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Abstract 

 
Ecotones are landscape features that intervene between adjoining ecosystems. They 

have attracted attention for their potential role in regulating the exchanges between 

communities, and thus their potential influence on biogeochemical cycles, population 

connectivity and species distribution. Ecotones may also act as early warning signals of 

habitat degradation and climate change effects and are therefore features of interest for 

conservation and ecosystem-based management. Research on ecotones has been steadily 

progressing in recent years, however there remains a lack of consensus regarding a 

conceptual framework for ecotones at the multi-species and multivariate level that 

ecological communities represent. Hence, the main objective of this work is to propose – 

and to test – such a framework. 

 

This work develops an operational definition of ecotones that (i) relies on the 

elevated turnover rate in species composition over space to statistically locate ecotones, 

and (ii) advocates for the linkage, both conceptually and in terms of ecological 

representations, of ecotones and ecological communities. Ecotone parameters that were 

previously defined for single species response (i.e. Depth of Edge Influence (DEI), 

Magnitude of Edge Influence (MEI) and Abruptness of Edge Influence (AEI)) are further 

adapted to multi-species (i.e. community) response. The concept of (a)symmetry (to 

describe potential discrepancies in the response of adjoining communities to their 

intervening ecotone) and the concept of mosaicity (the re-occurrence of community 

patches along ecotones) are also examined, for a finer description of community responses 

to ecotones. A methodological approach, coherent with the proposed ecotonal framework, 

is then designed (available via an associated R-package). This methodological approach is 

first tested on artificial data, with known patterns, before being applied on real-world data 

from terrestrial (bog to forest sequence, South Island, New Zealand), benthic (Fiordland, 

South-West New Zealand) and pelagic (Munida transect, offshore South-East New 

Zealand) ecosystems. 

 

Ecotones could be characterised in all ecosystems. Their locations coincided with 

environmental transitions, and their parameters (AEI, DEI and MEI) proved comparable 

among studies. Irregular community edges and edges presenting patterns of asymmetry 



 iv 

were commonplace. Mosaicity, however, only occurred along subtle environmental 

gradients, where biotic interactions apparently shaped community patchiness. The 

commonly hypothesised peaks of alpha diversity around ecotones were only occasionally 

reported at the edges of ecosystem dominated by foundations species, in both terrestrial 

and marine benthic environments. The existence of species ecotonal preferences was also 

reported in all ecosystems, but not the existence of strictly ecotonal species.  

Beyond the sole scope of ecotone investigations, the approach developed in this 

study efficiently revealed ecosystem patchiness, particularly in the case of microbial 

communities in the pelagic ecosystem. Extracting information on community edge 

characteristics may also help defining the required patch size for a core community to 

exist, and may improve predictions regarding community dynamics at the landscape level. 

Integrating ecotones and communities in inclusive ecological representations thus provides 

relevant information for ecosystem-based management, and we therefore encourage the 

integration of ecotones in future research on the spatial structure of ecosystems. 
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Chapter 1: 

General Introduction: 
Unifying Concepts For Marine And Terrestrial Ecotones: 

 

 

Ecological systems rarely appear homogeneous and usually present numbers of 

patches of differing aspects1 (Macdonald & Johnson 2015). As these patches meet, distinct 

ecological communities enter in contact and interact with each other (see Wiens, Crawford 

& Gosz 1985; Valentine et al. 2007). This led to the definition of particular landscapes 

features, the ecotones, located between apparently more homogeneous patches. 

The origin of the concept is attributed to Livingston (1903) or Clements (1905), 

who both tried to describe abrupt changes in vegetation structure. The concept of ecotone 

thus pre-dates the well-known ecosystem concept as conceived by Tansley (1935). Studies 

on ecotones stayed, however, relatively marginal in ecology (see Yarrow & Marín 2007), 

the major concerns of which remained patch interiors. The potential impacts of ecotones 

on ecological communities were nevertheless noted, but considered as anecdotal features 

to be “avoided when selecting sites to conduct experiments, particularly if the results are to 

be extrapolated” (Daubenmire 1968). This rationale was driven by practical sampling 

constraints in the field, but the avoidance of edges is not always possible in ecological 

studies (e.g. in apparently homogeneous landscapes) and the poor description of their 

effects reveals a gap in our understanding of ecosystems as a whole (Cadenasso et al. 

2003b; Ries et al. 2017).  

Taking ecotones into account is nevertheless challenging, both in terms of sampling 

effort and data analysis (Li & Reynolds 1995; Körmöczi et al. 2016; Schoelynck et al. 

2018). Their transitional nature in space implies spatial continuity in the many components 

of the landscape and thus requires the same continuity in both sampling strategies (e.g. 

transects) and data visualisation techniques. As such, the study of ecotones cannot be 

independent of the study of patches, and the identification of a transition ultimately 

                                                
1 Including differences in sizes, shapes, structures, compositions and dynamics, or other potential properties 

that may emerge from the aforementioned (Ponge	2005).  
2 Last reviewed the 25, June 2019. 
3 The reader is encouraged to refer to the original publication for more details, see Brownstein	et	al.	(2013). 
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depends on the definition of the communities on both sides (to serve as reference). This 

point has been made particularly clear in the works of Ewers & Didham (2006) (see also 

Ewers & Didham 2005; Ewers, Marsh & Wearn 2010), who demonstrated the importance 

of reaching far enough inside patch interiors to describe and adequately characterise the 

transition between them. 

Continuity also constrains data analysis. Most clustering techniques segment 

continuous data into sets of discrete entities (e.g. k-means clustering), while many data 

analysis procedures that rely on the reduction of the dimensionality of the original datasets 

(e.g. PCA, nMDS…) create graphical output that does not correspond to the original 

sampling dimensions. They can distort the original gradient (arch effects of Canonical 

Analyses, horseshoe effects of Principal Component Analyses…) and are thus challenging 

for the study of transitions (see Hill & Gauch 1980). 

This double constraint – in the sampling design and data analyses – partly explains 

why the study of ecotones lagged behind. The early ecologists, such as Clements and 

Tansley (Fig. 1.1), were aware of these difficulties. Tansley’s definition of ecosystems 

(1935) – in a paper that was notably intended as a response to the previous works of 

Clements and the “Clementsian” concepts of successions and climax in terrestrial 

vegetation – is in many ways more critical and subtle than his modern critics tend to be 

(Trudgill 2007). Upon reminding his readers that “the whole method of science […] is to 

isolate systems mentally for the purpose of study”, he adds that “actually, the systems we 

isolate mentally are not only induced as parts of larger ones, but they also overlap, 

interlock and interact with one another. The isolation is partly artificial but is the only 

possible way in which we can proceed. […] The relative instability of the ecosystem is of 

all degree of magnitude.” 

Overall, the concerns of Tansley were mostly directed toward temporal dynamics 

and the Clementsian concepts of constant changes in vegetation, but they can readily be 

applied to spatial dynamics and landscape heterogeneity. From their earliest definition, 

ecosystems were thus tightly linked with the concept of dynamic equilibriums and 

encompassed a gradation of more or less stable system isolates. The more stable a system, 

the more likely it is to be considered an isolate and thus, historically, the word ˝ecosystem˝ 

referred to the most stable components of a landscape, while ˝ecotone˝ gradually became 

used for what lies in between. It is however clear that ecotones – as entities intervening 

between larger patches – fall within the ecosystem concept, as conceived by Tansley. 
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Being able to investigate ecotones and ecosystems together is thus equivalent to being able 

to integrate entities of differing stabilities, dynamics and spatial scales, simultaneously.  

 

 
 

One may wonder why bringing together the concepts of ecosystems and ecotones 

would matter outside of the scope of pure historical and theoretical concerns. However, 

whereas Tansley and Clements were both working with large vegetation types (where clear 

demarcations exist, e.g. at treelines), ecology is now concerned with – and has to apply to 

– a wide range of systems, ranging from the cellular to the continental and global scales. 

Many of these systems cannot be visually assessed, either because of their size (e.g. spatial 

patterns in microbial ecology, see Gonzalez et al. 2012; Hanson et al. 2012; or global 

effects of climate change, Morton 2013), because of their apparent homogeneity (that do 

not allow for the recognition of clear or fixed patches, like in the marine and aquatic 

environments in general, see Bandelj et al. 2012; Lasram et al. 2015), or because of both 

(if we now consider, for instance, microbial ecology in the oceans, e.g. Baltar et al. 2015; 

Morales et al. 2018b). In these situations, ˝isolating systems mentally for the purpose of 
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study˝ is certainly challenging and can require increasing levels of arbitrariness (see 

Spalding et al. 2007; Spalding et al. 2012; Olivero, Marquez & Real 2013; Schoelynck et 

al. 2018) and the selection of thresholds of identification, which impede both the 

reproducibility of studies and the interpretation of the results (see Baziukė, Juščenko & 

Šiaulys 2014). Repeatability and comparability between studies are two important features 

of the scientific method (Popper 1962), and ensuring these points is therefore critical. 

Therefore approaches nearer to the Clementsian framework of continuum have 

sometimes been preferred, notably after the remarkable work by Whittaker in the 60s 

(Whittaker 1967). These approaches changed ecological perspectives, and lead to a ˝shift 

of emphasis from classification of the objects of study to analysis of kinds and degrees of 

relationship among these objects” (Whittaker 1967). The recent and rapid increase in the 

availability of big data (from satellite imagery, see Kachelriess et al. 2014; new generation 

sequencing techniques, Hendricks et al. 2018, for a review; or simply from longer or more 

complete data series, see Chang & Turner 2019) also challenged a “system isolate” point 

of view, either because it partly bypassed some of the sampling constraints mentioned 

above or because the complexity of these data rendered classical approaches unreliable 

(Bar-Yam 2016). 

Nevertheless, the problem of boundaries and object definitions remains, only this 

time to be displaced as a necessary step toward ecological applications. The 

disentanglement of the ecological continuum into sets of well-defined objects is indeed a 

valuable asset to support conservation strategies, ecosystem-based management and 

environmental policy makers (Parrott & Meyer 2012; Nicholson et al. 2015), all of whom 

require ecological mapping and classifications in order to achieve particular target policies 

(e.g. Aichi Biodiversity target of the Convention for Biological Diversity, see Navarro et 

al. 2017) or to set up protected areas (Rice et al. 2011). Consequently, methods to 

reintroduce boundaries or to recognize objects in gradient analyses were soon developed 

(see McCoy, Bell & Walters 1986) and rapidly diversified (see Hufkens, Scheunders & 

Ceulemans 2009, for a review).  

Resolving the apparent opposition between the need to consider continuity in 

ecology and the need for classified objects for its applications gave birth to a number of 

complementary conceptual approaches to supplement the Clementsian continuum and 

Tansley ecosystem perspectives. These include the meta-community concept (Leibold et 

al. 2004; Schmera et al. 2018), the complex adaptive systems (Hagstrom & Levin 2017), 

the network theory (Lau et al. 2017) and the complexity theory (Cadenasso, Pickett & 
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Grove 2006). It also revived interest in ecotones, as they offered a link between system 

isolate and thus reintroduced continuity between them. This increased interest in ecotones 

spanned across the different disciplines of ecology, leading to a number of reviews on the 

ecotone concept (Kolasa & Zalewski 1995; Strayer et al. 2003; Ries et al. 2004; Kark & 

van Rensburg 2006; Yarrow & Marín 2007; Hufkens, Scheunders & Ceulemans 2009; 

Ferro & Morrone 2014; Ries et al. 2017), that highlight the epistemological challenges and 

inconsistencies attached to the definition of ecotones.    

This study will follow up on these works, with a particular focus on the usefulness 

of classifying ecotones and communities within integrated ecological representations. 

Doing so may be a reasonable approach to solve – or to avoid – the conceptual issues that 

arise from their separation. It also facilitates investigations on ecotone characteristics, such 

as their relations with environmental gradients, their influence on biodiversity patterns and 

their impacts on particular species distributions, all of which will be explored in the 

different chapter of this thesis. A more detailed account of these characteristics, and 

associated research challenges, is given in the following paragraphs. Resolving these 

questions require careful methodological approaches, and a considerable part of this study 

will be dedicated to the development and testing of a consistent analytical framework. By 

applying these methods to different ecosystems, from the pelagic realm to the terrestrial 

vegetation, we hope to demonstrate their broad applicability, and to explore the potential 

existence of general features and characteristics of ecotones.  

