
software. Bayesian Belief Networks supported by Netica have been
widely used in many scientific research domains including
environmental science (Uusitalo 2007; Aguilera et al. 2011; Chen &
Pollino 2012).
Model output vs observations
We used community data to model multiple ecosystem functions and
NCPs to show the complexity of the ecology underpinning functions
and NCPs (many traits underpin the provision of a function and many
functions underpin the provision of an NCP).
Likewise, in our result interpretation we highlight that the model output
only shows an exclusive effect of macrofaunal community on functions
and NCPs as observed in the case study of Kaipara harbour, New
Zealand and does not take into account any smaller than 500 μm
organisms.
Calibration
To accommodate ecosystem complexity in the BN Multifunctionality
Framework, the nodes were presented in a numerical, discrete or
semi-continuous format.
• Species data (richness and abundance) was applied in its
original numerical format as collected during an in-situ survey.
• For the functional trait nodes that were characterised by having
clearly defined states we used a discrete presentation format
(e.g., size: small, medium, large).
• The remaining node types: functions and NCPs required a
certain level of calibration. The functions were characterised in
terms of the probability of high, medium and low provision,
whereas NCPs were presented in semi-continuous data format
(i.e., varying % probability intervals, usually 10, 20 or 40%
increments depending on experts’ certainly or ecosystem
complexity that was beyond the scope of this model).

Relative vs absolute output
In our study, we primarily relied on the interpretation of the values in
relation to each other. Looking at the relative values allows for a better
understanding of ecosystem dynamics. We used the relative values to
demonstrate the scale of the effect of interest, i.e., varying functional
redundancy or changes in the NCPs levels between low and high
species density scenarios.
Model analysis

Model output
corroboration

‘We define ‘model analysis’
here as the assessment of
(1) how sensitive model
output is to changes in
model parameters
(sensitivity analysis) and (2)
how well the emergence of
model output has been
understood.’
‘Model output
corroboration’ is here

Sensitivity analysis
Sensitivity analysis allows for a better understanding of the model
output. We performed a sensitivity analysis for model outcome nodes
of a generic model to show how much the beliefs of the query node
(NCPs) would be influenced by a single finding at each of the other
nodes (functions). We used a feature ‘sensitivity to findings’ enabled in
Netica 6.03. We present the output from the sensitivity to findings
analysis in the next section of this document, Appendix B: Table 4.
Macrofauna as an ecosystem functioning indicator – Thrush et al.
(2017) demonstrate the importance of different biodiversity indicators
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defined as the comparison
of model predictions with
independent data and
patterns that were not
used, and preferably not
even known, while the
model was developed,
parameterised, and
verified.’

(FRic, FDiv, FEve, Rao’s Q, FDis) and habitat characteristics in predicting
changes to selected ecosystem functions. The findings confirm a key
role of macrofauna in influencing ecosystem functions, while changes
in macrofauna can induce changes to ecosystem functioning.
Size of macrofauna – Norkko et al. (2013) demonstrate that accounting
for body size provides important insights into the mechanisms
underpinning biodiversity effects on ecosystem function based on the
example of deep-burrowing bivalves in soft-sediment systems. Thrush
et al. (2006) show the importance of large suspension feeders or
deposit feeders in the performance of multiple ecosystem functions
including flux of nitrogen and oxygen, surficial sediment characteristics,
and community composition.
Secondary production & Food and feed – bivalves are major prey for
numerous predators including birds, fish and mammals as well as they
are a food resource for humans (Dame 1993). Their presence and
density positively influences secondary production function & food and
feed NCP.
Multifunctional role of bivalves – suspension feeding bivalves affect
phytoplankton populations, rates of nutrient regeneration and provide
an important source of food for higher trophic levels (Jones et al.
2011).
N cycling & pollutant removal – species that have been found to play
an important role in removing pollutants, such as heavy metals have
traits that also affect N cycling (Rullens et al. 2019).
Macrofauna & denitrification – macrofaunal activity is known to
enhance denitrification as a result of particle reworking and burrowing,
ventilation and bioirrigation in soft sediment marine systems (Bonaglia
et al. 2014)
Secondary production & sediment stability – animals with a calcium
carbonate shell (e.g., bivalves and snails) play a key role in sediment
generation. These species are often a key part of larger animals’ diet
(e.g., seabirds, stingrays, fish). Therefore, macrofaunal species that
become prey will contribute through their shells turning to shell hash
providing more stable sediment than fine particles (Thrush et al. 2013).
The density of organisms & functions performance – Kauppi et al.
(2018) demonstrate the importance of investigating species density in
relation to ecosystem functions provision. The authors show an
increasing density of invasive polychaete worm in soft sediment
systems increased bioturbation. Species density also has been
associated with increased nutrient generation (Ieno et al. 2006) and
changes to the balance of ammonium to silicate efflux in case of
Macamona balthica varying densities (Marinelli & Williams 2003).
Polychaete worms & sediment stability – it has been found that tube
structures created in the sediment by polychaetes enhance sediment
stability (Volkenborn, Robertson & Reise 2009).
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Appendix B: Table 4. Sensitivity to findings
Food and feed

Supporting identities

Climate regulation

Regulation of coastal water quality

Physical and psychological experience
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Habitat creation

Learning
N/A

Materials

Erosion control
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Appendix B: Figure 1. Bayesian Belief Model – high resolution
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Appendix B: Figure 2. Model development flow chart
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