To achieve this objective, our conceptual and empirical understanding of ecotones 

will first be reviewed, in order to settle on an operational definition of the term “ecotone”. 

  

Historical definitions of ecotones: 

Ecotones have been defined in many different ways. These definitions are usually 

based on variations in species abundances or community composition (Ferro & Morrone 

2014), and revolve around two key ideas. The first one is to describe ecotones as 

boundaries between adjacent communities or ecosystems (“a transition between two or 

more diverse communities”, Odum (1971); “A zone of transition between adjacent 

ecological systems”, Holland, Risser & Naiman 1991). Here, ecosystems are represented 

as patches and ecotones as the meeting points of these patches. This has been the prevalent 

approach in situations where ecosystem limits are clear, and can therefore be specifically 

targeted after visual estimations. The second perspective views ecotones as areas of 

enhanced change along gradients (“the change in the rate of change in variables of interest 
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in space or time”, Hansen & di Castri 1992; “a zone where directional spatial change in 

vegetation is more rapid than on either side of the zone”, Lloyd et al. 2000b). This second 

set of definitions stresses on a spatially continuous representations of landscapes, and 

usually correspond to a more statistical approaches to ecotone locations.  

These two main approaches are not unrelated but differ in sampling strategies, 

between a discrete sampling in ecotone versus habitat interiors (located à-priori, e.g. 

Lourenço et al. 2019; Sarneel et al. 2014; Smith et al. 1997), and a continuous sampling 

along a gradient (from which the ecotone location is extracted, e.g. Walker et al. 2003a; 

Brownstein et al. 2013). In the following sections, only studies that have made clear their 

definition of ecotone will be used to discuss current knowledge on ecotone characteristics 

and properties. 

 

Use of words: 

 A relatively large number of terms have been used to refer to ecotones or similar 

landscape components (edges, ecoclines, transitions, boundaries, corridors…). In this 

study, the term of “ecotone” will be used to refer to the passing of one biotic community to 

the other, and the term of “transition” (or ˝environmental transition˝) will be used to refer 

to the changes in abiotic conditions, when present. The word “edge” will sometime be used 

to echo the extensive literature on “edge-effect” that flourished around terrestrial 

vegetation.  

 A number of definitions for the common concept that will be used throughout this 

PhD are given in Box 1, for clarity.  

 

Ecotone properties:   

The characteristics and properties of ecotones have been extensively discussed in 

the literature, often with contrasting and sometimes contradictory conclusions. This led to 

the idea that ecotones were idiosyncratic, i.e. that their properties only depended on the 

type of ecotones or on the type of environment (Ries & Sisk 2004; Ries et al. 2004; 

Brownstein et al. 2013). A debate on many of these ecotonal characteristics is still 

underway, but I argue here that a practical definition of the concept of ecotone can already 

be reached by making a synthesis of these contrasted findings.  
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Magnitude and depth of effect: 

 The spatial extent of ecotones (sometimes called width) may vary. Anthropogenic 

edges are usually sharper than the unimpacted ones (e.g. at human-made forest edges 

Lourenço et al. 2019; or by aquatic grazers in the riparian zone, Sarneel et al. 2014), and 

understanding the effects of the width of ecotones on adjacent ecosystems has important 

implications for conservation strategies. The ecotone width is species-dependant in the 

sense that the response pattern of individual species varies, and represents their own 

perception of the ecotone. Ries et al. (2017) termed this the Depth of Edge Influence (DEI) 

Box 1: Definitions of terms 

 

Spatial scale: Spatial extent (or area) of a given ecological phenomenon or entity. This 

relates to the scale of ecological patterning over landscapes (see Fig. 

1.3), and can be extended to temporal scales.  

 

Hierarchy: Organisation of spatial scales across discrete units of varying total areas 

that are nested in each others (Biomes, provinces, regions, etc., see Fig. 

1.3). Similarly, hierarchy may apply to the organisation of time scales of 

varying total periods.  

 

Community: An assemblage of organisms of multiple species living in a specified 

place at a specified time, and that may be described by its species 

composition (adapted from Vellend	2010).  

Note that this definition is not concerned by the actual extent of 

communities, and applies similarly at biomes, regional or local scales. It 

draws on the Gleasonian “open community” (Gleason	 1926), whereby 

partially overlapping species distribution may achieve local equilibria 

that provide the object of study (“system isolate”) of community ecology 

(Ricklefs	2008).  

 

Ecosystem: An ecosystem groups together a community and its physical environment 

in space and time (in short: ecosystem = community + environment). 

 

Ecotone: A more detailed definition is given at the end of this chapter. Generally, 
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– describing the distance over which an edge-effect can be recorded on both sides of the 

edge – and the Magnitude of Edge Influence (MEI) – quantifying the difference of level in 

the measured response from one side of the edge to the other. These metrics provide a 

possible step toward the standardization of ecotonal studies, and could facilitate 

comparisons and extrapolations regarding edge effects in a wide range of ecosystems. 

Their use in the literature is however marginal and should be further encouraged. The 

extension of the DEI and MEI to community responses (i.e. multi-species responses, Fig. 

1.2 A), instead on single species responses, is also required in order to describe ecotones at 

a landscape level with increased accuracy (see Hou & Walz 2016).   

 Besides its potential for comparative studies, DEI/MEI assessments may improve 

our understanding of the interactions between species or groups of species. Reino et al. 

(2009) report an increased magnitude of edge effect among birds at sharp vegetation edges 

compared to soft vegetation edges (i.e. variations in the DEI of vegetation impact the MEI 

of birds). The response of species to abiotic gradients could also be explored in the same 

way (if the DEI/MEI are being assessed for abiotic parameters). Positive species 

interaction feedbacks can also generate sharp gradients between vegetation types even 

when the environmental gradient is relatively smooth (see Agnew, Wilson & Sykes 1993; 

Higgins & Scheiter 2012; Jiang et al. 2016), through the so-called “switch mechanism”. 

Discrepancies between the Depth or the Magnitude of Edge Influence between abiotic 

conditions and biotic communities could help to reveal the existence of feedback loops 

(positive or negative) in communities. This could particularly be helpful in ecosystems that 

do not support foundation species (sensu. Dayton 1972; Ellison 2019) and where the biotic 

control of community shifts is harder to assess (Kéfi, Holmgren & Scheffer 2016). Finally, 

some characteristics of foundation species may have consistent effects on ecotone 

parameters (e.g. larger foundation species may form larger DEI). If such consistency were 

to be found, it would considerably improve the predictability of ecotone characteristics in 

scarcely sampled ecosystem types. 

 

Landscape mosaic and geometry of ecotones 

 Ecosystem fragmentation can be the consequence of a decrease of the density 

individual species or community types over space (Oborny 2018). Rather than a gradual 

change from one community type to the other, some have thus proposed the idea of 

ecotones as mosaics (Fig. 1.2 C), i.e. of the breaking up of the two communities into 

smaller, but still homogeneous, patches (e.g. Gastner et al. 2009; Peterson & Bell 2018).  
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 On land, the gradation of forest edges into mosaics of patches is a well-accepted 

phenomenon (Rietkerk et al. 2004), although anthropogenic disturbances (e.g. fire, 

deforestation) or grazing pressure can reduce the ecotone to a narrower band (e.g. 

Lourenço et al. 2019). Equivalent patterns has been observed in marine benthic systems 

(Airoldi 2003; Boström et al. 2011; Parnell 2015; Switzer et al. 2016). It therefore appears 

that the gradation of foundation species into smaller patches at the edges of their 

distribution range is a conserved pattern. Moreover, given the relation between space and 

time phenomenon, if global change can lead to landscape fragmentation (through time, 

Peters et al. 2006), then changes through space could also lead to landscape fragmentation.  

Can such a gradation into a mosaic of patches be observed, however, with mobile 

organisms or with organisms whose movements are constrained by their environments 

(like planktonic organisms in oceanic currents)? These patterns of patchiness may indeed 

be a special feature of terrestrial vegetation assembly rules (see Weiher & Keddy 1999), 

that may have cascading impact on higher trophic levels (e.g. patterns of  agglomeration of 

organisms for resources, Mcintosh 1995). 

Patchiness has nevertheless been observed in many different ecosystem types 

(Macdonald & Johnson 2015), including in the open ocean (e.g. Ward et al. 2012; Krug et 

al. 2017). It is thus possible that the fragmentation patterns observed at terrestrial 

vegetation ecotones may extend to ecotones in other environments. Empirical evidences 

are still lacking, but studying the response pattern of the main primary producers (and 

recyclers) in the oceans may be a step toward our understanding of fragmentation patterns 

at ecotones.  

In addition to the fragmentation of community edges into smaller patches, the shape 

of the transition zone must also be addressed. Several studies have noted the effect of edge 

geometry on the distribution of organisms (see Kolasa & Zalewski 1995; Strayer et al. 

2003). This effect could represent emergent properties of landscapes and be quite 

independent from any biological process (see Babak & He 2009; Prevedello et al. 2013). 

This has already been discussed at larger scales in biogeographic studies (e.g. mid-domain 

effect, see Albert et al. 2017), but remains poorly addressed at the local scales of 

community ecology (e.g. at forest treelines). 

Under increased landscape fragmentation (due to climate change and other 

anthropogenic impacts, see Peters et al. 2006), improving our understanding of ecotones 

shapes and mosaics may prove useful to better predict landscape dynamic and evolution, 

and thus better inform conservation strategies. 



 10 

 
   



 11 

Existence of ecotonal species and qualitative preferences: 

 The concept of ˝ecotonal species˝ has received equivocal support in the literature. 

Odum (1953) – one of the first author to propose the concept – defined ecotonal species as 

being strictly restricted to the ecotone. However, more recent literature has interpreted 

ecotonal species as those that are “significantly more frequent in the ecotone than in either 

adjacent community” (Lloyd et al. 2000b). To avoid confusion with the initial definition of 

Odum, such patterns will be referred as “ecotonal preferences” in the remaining of this 

thesis. The concerned species are generally found elsewhere, outside of ecotones (e.g. 

Lloyd et al. 2000b; Baker, French & Whelan 2002; Pfeifer et al. 2017). Unfortunately, the 

methods used to assess ecotonal preferences have not been consistent, and have led to 

contrasting findings (see Baker, French & Whelan 2002; Ries et al. 2017).  

Before extending on these ecotonal preferences, a word should be said on ecotonal 

species. Tansley’s (1935) definition of ecosystems, clearly integrates ecotones within the 

ecosystem concept. He poses ecotones as particular types of ecosystems, with distinctive 

dynamics and/or spatial scale from generally larger adjoining ecosystems. Hence it is 

conceptually difficult to deny the possibility of ecotonal species, as it leads to a paradox 

regarding the existence of particular species in ecosystems in general. The observation of 

ecotonal species may be scale and size or life-form dependent. Scaling and hierarchical 

organisation of ecotones have already been proposed in the literature (Kolasa & Zalewski 

1995; Basset et al. 2013), but there is so far no standard method to integrate these effects 

and compare them across studies. The consideration of “smaller” ecotones at the edges of 

“bigger” ecotones (Basset et al. 2013 refer to them as “second order” and “first order” 

ecotones, respectively) may be useful, both for sampling design and for the formulation of 

hypothesis. For instance, an ecotonal region like a sharp forest treeline may not harbour 

any unique (i.e. endemic) plant species, however it may still contain a unique microbiome 

in its soil (e.g. Banerjee et al. 2018). At larger spatial scales, biome transitions between 

major climatic regions (e.g. temperate to tropical) may well harbour their specific plant 

species and communities (see Ferro & Morrone 2014).  

 Instead of strictly ecotonal species, many studies have noted the existence of 

ecotonal preferences (e.g. Baker, French & Whelan 2002; Pfeifer et al. 2017; Ries et al. 

2017). This pattern can be further generalised in an edge response framework (Fig. 1.2), to 

account for a wider variety of edge effects on species distribution (positive, negative, 

neutral). In their global review of the response of vertebrate species to forest edges, Pfeifer 

et al. (2017) note that the abundance of 85% of all vertebrate species were affected by 
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forest edges, either positively or negatively. The resultant community that persists near the 

edges may therefore bear little resemblance to the communities in the forest cores. 

Therefore, although they do not report any actual ecotonal species among these relatively 

large and mobile vertebrate species, it is fair to assume the existence of ecotonal 

communities. These ecotonal communities emerge from local differences in relative 

abundances of species, rather than differences in species identity.  

Individual species responses to edges usually coincide with environmental 

modification and changes in habitat types near the edges (Weathers, Cadenasso & Pickett 

2001; Remy et al. 2016). At least part of the changes are driven by biotic interactions and 

the aforementioned changes in species abundances, it is likely that we are observing a 

cascading effect of some relatively simple changes in plant compositions, abiotic 

conditions or both. This can lead to changes in ecosystem functions at ecotones. In forest 

ecosystems, for instance, edge effects have been reported to increase carbon uptake, 

increase light availability, and increase nutrient deposition (Reinmann & Hutyra 2017). 

These modifications and subsequent patterns of preferences (i.e. qualitative changes rather 

than quantitative) may be ecologically important, affecting future landscape dynamic and 

functionality, but are often undetected by standard diversity metrics (either species 

diversity or functional diversity).  

 

Generalists, specialists, trophic interactions in changing environments: 

  Species preferences patterns at ecotones may also shift trophic interactions and 

particular species life-history strategies. There is a usual distinction in ecology between 

habitat generalists and specialists (see Pandit, Kolasa & Cottenie 2009). Habitat specialists 

tend to be more controlled by local processes over small spatial scales, whereas generalists 

tend to be influenced by larger scale processes (Sverdrup-Thygeson et al. 2017). Habitat 

specialists should thus be more sensitive to environmental changes at ecotones than their 

generalist counterparts (e.g. Rádková et al. 2017), leading to the replacement of specialists 

by generalists toward the edge (De Coster, Banks-Leite & Metzger 2015). Nevertheless 

specialist species can survive and maintain a their own specialist diet in suitable 

environment patches (e.g. Peer, Rishworth & Perissinotto 2019). The influence of ecotones 

on generalist and specialist species can thus be buffered if the environmental mosaic still 

provides sufficient microhabitats for specialists to survive. This trend can also be applied 

to single species distribution, given that species have the capacity to acclimate and display 

intra-specific variability. More generalist subpopulations at the edges of their distribution 
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have been noted, with wider tolerance ranges (Ries et al. 2004; Fusi et al. 2015). More 

insights into the relative abundance of generalist versus specialist species are needed to 

better disentangle possible edge effects.  

 

Asymmetry of effects: 

 In vegetation studies, asymmetric responses to ecotones are a common 

phenomenon, with one of the two ecosystems spreading out in the other more than the 

reverse (Fig. 1.2 B). This asymmetry has been observed both in vegetation (e.g. Tölgyesi et 

al. 2016a), in their associated communities (e.g. Lacasella et al. 2015), and in the abiotic 

conditions (e.g. soil characteristics, Stanton et al. 2013). The relative capacity of 

foundation species to modify their own environments may be responsible for these 

asymmetric gradients, and similar patterns may be expected in ecotones where one of the 

two ecosystem supports foundation species and the other not. Asymmetry has already been 

noted at the edges of seagrass meadows (Barnes & Hamylton 2016), and possibly around 

giant kelp forests (Macrocystis pyrifera, Young et al. 2016).  

 One of the notable asymmetrical responses to ecotones at vegetation edges is the 

observed “spill over˝ of seedlings from the forest to the surrounding area, usually observed 

as an increased in the number of seeds, seedlings or juvenile trees near the edges (e.g. 

Carlucci et al. 2011; Vespa et al. 2018; Morales et al. 2018a). The aptitude of forest seeds 

to colonise forest edges is attributed to a number of factors, such as passive dispersal and 

accumulation (Hou & Walz 2016), a decrease of intra-specific competition (for light and 

other resources) and nursing or nucleation effects from other plants (Carlucci et al. 2011; 

de Silvério Arantes et al. 2014). Successions of vegetation structures in forest gaps (e.g. 

after fire) is a long described ecological pattern (Clements 1905). Seedling colonisations 

beyond forest edges present many similarities with succession patterns, although the 

successional stage appear to be at a standstill (with the exceptions of expending treelines, 

i.e. moving ecotones). Reasons for the consolidation of earlier successional phases may be 

the increased levels of disturbance at the edges (including grazing pressure) that maintain 

the system at a low level of succession.     

Ecotones may present favourable conditions for juvenile populations of a wider 

range of species. Estuaries and other transitional waters have been regarded as important 

nursery habitat for many fish species (Sheaves et al. 2015), as well as seagrass meadows, 

either for fishes (McDevitt-Irwin, Iacarella & Baum 2016), or for smaller crustaceans at 

the interface with surrounding sand habitats (Barnes & Hamylton 2016). Juveniles often 
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have different physiology than adult individuals and may not yet be able to cope and 

survive in similar environments. It is possible that the juveniles of many species evolved to 

be optimal in ecotonal habitats to reduce factors like intra-specific competition while 

remaining close to the adult optimal habitat.   

 

Taxonomic diversity: 

Ecotones have been commonly associated with an increase in biodiversity (both 

species richness and alpha diversity). Ries et al. (2017) call this prediction a “rule of 

thumb”, to account for its widespread use despite equivocal empirical evidence. The 

rationale for this pattern stems from two logical statements: first, that the diversity of two 

adjacent communities simply adds up in their overlap (already in Leopold 1933) and 

second, that ecotones may harbour additional ecotonal species (as discussed above).  

Community responses to edges are largely attributed to changes in environmental 

conditions that may cascade across trophic levels. Many individual species display 

positive, negative or neutral responses to these changes, but the manner in which this 

variety of responses would impact community composition is complex. The first point, i.e. 

an increase of diversity in the overlap zone adjoining communities, arises from a 

conception of ecological communities as a “Complex Organism” with response patterns 

comparable to those of a single organism (a concept developed at the same time as the 

ecotone concept, and early reviewed by Phillips 1934; 1935a; b). We tend to observe, 

however, the emergent diversity pattern created by a multiplicity of individual responses, 

with representatives from both communities excluded for different reasons. Groups of 

species may nevertheless present similar response patterns to the changing conditions at 

edges, if they share similar physiological traits and habitat requirements (e.g. groups of 

fungi, Crockatt 2012), which will influence overall community patterns of diversity. These 

overall patterns depend on similarities between individual species and may not be 

conserved when larger parts of the community are being considered, across multiple 

trophic levels. Investigations of ecotones targeting more than one trophic levels are still 

rare but already show that predators and preys may have different edge responses (e.g. 

Wimp et al. 2011). In these cases, diversity metrics are not adapted to capture functional 

community variations. 

The second postulate, stating that taxonomic diversity is higher in ecotones due to 

the presence of ecotonal species, overlooks the existence of core habitat species with edge-

avoidance behaviours (see Pfeifer et al. 2017). There is no evidence to date for a higher 
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number of species favouring ecotones than of species favouring habitat cores (see Pfeifer 

et al. 2017). The possibility of ecotonal species does not therefore constitute a logical basis 

for predicting a higher or lower taxonomic diversity in ecotones compared to the core 

habitat.  

 

Functional diversity: 

Functional diversity has been addressed less often in the ecotonal literature than 

compositional diversity. The concept of function in ecology has been extensively reviewed 

by Farnsworth, Albantakis & Caruso (2017), who differentiate functions (the process or 

action realised by an organism or a community) from traits (the intrinsic property of that 

organism or community that enables or performs the function, see also Violle et al. 2007). 

Using this distinction, most of the investigations that have been done on vegetation 

ecotones targeted trait diversity (through traits identity or number, e.g. leaves or trees 

morphologies) as a proxy for functional diversity. Nevertheless, the variability of intra-

specific and inter-specific traits along gradients, and their relatedness to environmental 

conditions, has been shown in numerous vegetation studies (Cornwell & Ackerly 2009; 

Albert et al. 2010; Auger & Shipley 2013; Van Nuland et al. 2019). Their variability in 

ecotones, however, has rarely been addressed. Brownstein et al. (2013) did not find higher 

trait diversity in ecotones, but changes in mean trait values have been observed elsewhere 

(e.g. de Oliveira Coelho et al. 2017). Mitchell, Wright & Ames (2018) also found 

differences in trait distributions between core and edge habitats for several species, but the 

direction of these differences was not uniform. Moreover, they did not find evidence for 

higher trait variability in edges compared to habitat cores. Silva et al. (2019), did find 

differing trait values for trees at the transition between forest and savannah ecosystems, 

and could relate these differences to morphological adaptations maximising tree fitness in 

forest core conditions or at forest edge conditions, respectively. These patterns are 

expected by theory, but their rarity suggests that the current methods to assess trait 

variations along gradients may not capture the subble responses of individual organisms. 

Much work remains to be done on functional ecology and its response to ecotones, but 

research so far might suggest that there may be intra-specific changes in trait values at 

habitat edges (e.g. Mitchell, Wright & Ames 2018; Silva et al. 2019). Translating these 

into whole community functions remains to be investigated, but some studies of 

community succession (time instead of space) suggest that whole communities may 
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experience functional turnover without loss or gain of overall functional diversity (De 

Coster, Banks-Leite & Metzger 2015).     

 

Genetic diversity and population connectivity: 

 Genetic diversity (as the variation in a DNA sequence between distinct individuals 

of a given species or population, see Ellegren & Ellegren 2016) in ecotones is obviously 

linked with taxonomic and functional diversity (Herrera 2017; Van Nuland et al. 2019). 

There is a current need for investigations that explore the relations between these different 

forms of biodiversity in order to better understand the drivers of ecological diversity in 

general (Herrera 2017; Plue, Aavik & Cousins 2019). Habitat heterogeneity is the 

expression of biodiversity at the landscape level (see Hou & Walz 2016), but its links to 

genetic diversity are little understood. Linking genetic diversity to landscape diversity 

already led to the discovery of “evolutionary hotspots” (regions with high genetic 

diversity, genetic divergence and high genetic connectivity, see Guan et al. 2017; Daru et 

al. 2019, as a parallel to the “biodiversity hotspot”, Myers et al. 2000). Evolutionary 

hotspots are primary targets for conservation strategies, particularly since they may ensure 

the future recovery of wild populations more effectively than areas with lower genetic 

diversity (Pollock, Thuiller & Jetz 2017; Daru et al. 2019). They may reflect sites of 

historical refuges where old lineages and genetic diversity that went extinct elsewhere 

survived, and zones of mixing where previously isolated gene pools now interact (see 

Nettel et al. 2008; Assis et al. 2016; Guan et al. 2017).  

 Historical refuges do not explicitly concern the scope of this thesis. However, over 

longer time scales, species range limits may also act as refuges (altitude, e.g. López-

Vinyallonga et al. 2015; Daru et al. 2019; depth, Graham et al. 2007; Pilczynska et al. 

2019). The equivalence between species range limits and ecotones may sometime be 

relevant, particularly if they correspond to habitat type limits (Parmesan et al. 2005; 

Loehle 2018). We therefore cannot exclude the possibility of ecotones acting as potential 

refuges, notably for species with edge preferences behaviours. 

 Zones of mixing of previously isolated gene pools require the overlap and genetic 

exchange of neighbouring populations (sometime labelled hybrid zones, see Schilthuizen 

2000). The conceptual background for the existence of hybrid zones is identical to the one 

already found in Leopold (1933), in favour of a higher taxonomic diversity in the overlap 

between two adjacent communities. The same reserves can thus be formulated. The 

underlying mechanisms driving genetic diversity at the population level are nevertheless 
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different enough from the drivers of species diversity (notably because they are intra-

specific instead of inter-specific, see Overcast, Emerson & Hickerson 2019), and thus the 

question may be raised again. Few studies so far have attempted to link genetic variations 

– and evolutionary hotspots – with ecotones. Nevertheless, Davis et al. (2008), and Guan 

et al. (2017) found the expected trend of higher genetic diversity at ecotones, and 

recommended their integration in conservation planning. Ecotones can also act as genetic 

barriers (e.g. Ortiz, Lima & Werneck 2018) with comparable effects to other landscape 

structures such as river bodies. The study of Ortiz, Lima & Werneck (2018) was conducted 

on frog populations. These amphibians may display edge avoidance behaviours (Pfeifer et 

al. 2017), rendering the ecotone a much stronger barrier than it seems. The species-level 

response to habitat edges will determine its role as a mixing zone or a barrier for genetic 

exchange and diversity. Understanding these response patterns may thus be critical to 

assess the connectivity of specific populations over a landscape.    

 Habitat connectivity has long been a major concern for conservation strategies and 

the design of protected areas. The role of ecotones in controlling the exchanges between 

patches (both in terms of energy, matters and individuals) impacts connectivity in ways 

that are more subtle than free exchanges (or no exchanges) between patches. The 

associated response patterns are likely to be species specific, and to depend on ecotonal 

behaviour (that may be assessed, for instance, through the DEI and MEI). Visual 

determinations of habitat edges are not sufficient to properly address these parameters, and 

there is thus a need for investigations of ecotone characteristics at the community level. 

This would allow for a better understanding and description of species-specific responses 

to community variations at the landscape level (see Hou & Walz 2016), and to better 

quantify the ecotonal area  over a landscape (e.g. by accessing the relative areas of ecotone 

and core communities) in a way that strays from how a human observer perceive an edge, 

to draw nearer to how a species of interest (or a group of species) perceive ecotones. 

Developing tools to statistically assess ecotones positions and characteristics over the 

landscape could thus help achieving more realistic models and projections for the design of 

conservation strategies.    

 

Concluding remarks on taxonomic, functional and genetic diversity: 

Ecotones differ in quality (changes in species trait values, trophic interactions and 

patterns of dominances) rather than in identity (particular species, particular functions), 

when compared to their adjoining communities. Records of species number or 
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presence/absence data may thus be insufficient to capture ecotonal variations and miss 

most of the information relative to the edge (Ries et al. 2017). Metrics based on abundance 

data, and approaches that can reveal the shapes and extent of ecotones, rather than solely 

their locations, are needed to progress in our understanding of these landscape features.  

 

Toward a consensual definition: 

 A central aspect of ecotonal studies, the turnover rate in species composition, has 

been overlooked so far. It may have been the most consistent aspect of the definition of 

ecotones in the literature, and constitutes the most likely candidate for a consensual – and 

statistical – definition of the concept. The following section aims at clarifying this point. 

  

Equivalence between turnover rates and beta diversity: 

The turnover rate, i.e. the rate at which the species composition of a community is 

replaced by the species composition of another over the spatiotemporal dimensions of the 

sampling, is at the root of the concept of ecotone and may be considered a central part of 

its definition. The compositional turnover rate has been used to identify the location of 

ecotones (Lloyd et al. 2000a; Walker et al. 2003b; Brownstein et al. 2013) even in the 

absence of visual cues. Most of the challenges associated with this metric revolve around 

the analytical method to be used in order to measure it. Species turnover is often 

considered equivalent to beta diversity (see Kark 2012), which posits ecotones as areas of 

higher beta diversity (i.e. peaks of beta diversity) over the landscape. Calculation of beta 

diversity from ecological data, however, remains controversial (Baselga & Leprieur 2015; 

Podani & Schmera 2016). Common approaches so far have included the use of continuous 

functions on species data (e.g. variations in species abundances, Ewers & Didham 2006) or 

the computation of a diverse set of beta diversity indices (see Baselga & Leprieur 2015; 

Podani & Schmera 2016, for a review of these indices) and distance calculations (Legendre 

& De Cáceres 2013) between pairs of observations (usually the species composition of a 

site or sample). The first axis of Detrended Correspondence Analyses (computed on a 

spatially organised community matrix, Walker et al. 2003b; Brownstein et al. 2013) has 

also been used as a proxy for beta diversity, particularly in the field of ecotonal studies. 

Standardisation in the calculation of species turnover rates will assist the finding of the still 

missing community-based framework in ecotonal studies (Ries et al. 2017). 

An advantage of species turnover rate is that it is readily comparable across 

organisms, and generally to any other rate of change (applied to other constituents of the 



 19 

ecosystems, e.g. environmental parameters or individual species response, Fig. 1.2 D). 

This metric can therefore be applied to all of the ecosystem constituents (e.g. to compare 

the spatial rate of change of its parts), which facilitates intra-ecosystem comparisons, but 

also to different ecosystems, to perform inter-ecosystems comparisons. 

 

Definition: 

 One of the persistent issues of ecotonal studies is the definition of the concept itself 

(Hufkens, Scheunders & Ceulemans 2009).  There are two main approaches to defining a 

concept. The first is to articulate an inclusive definition that creates a framework able to 

provide guidelines for operationalizing the definition in particular situations. The second 

approach is to find a metric that can quantify and qualify the concept, and indicate its 

presence and importance (Cadenasso, Pickett & Grove 2006).  

 Historically, the ecotone concept failed to meet an inclusive definition that could 

apply in a wide range of ecological situations. In the previous paragraphs, we reviewed the 

definitions and properties associated with ecotones in the literature. It appears that most of 

the terminological variability arises from poorly supported predictions (such as ecotonal 

species and diversity gradients), and from the use of metrics that are inefficient at 

capturing changes in abundances, structures or compositions of ecosystems. Most of the 

studies that focused on qualitative changes found rather consistent and predictable sets of 

results (e.g. patterns of species preference or avoidance, seed or juveniles accumulation…), 

and could propose plausible explanations. It thus seems that the main issues in ecotonal 

studies have been linked to methodology and operational relevance. 

 Even considering the recent advances on the topic, narrowing down a conceptual 

definition of ecotones by integrating in it some of the most robust ecotonal properties to 

date may still lead to epistemological dead-ends (as did the assumption of higher 

diversity), and to confusions between the object definition and the object properties. 

Instead, adopting a more simple definition to ensure reproducibility and cross-system 

comparison seems more adequate.  

Most of the current methodological limitations of ecotone studies at the species 

level have been discussed by Ries et al. (2017), and similar limitations apply at the 

community level. These limitations are threefold: (i) the need for data collections and 

analysis that measure subtle changes in community composition, (ii) the need for spatial 

continuity in the sampling method and (iii) the need to sample far enough into adjacent 

systems to capture the entirety of the response patterns. All these limitations are linked to 
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sampling methods, but standardisation must also be sought for at the data analysis level. 

This aligns with the second approach to defining a concept (as presented above), and 

corresponds to the finding of a common metric to locate and describe ecotones at the 

community level, i.e. with the use of multivariate community data. Furthermore, ecotonal 

investigations so far have often been dependant on visual assessment of the position of 

habitat edges. A standardised metric for the detection of ecotones without visual 

assessments is thus required in order to expend the applicability of the concept to a wider 

range of systems. Attempts have already been made toward these goals, and the chapter 3 

of this PhD will be dedicated to the exploration of such methods and to the proposition of 

an analytical framework.  

 Attempts toward an ecotone definition should also consider the intertwinement 

between the ecotone and ecosystem concepts. It is indeed likely that most of the conceptual 

framework surrounding the latter can apply to the former, if properly assessed. The 

concept of ecotone, however, lacks an equivalent to the partitioning of ecosystems into a 

biotic (community) and abiotic (environment) components. It remains unclear today 

whether or not all ecotones coincide with environmental transitions. The definition given 

here therefore only concerns the biotic component of the systems under consideration. One 

of the goal of this PhD will be, however, to provide additional metrics regarding the 

connectedness between biotic and abiotic transitions.  

  

In this study I will therefore adopt a permissive definition of ecotones, centred on 

the recognition of areas of higher turnover rate in species composition. This definition is 

articulated in two points: 

1. The faster turnover rate in species composition along the gradient (here to 

be understood as the sampling area or transect). 

2. The interdependency of ecotones and communities (i.e. ecotones are defined 

relatively – and not independently – to communities).  

 

This definition is therefore context dependant and relative: it depends on reference 

values in order to identify faster rates of changes in community composition. The explicit 

use of reference communities also acknowledges the importance of spatial scale (Fig. 1.3).  

Ecosystem patterns and processes differ between spatial scales (Wiens 1989; Levin 1992), 

and thus the characteristics of ecotones at different scales should also be expected to differ. 

However, in the absence of clear knowledge about the nature of these differences, the 
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perspective here is that the present definition should be inclusive of all hierarchical scales 

(Biomes, regions, provinces, etc.) rather than considering that these scales cannot be 

considered under the same framework. 

 This PhD will mostly focus on local scales of spatial patterning (see Fig. 1.3). 

These concerns about hierarchy are nevertheless included with the ambition of reaching a 

definition that remains applicable beyond the sole scope of this study. 
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Thesis outline 
The primary objective of this work is to refine the concept of ecotone at the 

community level, and to extend its applicability to a wide range of ecosystems, with a 

particular focus on the marine environment. To achieve this objective, we have first 

proposed the working definition that will be used throughout this PhD. In the next chapter, 

the use of the ecotone concept in the literature will be further reviewed, with a particular 

focus on the comparison between marine and terrestrial environments, to highlight the 

challenges and promises of cross-ecosystem comparisons. We will then propose a 

methodological framework for the study of ecotones that remains applicable in any 

ecosystem type, and apply it to (i) a vegetation sequence in a New Zealand forest to 

grassland transition (terrestrial ecosystem), (ii) several benthic subtidal community 

sequences along depth gradients in the fiords of South New Zealand (benthic ecosystems), 

and (iii) to microbial communities along a water mass transect in the pelagic environment. 

Lastly, we will integrate our findings to reflect on the discords and harmonies it brings to 

the study of ecotones in ecology. 

 

Chapter 2: Ecotones in the literature: A comparison between terrestrial and marine 

environments. 

Although the term “ecotone” is widely accepted in terrestrial studies, its appearance 

in the field of marine ecology is still rare. After reviewing the literature in the terrestrial 

and marine realm, the challenges and relevance of further integrating the concept of 

ecotone in the marine environment will be discussed. 

 

Chapter 3: Analytical methods for the detection of ecosystem and ecotones: case study of 

a terrestrial vegetation sequence. 

A consistent framework for the detection and characterisation of ecotones at the 

community level remains elusive. In this chapter, we will explore the different data 

analysis strategies relevant to the field. Building on the existing conceptual frameworks at 

the species level, we propose an integrated framework designed for communities, and 

provide the set of analyses as R codes (R software, The R Core Team 2019) for 

reproducibility. The proposed analytical framework will be validated through the use of 

artificial data and the use of a terrestrial vegetation sequence. As this vegetation sequence 
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has already been studied (in Brownstein et al. 2013), it will both serve as a validation step 

for the method and as the first ecosystem example for comparison purposes. 

 

Chapter 4: Ecotones in the marine benthic environment: case study of subtidal 

communities in Fiordland. 

The depth gradient is one of the main factors influencing the zonation of benthic 

communities in the subtidal environment. We conducted sampling along depth gradients in 

two fiords of South Island, New Zealand using photo-quadrats, and characterised the 

vertical zonation patterns of their benthic communities. This will provide a second 

example system.  

This chapter has been submitted to Marine Ecology Progress Series, as:  

Bagnaro A, Baltar F, Brownstein G, Lee WG, Pritchard DW, Hepburn CD (2020) Benthic 

communities and ecotones across strong environmental gradients in fjord ecosystems, 

MEPS. 

 

Chapter 5: Reducing the arbitrary: fuzzy detection of microbial ecotones and ecosystems: 

case study of the pelagic environment. 

Describing microbial communities in the pelagic environment is still challenging. 

Using the time series of microbial data from the Munida transect off South New Zealand 

(MOTS), we demonstrate the applicability and usefulness of the proposed ecotone-based 

approach for the characterisation of patchiness and transition patterns in the oceans, and its 

implication for marine microbial ecology. This also provides a third example system. 

This chapter is adapted from:  

Bagnaro A, Baltar F, Brownstein G, Lee WG, Morales SE, Pritchard DW, Hepburn CD 

(2020) Reducing the arbitrary: fuzzy detection of microbial ecotones and ecosystems – 

focus on the pelagic environment. Environmental Microbiome 15:16:1–14 

 

Chapter 6: General conclusion: insights from cross-ecosystems comparisons. 

Building on the conclusions of the previous chapters, a synthesis to address the 

main aims of this thesis will be produced. The implication it has for research in the field 

will be discussed in order to lead to the formulation of future research directions. 
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Chapter 2: 

Ecotones in the literature: 
A comparison between terrestrial and marine 

environments 

 

Aims: 
Since Clements introduced the term early last century, the ecotone concept has 

regularly evolved. A number of reviews have attempted to document the changes in the 

terminology (e.g. from Yarrow & Marín 2007, and Hufkens, Scheunders & Ceulemans 

2009), and highlight the epistemological challenge that ecological terms (and the way they 

should be used) represent. However, the aim of this short review is not to provide yet 

another development on the precise history of the concept. Rather, it is to describe its 

current use in cross-scale and cross-system investigations, particularly in marine and 

terrestrial ecosystems, to better define the homogeneity and discrepancies that surrounds 

the concept. This should also highlight potential gaps in research interest so far and thus be 

useful to formulate future research directions. 

 

Method: 
The Web of Science (WoS) archive was used to construct the evolution of the term 

“ecotone” (entered as such in the WoS topic field) in the scientific literature (presented 

since the 1970s in Fig. 2.1 A). The search returned a total of 4,700 papers at the time of the 

review2, among which 376 were classified as “Marine and Freshwater Biology˝ and 

“Oceanography”. For time efficiency, a random subset of 200 papers in this field was 

selected for further analyses (with the sample function, base R package, The R Core Team 

2019), and an equal number of papers (i.e. 200) were randomly selected in terrestrial 

ecology for comparison (i.e. excluding “Marine and Freshwater Biology” and 

“Oceanography” in the WoS query field). A simple selection criterion was applied to these 
                                                
2 Last reviewed the 25, June 2019. 
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400 papers: only those that explicitly focused on ecotones were retained and studies that 

mentioned the term without defining it, discussing it or presenting results directly relevant 

to the field were omitted. A total of 241 publications were selected (from 1992 to present), 

110 in the terrestrial environment and 131 in the marine realm. 

 The following information was extracted from the selected publications: (i) the 

country of the study (country in which the sampling took place or country of the academic 

institution when no sampling was conducted), (ii) the biome (e.g. Temperate, Subtropical, 

Pelagic…), (iii) the scale of the study (local: unique sampling site, biome: several sampling 

sites in similar environments over a larger area, global: worldwide studies, latitude: long 

pelagic transect across latitudinal gradient), (iv) the definition of ecotone used by the 

authors (visual: à-priori observation, environmental gradients and statistic: à-posteriori 

decisions) and (v) the type of organism(s) under consideration. Whenever possible, the 

particularities (e.g. in terms of functioning, diversity, dynamic or abiotic conditions) of the 

ecotone were recorded. The number of occurrences of each of the category was counted for 

comparison.    

 

Results & Discussion: 
Terrestrial Vs. Marine: 

Recent years have seen a renewed interest for the concept of ecotone and the 

number of related studies has been steadily increasing since the 90s (Fig. 2.1 A), a year 

that also marks the first appearance of the term “ecotone” in the WoS repository associated 

with aquatic ecology. This sudden increase may be at least partly attributed to the 

development of computational sciences and subsequent advances in data analyses (see 

Jørgensen 1999; DeAngelis & Mooij 2005), which solved some of the issues associated 

with the study of ecotones and gradients in general. The improvement of mathematical 

models in ecology, and particularly in landscape ecology, allowed for the study of more 

complex and intricate systems (Mooij et al. 2019). It led to recognition that the properties 

of boundaries and transitions between systems (here to be understood, for instance, as the 

way the interactions between systems are being parameterised in the models) greatly 

influenced the dynamic of adjacent systems (Saunders et al. 1999; Cadenasso & Pickett 

2000; Jacquez, Maruca & Fortin 2000). This applied regardless of the considered scale and 

could even impact remote locations within these systems (Cadenasso et al. 2003b). The 

growing concerns regarding climate changes and human impacts in general required a 
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growing set of ecological models at all possible scales (McCabe & Dietze 2019), and there 

was a call for investigations on interactions between ecosystem components, and thus for 

studies targeting ecotones (Noble 1993; Jacquez, Maruca & Fortin 2000; Buckner, 

Hernández & Samhouri 2018).  

The increasing number of publications on ecotones may also simply be the result of 

the increased interest for the field of ecology in general and the growing concerns 

regarding the conservation of biodiversity. Most keywords associated with the discipline 

display similar patterns of increased use over time (such as ˝Biodiversity˝ and 

˝Ecosystem˝, see Fig. 2.1 B). The use of the term ecotone still only ever accounted for 

1.2% to 4.1% (± 0.7%) of the literature associated with the discipline of ecology, and its 

growth in the field was much slower than its mainstream counterparts. In particular, the 

number of publications associated with ecotones in marine ecology stayed relatively stable 

over the 1990-2018 period (linear model slope estimate: +0.3 publication/year), and only 

the associated literature in terrestrial ecology achieved greater increase (linear model slope 

estimate: +10 publications/year). These values are nevertheless orders of magnitude 

smaller than the growth of studies related to “ecosystems” (linear model slope estimate: 

+96 publications/year in marine ecology and +747 publications/year in terrestrial ecology 

– note that the term is now more used than the term “ecology”) or “biodiversity” (linear 

model slope estimate: +35 publications/year in marine ecology and +387 publications/year 

in terrestrial ecology). Recent years have seen an increase and diversification of the 

literature targeting ecotones (as noted in Ries et al. 2017), but it still lags behind the 

general development of the science of ecology (further highlighted in Fig. A. 2.1, 

presenting the evolution of the proportion of studies targeting ecotones compared to the 

other keywords). One of the consequences of global change and anthropogenic impacts is 

the increase in landscape fragmentation (see Peters et al. 2006), which logically leads to an 

increase in ecotones’ areas. Integrating ecotone further into the field of ecology is urgently 

needed if we are to understand the consequences of landscape fragmentation (Cadenasso et 

al. 2003b), and particularly to avoid the binary habitat versus non-habitat categorization 

(Fardila et al. 2017). 
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The publications associated with “ecotone” and “ecosystem” were then sorted 

according to the WoS categories (Fig. 2.1 C). The results are presented as the percentages 

of published items that fell into each of the WoS category (e.g. 25% of the publications 

associated with “ecosystem” were classified in “Ecology”). Publications in WoS are 

usually assigned to multiple categories, which is a confounding factor to interpret within 

keyword differences, and also explains the dominance of broad categories such as 

“Ecology” and “Environmental Sciences”. The second part of this review will expand on 

this when considering the type of organisms targeted by ecotonal studies (Fig. 2.2 C.1-2). 

Comparisons between keywords, however, may retain relevance and highlight the over-

representation or under-representation of investigations targeting ecotones in particular 

fields of ecology. In this work, “ecosystem” was chosen as the reference term for 

comparison, both for its historical association with the concept of ecotone (see chapter 1) 

and for the prevalence of its use in ecology. The term “ecosystem” is now more widely 

used than the term “ecology” and its spread across the different WoS categories may prove 

to be a good proxy for the overall distribution of research in ecology. Using the term 

“ecosystem” as a reference, it seems that ecotonal investigations are biased towards 

vegetation sciences (“Plant Sciences” and “Forestry”) and landscape studies (“Geography 

Physical”, “Geosciences Multidisciplinary”, “Geography”) (Fig. 2.1 C). These disciplines 

are at the root of the concept of ecotone and still attract most investigations. Conversely, 

the entire field of aquatic ecology is under-represented (“Marine Freshwater Biology”, 

“Water Resources”, “Oceanography”, “Fisheries”), together with disciplines that also 

avoid solely visual assessments of ecosystem boundaries (“Soil Sciences”, 

“Microbiology”) (Fig. 2.1 C). These biases were not unexpected, given the historical origin 

of the concept, but further highlight the dependence of ecotonal investigations so far on 

visual assessments to pinpoint ecosystem edges and direct sampling efforts. The other 

environments, in which ecological boundaries are often harder to depict, would 

nevertheless benefit from a better understanding of ecotonal properties, and their 

underrepresentation in ecotonal investigation reveals a gap in our knowledge.  

        

Among the selected publications (400), only 241 met the criteria for further 

analyses (i.e. 60.25%), i.e. contained an explicit definition of ecotones, and focused at least 

part of their discussions on the location, characteristics or properties of ecotones. Most of 

the omitted studies corresponded to cases in which the authors considered themselves in an 

ecotonal region based on previous studies (e.g. in the Everglades' Ecotone in Florida, see 
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Childers 2006; or the agro-pastoral ecotone of northern China, see Han et al. 2018), but did 

not direct their own research on the characteristics or functioning of the ecotone. These 

works may enhance our understanding of ecotones, but without further discussion from the 

authors or information about the surrounding environments, it is difficult to interpret and 

compare their results with other ecotonal studies.  

In the remaining publications, several trends could be assessed (Fig. 2.2): 

The majority of the studies in the marine environment were conducted at local 

scales (i.e. a unique sampling site, from the metre to kilometre scale, Fig. 2.2 A.1), 

whereas studies in the terrestrial environment were equally partitioned between 

investigations at the biome scale (several sampling site over a region) and at the local scale 

(Fig. 2.2 A.2). This is likely to be the consequence of the sampling constraints associated 

with the marine environment, that drastically restrict the achievable number of sampling 

sites, particularly in the subtidal and pelagic studies.  

The apparent homogeneity of the marine environment also drove a stronger 

tendency to use environmental gradients in order to define ecotones, as visual assessments 

of the relative positions of ecosystem patches are less reliable and easy than on land (see 

Vlami et al. 2019, for a discussion). Numerous coastal and pelagic species distributions are 

extremely well correlated to environmental factors like temperature and salinity (see 

Belanger et al. 2012). These abiotic factors are also less controlled by the presence or 

absence of foundation species, whose impacts on the characteristics of soil, water and light 

in terrestrial ecosystems may result in confusion as to whether a particular environmental 

factor is biotically or abiotically determined (e.g. Serna-Chavez et al. 2017). Overall, 

environmental gradients may be more independent and detectable in marine ecosystems 

than on land. The case of marine benthic macrophyte patches may be an exception to this 

trend – or may present an intermediate situation – as kelp forests, for instance, have the 

ability to act as foundation species (Dayton 1975). They modify their surrounding 

environments, especially light (Glasby 1999), currents (Gaylord et al. 2007), temperature 

(Critchley, De Visscher & Nienhuis 1990), and intricate ecological feedback (Bennett et al. 

2015; Feehan, Grace & Narvarez 2019). Their case is still largely understudied but may 

help completing our understanding of ecotones.   
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More surprisingly, there were important discrepancies in the type of study 

organisms between the marine and terrestrial realms. The concept of ecotone originated in 

vegetation science, and most of the related works on land still centre on forest communities 

or individual plant species (among which more than 30% target treeline dynamics in 

mountain environments, see Mayor et al. 2017). Contrastingly, marine studies are largely 

focused on animals. Marine ecosystems, however, harbour numbers of habitat forming 

animals, among which corals, sponges and many tubeworm species, whose functions in the 

ecosystems and engineering capacities are comparable to those of terrestrial plants. Many 

of the ecotone related studies in the marine environment nevertheless targeted mobile 

animal behaviour (mostly fishes) or population dynamics, concerns are less studied in 

terrestrial systems. A notable exception, however, is to be found in the study of the 

response of vertebrate species to forest edges (Pfeifer et al. 2017). These studies on edge 

effects rarely make use of the term “ecotone” and may therefore be underrepresented in 

this review.  

Terrestrial ecotone-related studies mostly focused on climate change (through 

treeline dynamics) or on less applied academic topics (such as landscape structures, soil 

properties, and the intrinsic properties of ecotones). These topics are usually not treated 

directly by marine ecologists. However, the use of environmental gradients and associated 

continuous sampling strategies (e.g. transect along the gradient) make results easily 

interpretable in terms of transitions and ecotones, which facilitate cross-study comparisons. 

The visual assessment of landscape components that is the most common practice in 

terrestrial ecology still often introduces some uncertainties in that respect. 

 

Future research directions: 

Studies on ecotones reflect a strong association with terrestrial ecosystems, and the 

study of vegetation or larger vertebrates. Comparatively fewer studies addressed the 

responses of fungi or microbiomes to these landscape features, and investigations 

encompassing more than one trophic level are rare. With global change, an overall increase 

of landscape fragmentation is predicted (Peters et al. 2006), leading to an increased 

number of patches and thus of number (or areas) of ecotones. More holistic and 

comparable approaches are therefore needed if we are to make predictions on the response 

of both individual species and ecosystems as wholes to future landscape evolutions and 

increased patchiness. 
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Marine and aquatic environments are understudied, and require more 

investigations. Until recently, the pelagic environment, although dynamic and patchy, has 

been poorly investigated in terms of ecotones (but see Baltar et al. 2015; Baltar et al. 

2016). Transition patterns between water masses or other oceanic features may 

nevertheless impact exchanges between these features and notably impact biogeochemical 

cycles in the oceans (Britten & Primeau 2016). Complete coastal ecosystem types remains 

relatively unresearched, and in particular, the macroalgae dominated benthos on rocky 

shorelines. Coastal systems have been considered by some authors as intermediates (in 

structures and properties) between terrestrial and pelagic ecosystems due to their food-web 

structures and productivity (e.g. Shurin, Gruner & Hillebrand 2006). These coastal 

environments could provide natural bridges for cross-ecosystem comparisons. They 

notably harbour some large habitat forming species, often prevalent in terrestrial 

vegetation, but escape some of the recurrent challenges of terrestrial ecology (such a soil 

characteristics, see Cortois & De Deyn 2012). 

 Rebalancing research on ecotones, by integrating more environment types and 

trophic levels (notably through multi-species approaches), will improve current ecological 

theories on the topic, and reduce the empirical biases on which they are currently based. It 

can also lead to better ecosystem mapping schemes in environments where the visual 

assessment of ecological boundaries remains impossible, consequently producing more 

accurate representations for ecosystem-based management in coastal and pelagic zones.   
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Chapter 3: 

Analytical methods for the detection of 

ecosystem and ecotones: 
Case study of a terrestrial vegetation sequence 

 

 

Introduction: 
Statistical basis for ecotones at the community level: 

 As presented in Chapter 1, there is a current lack of consensus regarding a 

framework for the study of ecotones for entire ecological communities (i.e. a multi-

species/multivariate framework, Ries et al. 2017). The aim of this chapter, centred on 

methodological and analytical approaches, is to propose such a framework.  

 The most complete and consistent framework to date has been proposed by Ries et 

al. (2017), to describe the response of individual species to edge conditions. For 

consistency, their vocabulary will largely be used as a template to be extrapolated at the 

community level. Attempts will be made to adapt some of their concepts – initially 

developed for species distribution patterns – to the level of ecological organisation that 

communities represent. Such attempts implicitly draw on an organismal conception of 

communities or ecosystems (Phillips 1934; 1935a; b), namely that it is possible to describe 

the spatial distribution of communities in a similar way than those of species (see D'Amen 

et al. 2017), with some degree of equivalence to the ecological niche concept (Hutchinson 

1991) at the community level (see chapter 1). The development of an identical ecotonal 

framework at the species level and community level will nevertheless be made, keeping in 

mind that (i) landscapes do present patterns of fragmentation and patchiness (i.e. spatial 

distribution of landscape structures) that are not unlike the distribution of species, or 

populations of species (Macdonald & Johnson 2015) and that (ii) ensuring a consistent 

framework for communities and single species would facilitate comparisons between the 
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two (e.g. when assessing the response pattern of a single species to the entire community 

variation along the ecotone, see Chapter 1, Fig. 1.2 D). 

 A number of statistical approaches have already been used to integrate ecotones in 

ecosystem studies (reviewed in Hufkens, Scheunders & Ceulemans 2009) and it is likely 

that a combination of several of these approaches would offer the best descriptors for 

ecotone investigations. The interplay between the outputs of multiple data analyses, and 

the insights that may arise from their comparison, seems a promising way to improve the 

quantity of information that one can extract on ecotones’ characteristics. The second part 

of this introduction will present the particular set of analyses that will be used throughout 

the rest of the thesis. Attention will be given to the comparison and interaction of the 

outputs, and how this can better test for ecotonal properties to develop an unambiguous 

framework for ecotones at the community level. The aim will not be, therefore, to 

demonstrate which method performs best, but rather to highlight method equivalences, and 

to show how a combination of their respective outputs can refine ecotonal studies. For ease 

of use, the set of analyses presented here have been compiled into a R-package (package 

EcotoneFinder, Appendix 3.1; The R Core Team 2019). 

  

Main data analyses methods: 

Detrended Correspondence Analysis (DCA): 

 Detrended Correspondence Analyses (DCA) were proposed by Hill & Gauch 

(1980), as an improvement of Correspondence Analyses (CA). It corrects for the arch 

effect (curvature of the original gradient in a typical “horseshoe” shape), and the distortion 

of the gradient (often compression at the ends) that were a feature of CA, rendering 

gradient analyses difficult. This problem is addressed through detrending, a method that 

centres the second axis of the CA on zero. More relevant for ecotonal studies, the 

distortion of the gradient is corrected by rescaling, which makes the beta diversity constant 

(per axis unit), and enables this technique to consistently capture community variability 

along gradients (Feilhauer & Schmidtlein 2009). 

 DCA has been used in several studies on ecotone characteristics, as a technique to 

statistically locate ecotone positions (Lloyd et al. 2000b; Walker et al. 2003b; Brownstein 

et al. 2013). These investigations relied on plotting of the first axis site scores of the DCA 

against the actual spatial dimension of the gradient. In such representations, sites that are 

neighbours both in the physical space and in the ordination space appear as plateaux 

(community cores), whereas sites that are close in the physical space but not in the 
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ordination space form steep slopes (ecotones), thus offering a straightforward graphical 

representation of the position of the ecotone along a gradient.  

 

 This method satisfies the prerequisite discussed in previous chapters. It preserves 

the continuity of the data along the sampling dimensions and is sensitive to differing 

degrees of community variation (i.e. larger differences in the first axis score values 

correspond to larger variations in the community composition). 

 It nevertheless also has several problems. The sensitivity of DCA to differing 

degrees of community variation makes the interpretation of noisy data difficult, 

particularly when deciding what level of variation defines an ecotone compared to 

background noise. DCA also optimises its axis scores with regards to the data, which 

complicates the comparison of beta diversity across studies or ecosystems (i.e. across 

different datasets). Although the width of the depicted ecotones would not be affected and 

would remain comparable between studies, the comparison of other ecotone metrics, such 

as the magnitude of change or its abruptness, would not be possible. 

 Another shortcoming of ordination techniques generally, is the inability to produce 

clustered outcome, which hinders their usefulness in defining community types. Although 

the study of ecotones requires continuous data representations, they are only defined 

relatively to their adjoining communities. The capability to define and isolate patches 

remains central to ecology, and to its applications (Parrott & Meyer 2012; Nicholson et al. 

2015; Navarro et al. 2017). Identifying entities along gradients is thus as important as 

conserving its continuous nature. Analytical methods that directly produce clustered results 

are needed to refine DCA results and improve ecotone characterisation.  

  

Fuzzy Clusters: 

 A possible method to solve the apparent contradiction between gradualness and 

patchiness is the use of fuzzy clustering techniques. Fuzzy set theory has been formalised 

by Zadeh (1965) as an alternative to Boolean (or crisp) set theory. Fuzzy earlier 

applications were in computing or industrial problems, but they attracted the attention of 

landscape ecologists for their ability to account for the “inherent fuzziness of biological 

spatial structuring observed in the real world” (Bandelj et al. 2012).  

 In fuzzy set theory, observations (usually sample sites in ecology) are assigned 

membership values in each fuzzy cluster in the range [0, 1], which expresses the degree to 

which the observation meets the definition of each cluster centroid (Roberts 2009). In other 
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words, the fuzzy cluster centroids correspond to the archetypical composition of the 

different community types (Bandelj et al. 2012) and each site is given membership values 

for each cluster, depending on how well the site composition reflects the centroid 

composition. Once plotted against the spatial dimensions of the gradient, the membership 

grades for a given cluster usually present a plateau surrounded by two declining edges, 

corresponding to a community core surrounded by two ecotones.   

 The conceptual validity and efficiency of fuzzy clustering for ecological data has 

already been discussed (Feoli & Zuccarello 2013). The production of overlapping units 

(i.e. clusters), alongside with the continuous nature of membership grades, can reconcile 

studies centred on ecosystems and studies centred on gradients and ecotones – two 

components of the landscapes that should be considered together, but have seldom been 

linked (Cadenasso et al. 2003a; Arnot & Fisher 2007). The continuous nature of the 

outputs also allows for the exploration of edge characteristics, such as the width of the 

transition, the magnitude of change and the abruptness of change, to use the terminology of 

Ries et al. (2017). As fuzzy cluster membership grades are consistently in the range [0, 1], 

these values can easily be compared between studies and ecosystems. Furthermore, 

overlapping clusters produce two distinct edges for every ecotone. Differences in the value 

of some or all of the edge characteristics may thus provide information on the geometry 

and symmetry of the ecotone.  

 Fuzzy clustering nevertheless present two main limitations: (i) the problem of 

choosing the best number of groups in the data, and (ii) the degree of fuzziness to be used 

in the computation.  

Defining the appropriate number of groups in the data is a recurrent drawback of 

many clustering techniques (e.g. k-means clustering or c-means clustering). Several 

protocols have been implemented to support this decision, but there is still no consensus on 

how to resolve the issue. In the next section, through the use of artificial datasets, several 

methods will be explored, including (dis)similarity matrix visualisation (Seo & Obermayer 

2004; Gu et al. 2012), clustergram computation (Schonlau 2002) and fuzzy indices 

calculation (De Cáceres, Font & Oliva 2010), with the aim of proposing a protocol to 

reduce the arbitrariness of this step.  

 The definition of the membership exponent (hereafter m.exp) is specific to the 

fuzzy cluster algorithms. This exponent controls the degree of fuzzification of clusters, 

with higher values leading to increased fuzziness. Most of the time, it is defaulted at m.exp 

= 2, and there is no objective method, to our knowledge, to choose this value. More 
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variable ecological data may particularly require lower values in order to produce clear 

outputs (De Cáceres, Font & Oliva 2010). Although this may provide indirect information 

on the level of heterogeneity – or internal variability – of ecological communities, this also 

introduces an important bias when comparing studies or ecosystems, as it influences the 

shape of the clusters. In particular, ecotone parameters such as the width, the magnitude 

and the abruptness would not remain comparable at varying m.exp values. It is therefore 

crucial to keep constant m.exp if ecotones metrics are to be compared. A more detailed 

assessment of the effect of increasing membership exponents on ecotonal parameters will 

be presented at the end of the “statistical methods on artificial data” section. 

 Despite presenting biases, decisions regarding the number of groups and the m.exp 

also allow for some flexibility in the computation of fuzzy clusters, which provide 

opportunities to explore different types of outcomes. It could facilitate investigating the 

spatial heterogeneity of ecosystems, by providing several classification schemes along the 

same ecological gradient. The comparison between classifications may then offer 

additional insights into the spatial organisation of ecosystems and ecotones, and facilitates 

the selection of the most relevant classification scheme for the specific goals set by the 

investigators. The potential of fuzzy clusters to explore ecological heterogeneity will be 

further discussed when analysing the forest to bog sequence dataset, at the end of this 

chapter.   

 

Slope calculations and Moving Window:  

 The calculation of ecotone metrics requires the computation of derivatives (first and 

second orders), both to access slopes and to better identify the start and end of ecotones. 

There is no basis to assume that ecosystems (edges and cores included) would follow 

consistent distribution patterns across landscapes, such as Gaussian or Bell-shaped curves. 

Few species actually present regular or symmetric distribution patterns (see Austin 1987; 

Austin 2013), and should such patterns exist at the ecosystem levels, they should be 

considered as an à-posteriori result rather than an à-priori assumption.  

 Moving Split Window (MSW) analyses provide a step-by-step way to explore 

variations along continuous irregular functions (reviewed in Erdős et al. 2014). MSW 

relies on the breaking of the continuous variable into segments (or windows) that are split 

in two half-windows. The two half-windows are then compared, usually using a 

dissimilarity function, and the window is shifted forward by one half-window. The 

procedure is then repeated along the entire gradient. This ensures that every half-window is 
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compared to its two adjacent half-windows (Erdős et al. 2014). The graphical outputs 

typically present sharp peaks where rapid changes in the measured variable occur, and 

near-zero plateaux where the measured variable remains stable. The width of the half-

windows is user defined and can vary. It typically corresponds to a single sample unit, but 

several sample units may be pooled together to achieve greater smoothing (i.e. to reduce 

noise) or to access larger scale patterns. As the outputs of different window sizes may be 

compared, MSW analyses provide an easy way to study cross-scale patterns and the 

hierarchical organisation of ecosystems.  

Although MSW was originally designed for dissimilarity measures, similar data 

treatment protocols can be applied on any continuous variable. Furthermore, both the first 

axis scores of DCA and the outcomes of fuzzy clusters can be conceptually linked to 

dissimilarity measures (Roberts 2009; Feoli & Zuccarello 2013). The ease of 

implementation and robustness of the MSW approach also makes it an ideal method to 

extract slopes and inflexion points out of any community metric. This approach has 

already been successfully used for detecting ecotones, either on DCA scores (Walker et al. 

2003b; Brownstein et al. 2013), or on Euclidian distances between sites (Tölgyesi et al. 

2016b). It thus appears to be an efficient and adequate method to refine ecotone detection 

from the analyses described in the two previous paragraphs. 

MSW also presents some drawbacks. In their review, Erdős et al. (2014), 

referenced 10 different dissimilarity indices commonly in use. The range of dissimilarity 

measures and other comparison methods available for comparing the two half-windows 

may confound the comparisons between studies. Similarly, the width of the window is 

user-defined and influences the height and shape of the peaks. These two issues can be 

solved through standardisation and clarity in the method. The selection of significant 

peaks, however, may be challenging (i.e. of portions of the transect that present significant 

community changes, as opposed to background noise). The use of fuzzy clustering and 

DCA before applying MSW analyses might nonetheless help the selection of areas of 

interest, by locating the ecotones beforehand and by reducing the inherent noisiness of 

ecological data. 

 

Biodiversity assessment along ecological gradients: 

Ecotones correspond to areas were the spatial turnover in species composition is the 

highest, thus to peaks of beta diversity. Extracting ecotone metrics is therefore indirectly 

equivalent to measuring gradients of beta diversity. The units from the community 



 40 

summary statistics (DCA axis scores or fuzzy clusters) are, however, poorly transferable 

into species-related units, which complicate intuitive interpretations and linkage with alpha 

diversity measures.  

Biodiversity assessments are central to ecological research, applications and 

outreach (Smythe, Bernabo & Carter 1996; Hillebrand et al. 2017). Numerous indices and 

approaches have been proposed to address the measurement of biodiversity (Jost 2006; 

Hillebrand et al. 2017), and the standardisation and clarity of the approaches are critical to 

ensure the comparability of the outcomes (Chao et al. 2004). Measuring alpha and beta 

diversities remain debated in the literature (e.g. Baselga & Leprieur 2015; Podani & 

Schmera 2016). Resolving these issues is beyond the scope of this thesis, and several 

indices are made available in the R-package compiled in this work. Some approaches, 

however, seem promising for the field of comparative ecology and will thus be presented 

here. 

A unified family of diversity indices have been quite recently reintroduced to 

ecology, in the form of the Hill’s numbers (originally developed by MacArthur 1965; Hill 

1973; see Jost 2006; Jost 2007; Chao et al. 2014;). These diversity indices are intuitively 

comparable, as they are all expressed in units of “effective numbers of species”, which 

may be understood as the number of equally abundant species that would be required to 

give the same value of a diversity measure (Chao et al. 2014). Thus, when using these 

indices, a site that has a diversity value twice as big as another is indeed twice as diverse. 

Furthermore, their calculation does not require extensive mathematical expertise. Many of 

the most commonly used diversity indices in the literature can be readily transformed into 

Hill’s numbers, through simple mathematic transformations. The Shannon entropy, for 

instance, becomes a Hill’s number through exponential transformation (Jost 2006). Given 

the adequacy of information theory for diversity measurements and its widespread use in 

ecology, particular focus will be given to the exponential of the Shannon entropy in this 

work.  

  Comparing the difference in effective number of species between two separate 

samples is an adequate way to access beta diversity in comparable units (Jost 2007). 

However, the definition of fuzzy sets, or indeed the continuity of gradient analyses, 

obscure the distinction between samples and render obsolete the consideration of samples 

as separate entities. In such circumstances, the recourse to ecological networks, keeping 

the links between species and groups of species, may assist the assessment of beta diversity 

in species-related units (Schmidt, Rodrigues & Mering 2017; Lenormand et al. 2019). 
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Many network metrics proposed in these studies rely on network theories and topologies, 

making it difficult to discern species-related units. The recourse to such computational 

procedures is dictated by the lack of data mining prior to the network computation. The use 

of fuzzy clustering, and of the set of overlapping clusters that it creates, as a preparatory 

step to build ecological networks may produce more intuitive networks, in which the links 

between communities directly appear as number of shared species. This type of analytical 

protocol has the potential to bring together the definition of ecological entities as fuzzy sets 

and the measurement of biodiversity in terms of effective number of species.  

Networks, particularly those with many nodes, have several equally correct 

graphical representations. The relative placement of the different nodes should thus be 

interpreted with care. To supplement visual assessment, the number of statistical 

communities in the networks will be explored using a spinglass algorithm (Reichardt & 

Bornholdt 2006). This procedure has been chosen for its ease of implementation (igraph 

package, Csárdi & Nepusz 2006), and its suitability for the detection of communities in 

networks (when compared to other methods, see Yang, Algesheimer & Tessone 2016; 

Rahiminejad, Maurya & Subramaniam 2019).  

 

Distances and data transformation: 

 Selection of distance and (dis)similarity calculations for multivariate analyses are 

critical in ecology, and can have major impacts on the outcome of these analyses 

(Legendre et al. 2001; Legendre & De Cáceres 2013). Following the recommendations of 

Legendre & De Cáceres (2013), the fuzzy cluster analyses will be performed after 

Hellinger transformations, when dealing with community data, and after Euclidian distance 

calculations, when dealing with environmental data. These data treatments are regarded as 

more adequate for ecology, when compared to the more common Bray-Curtis 

transformation (Legendre et al. 2001). In particular, the Hellinger transformation respects 

the requirements for the assessment of beta diversity (Legendre & De Cáceres 2013).  

 Given the multitude of measures that have been proposed in the literature – each 

exploring various aspects of sample-to-sample comparisons (see Ricotta 2018) – several 

methods have been implemented in the R-package compiled for this thesis (through the 42 

methods implemented in the philentropy package, Drost 2018). Besides providing different 

ways to explore ecological datasets, distance measures will be used to decide on the 

optimal number of groups in the data. The visualisation of distance matrices is a possible 

approach to explore the structure of the original data (see fuzzy cluster subsection), but this 
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requires consistency between the metric used to visualise the data and the one used for the 

cluster analyses that it is supposed to support. A potential candidate to fulfil that role is the 

inner-product matrix, as it is not influenced by further data scaling or transformation (de 

Rooij 2007), is consistent with the internal computation strategies of fuzzy clusters 

(particularly fuzzy c-means, see Fahiman et al. 2017) and ordination techniques (Gower, 

Groenen & van de Velden 2010), and has been shown to accurately capture the clustering 

structure of data (Purdom 2011; Jenssen 2013). The use of inner product space is already 

widespread in ecology through the use of many correspondence analyses (Gower, Groenen 

& van de Velden 2010). It has been advocated to produce more meaningful graphical 

representations (e.g. Purdom 2011) and its use will be extended here for the computation 

of networks for both species and fuzzy cluster relations. 

  

Application to data series: 

 The availability and analysis of time series is a requirement for ecological 

monitoring (Borja et al. 2016; Dick et al. 2018). To facilitate their integration in ecotonal 

studies, some of the functions provided in the R-package have been extended to deal with 

time series in an automated way. In the sections below, examples will be given to 

demonstrate the adaptability of the proposed analytical framework to time series and 

highlight some outcomes regarding the dynamic of ecological systems.  

 

Validation strategies: 

 In the following sections, the R-package containing the different analytical methods 

will be presented. The order of presentation will follow a function-by-function protocol, 

from the creation of artificial data to the extraction of ecotone and community metrics.  

 The use of artificial data – with known patterns – is a powerful evaluation method 

for statistical approaches (Austin, 2007), as it is not hindered by the unknown nature of the 

actual relationship between variables, and by the high level of variability of field data 

(Austin, 2007; Schweiger et al. 2016). The use of artificial data will also provide a 

practical workflow for the presentation of the R-package. 
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Artificial data are nevertheless influenced by the theoretical assumptions under 

which they are constructed (Austin, 2007), particularly regarding the shape of species 

distribution or abundance curves (Austin 2013), and the linkage between known species 

assemblage and community structures (D'Amen et al. 2017). In the last part of this chapter, 

the proposed workflow will be tested on an field data from a forest-to-bog gradient in the 

South Island of New Zealand. These data have already been analysed by Brownstein et al. 

(2013), and they will be used as a baseline to assess the capacity of the proposed methods 

to produce meaningful results. 

 

Statistical methods and artificial data: 
R-package: General structure: 

The general structure of the methodological approach and of the R-package is given 

in Fig. 3.1. It can be decomposed in several main sections: (i) the exploration of the 

internal structure of the data, notably to define the optimal number of clusters, (ii) the main 

analyses for the study of ecotones (fuzzy clusters and DCA, but also the calculation of 

diversity indices), (iii) the plotting functions, to allow efficient visualisations of 

communities and ecotones, (iv) the computation of slopes (i.e. first and second derivatives) 

to access several ecotone parameters and (v) the exploration of the fuzzy cluster centroids 

to better define community compositions. The entire process can be repeated over data 

series, but several particular functions are provided to access community dynamics and 

relations between series (e.g. community networks and common species counts, in (vi)).  

The complete descriptions of the functions implemented in the R-package are given 

in Appendix 3.1.  

 

Generation of artificial data: 

 The first step to explore the efficiency of the set of analyses provided in the R-

package is the production of artificial ecological datasets, with known patterns. Artificial 

data are produced with the SyntheticData function of the package (see Appendix 3.2, 

section 1 for code examples; Fig.3.2 A.1-A.3). The rationale for providing three examples 

is to test the ability of several approaches to reveal the internal structure of the data, e.g. to 

better define the optimal number of clusters. Before that, however, the theoretical 

assumptions on which the artificial data rely should be discussed. 
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A major assumption of these artificial data is the generation of symmetric Gaussian 

shaped species response curves. These types of response curves were first introduced by 

Gauch & Whittaker (1972), to fit the species in their data, but were soon proven to be far 

from universal (see Austin 1987; Austin 2013). This assumption introduces biases in some 

ordination methods, like the horseshoe effect of Principal Component Analyses, where the 

curvature of the “horseshoe” is a function of the degree of overlap between species 

distributions (Swan 1970). This artefact is nevertheless corrected in other ordination 

methods, like DCA, and absent from fuzzy clustering. 

Producing bell-shaped curves facilitates the design of known patterns in artificial 

data and reduces the number of parameters to control to create them. It has thus been 

decided to continue with this assumption, rather than trying to introduce more complex 

asymmetrical response curves, themselves carrying other sets of assumptions (see Austin 

2013). 

 Besides the response curves of single species, the rules of community assembly 

remain poorly described by current ecological theories, and require assumptions to be 

made prior to the design of artificial data. The assumption taken here is that ecological 

communities are defined by the spatial co-occurrence of species, without further 

knowledge on their interaction types or functions. The type of data generated has been 

chosen to correspond to abundance values (or percent coverage), rather than 

presence/absence, as it conveys more information on community structures (Blanchet, 

Legendre & He 2016) and can detect more subtle ecological patterns (Sgarbi et al. 2020). 

For ecotonal studies, abundances allow for investigations regarding species edge 

preferences, that would remain undetected by presence/absence data only (Ewers, Marsh & 

Wearn 2010; Pfeifer et al. 2017). The impact of presence/absence data on the particular set 

of analyses presented in this chapter will be further discussed at the end of this section. 

Though communities are defined by co-occurring species, a certain degree of variability in 

the parameters of the curves has been introduced, to avoid unrealistic homogeneity in 

species distribution patterns (see Legendre 2019).  

 The recourse to actual vegetation data – in the last part of this chapter – will help 

validating the proposed methodological approaches in the absence of these assumptions. 
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Internal structure of the data: 

 The three artificial datasets used as examples differ by their number of 

communities (2, 3 or 4 communities). The DistEco function can be used to produce 

graphical outputs designed to explore the internal structure of the data (see Appendix 3.2, 

section 2, for codes). The heat-maps correctly distinguished the expected number of groups 

in the data, which appear as lighter squares along the matrix diagonal (highlighted by blue 

rectangles, Fig.3.2 B1-B3). Similarly, after performing the spinglass algorithm, the number 

of communities in the species networks corresponds to the number of expected 

communities in the data (Fig. 3.2 C1-C3). It could therefore be expected that these two 

approaches would provide useful insights into the unknown structure of ecological data 

and reduce uncertainties for further data mining.  

 

Main gradient analyses and their visualisation: 

 Once uncertainties about the internal structure of the data are resolved, fuzzy 

clustering functions can be applied (see Appendix 3.2, section 3, for codes, Fig. 3.3 A). 

The typical shape of the clusters, with a distinct community-core plateau and a 

community-edge slope, is recognisable. The intersection of the two fuzzy clusters matches 

the position of the intersection between the two artificial communities (at 250 distance 

units along the gradient), thus correctly indicating the position of the ecotone. Other 

metrics can be extracted from the evolution of the membership grades along the gradient 

(see the “Derivatives and Ecotone parameters” section), but this simple plot can already 

resolve the position of the different communities and of the ecotone. 

 Detrended Correspondence analyses were performed with the same function (Fig. 

3.4 A). The results of the DCA and fuzzy clusters appear equivalent, as the additional axes 

of the DCA (Fig. 3.4. B), or the derivative of the first axis (Fig. 3.4 C) similarly identify 

the centre of the ecotone at 250 distance units. DCA have already been widely used for 

ecotone detection, and is thus trustable. The present comparison therefore demonstrates the 

validity of using fuzzy clusters for locating ecotones. Some differences are, however, 

visible: the DCA produced a wider ecotone and narrower community cores (with a Depth 

of Edge Influence of 435 distance units compared to 240 distance units for the fuzzy 

clusters, in the given example, see Fig. 3.3 B and 3.4 C). The ecotone parameters (AEI, 

DEI and MEI) are thus impacted by the method (fuzzy clusters or DCA), and a single 

method should be selected when comparing these parameters between different datasets. 
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 Note that both the derivatives of fuzzy clusters and of the DCA produced identical 

wavelet patterns at the edges of the gradient (Fig. 3.3 B and Fig. 3.4 C). These patterns 

disappear when no variations in the centre of the species curve response are introduced in 

the artificial communities (not presented here). These wavelets are thus the result of the 

slight differences in single species response (i.e. the exact point at which the artificial 

species abundances start increasing/decreasing along the gradient) that have been 

introduced in the artificial data. The spatial delay of species response to a gradient would 

be an interesting characteristic of ecotone, however, real species curves are likely to 

deviate from the Gaussian model used for the artificial data, and the appearance of such 

patterns in actual ecological datasets should not be over interpreted.  

 

Derivatives and Ecotone parameters: 

 The next steps consist in extracting quantitative metrics on ecotone characteristics 

and facilitate cross-studies comparisons. With the use of the Slope function, it is possible 

to obtain the community equivalents of the Magnitude of Edge Influence (MEI) and the 

Depth of Edge Influence (DEI) proposed by Ries et al. (2017), for the responses of 

particular species to edge conditions. Additionally, the first derivative allows for the 

computation of the Abruptness of Edge Influence (AEI), defined as the mean slope over 

the ecotone, and of the maximum Abruptness of Edge Influence (AEImax), defined as the 

maximum of the first derivative along the ecotone (see Fig. 3.3 A-C). The use of fuzzy 

clusters is preferred for the computation of these ecotone metrics, as they produce ecotones 

with two distinct edges, corresponding to the particular response of the two adjacent 

communities. It thus becomes possible to address ecotonal properties like asymmetry or 

mosaicity (e.g. as successive peaks of the fuzzy clusters along the ecotone). It also 

facilitates assessments regarding the response of a community to, for instance, an 

environmental gradient (or any other component of the ecosystem). Furthermore, when 

computed on fuzzy clusters, these parameters are expressed in membership grades 

differences, units of distance and membership grade differences per units of distance 

respectively, making them comparable between studies.  

 The DEI and AEImax are directly computable, and do not require additional 

decision-making. The MEI may, however, require some level of decision-making, as the 

inherent variability and noise introduced by actual data may obscure the starts and ends of 

ecotones. The computation of derivatives (including derivatives of the second order, to 

access inflection points) may nevertheless support these decisions. 
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Community composition: 

 Accessing the species composition of ecological communities – and more 

generally, the cluster characteristics – is key for conservation strategies and ecosystem-

based management. Fuzzy clusters can produce relatively more complex outcomes for the 

interpretation of community compositions. The ExtractCentroid function is designed to 

provide a quick way to visualize the species relative contribution to each clusters (see 

Appendix 3.2, section 4, for codes, Fig. 3.5 A-C) in the form of a bar-chart. Fuzzy 

algorithms allocate non-zero membership grades for every species in each cluster, thus 

producing outputs that are equivalent to probabilities. 

In the given examples on the 2-communities artificial dataset, the important degree 

of overlap between the 2 communities consistently produces relatively high contributions 

(up to 25%) even for species belonging to the other community. This highlights the 

probability of finding any species at any point along the gradient, and the importance of 

abundance patterns in defining community types. 

 The different visualisation methods are proposed to provide more meaningful units 

for the understanding of the species contribution in the clusters. When normalised by 

species, each species is brought to a total of 1 (or 100) in each cluster. Although mostly 

equivalent, the two representation types may offer more or less interpretable graphs 

depending on the total number of species. When normalised by clusters, the total of each 

cluster across species is 100, thus highlighting which species contribute the most to a given 

cluster. In such representations, foundation species or keystone species are expected to 

score higher than either ubiquitous species or rare species, as they may act as hubs in the 

species interaction networks of their community type (Benedek, Jordan & Baldi 2007; 

Berry & Widder 2014; Ellison 2019). 

 The CommunityColor function provides another way to visualise species 

partitioning into communities. It translates the results of the fuzzy clusters into a crisp 

partition to re-allocate species to a single cluster (using a majority rule) and produce a 

corresponding colour code. The two examples given in Fig. 3.5 D-F demonstrate the 

capacity of that procedure to distinguish between communities containing representative 

species and communities that are strictly defined by patterns of abundance. This distinction 

could provide a test for the existence of ecotonal species preferences. In the given 

example, it makes clear that no artificial species display ecotonal preferences, as none of 

them have an important role in defining the centroid of the ecotonal cluster of Fig. 5. E 

(which is therefore only different in terms of patterns of abundances).  
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Alpha Diversity Indices: 

 The evolution of diversity indices along community gradients provides a quick way 

to test for some of the most common assumptions on ecotones. The R-package implements 

calculations of species richness (Fig. 3.6 B), the Shannon entropy (Fig. 3.6 D), the Pielou’s 

evenness (Fig. 3.6 E) and the exponential of the Shannon entropy (Fig. 3.6 C, in effective 

number of species, Jost 2006). The artificial data provided as an example produce a clear 

peak in alpha diversity in the ecotone. However, this pattern is the result of the conceptual 

framework used to produce the data and thus cannot be extrapolated to real world data. It is 

also clear that this pattern is a direct function of the degree of overlap between the two 

artificial communities. 

 

Data series and beta diversity:  

 The R-package also implements functions that directly run the previous analyses on 

data series (to be understood here as a time series, but in practice, the functions can also be 

applied on a series of sampling sites or other grouping designed by the end-user). Their 

implementation is mostly proposed for convenience, as they are equivalent to running the 

former analyses on each portion of the series. Some additional analyses are nevertheless 

incremented to integrate across series relationships. The Fig. 3.7 A-E presents a simple 

example of data series (see Appendix 3.2, section 5, for codes) in which the positions of 

the two communities gradually shift toward the right end of the gradient (as if following 

the spatial shift of an environmental gradient, A & B). The relatedness of the two 

community types can be represented by network analyses (Fig. 3.7 C-D). For this simple 

case, the two community types stay consistent (Fig. 3.7 C), as highlighted by the strong 

links that unite them regardless of the series evolution (labelled “Time 1” to “Time 5” in 

the example). In the event of cyclic patterns (e.g. seasonality) or of site similarities (e.g. if 

the series consists of different sampling sites instead of sampling times), it could be 

expected that stronger links would appear between series.  
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The Fig. 3.7 E presents a distance matrix visualisation based on a count of common species 

between clusters. This is done by selecting the most representative species of a community, 

according to a threshold value in the fuzzy cluster centroids, and counting the number of 

common representative species between clusters (following the work of Bandelj et al. 

2012). This represents a measure of community (dis)similarity with effective number of 

species. In the given example, although the two communities overlap, they do not share 

any representative species. They both contain 40 different species (for a total of 80 species 

along the gradient), and the complete turnover in species composition in these artificial 

data indeed implies that they differ by 40 species. This procedure will be used in this PhD, 

on real-world data, to examine beta diversity between communities (see chapter 5). 

 

Additional tests:  

Presence-Absence or abundance data: 

The ability of abundances data to capture additional aspects of community 

structure, when compared to presence/absence data, has already been discussed (Blanchet, 

Legendre & He 2016; Sgarbi et al. 2020), including when addressing species distribution 

patterns around ecotones (Pfeifer et al. 2017). In order to better assess the impact of these 

different data types on the analytical methods presented so far, the “2-communities” 

scenario has been transformed into presence/absence data (Fig. 3.8 B.1), to compare results 

with analyses using abundance (Fig 3.8 A.2-4 and Fig. 3.8 B.2-4). To refine the 

comparison, another scenario is examined, in which the variability in the centre of the 

species response curves is greater (corresponding to an increased spatial asynchrony in 

species response curves, see Fig. 3.8 C.1-4 and D.1-4).  

Overall, DCA and fuzzy clusters produced very similar results for all datasets. The 

effects of the type of data were also similar on the outputs of these two analyses. In the 

most schematic scenarios, presence/absence data over-represented ecotonal communities 

(Fig. 3.8 B.2-3) by rendering the overlap between the two artificial communities 

homogeneous. In this case, the fuzzy clusters were unable to describe the expected 

community structure along the gradient (Fig. 3.8 B.3). This issue was buffered by the 

introduction of higher variability in the species response curves (achieving a more realistic 

artificial community structure, see Legendre 2019), and both methods achieved satisfying 

community representations, even with presence/absence only data (Fig 3.8 D.2-3).  
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Presence/absence data nevertheless generated step-like curves in both DCA and 

fuzzy clusters, considerably hindering the interpretation of derivatives, and thus the 

extraction of ecotone parameters (AEI, DEI and MEI). In terms of alpha diversity, 

presence/absence data cannot distinguish between species richness and, for instance, the 

Shannon entropy (i.e., it does not distinguish between rare or common species, see Jost 

2007, see Fig. 3.8 A.4 to D.4). This implies that patterns of ecotonal preferences or 

avoidances cannot be assessed with presence/absence data. It furthermore generated a 

displaced species richness peak in the last scenario (Fig. 3.8 D.4), indicating that 

presence/absence data may bias species richness assessment along ecological gradients. 

From this, it appears that abundance data are more adequate for the study of 

ecotones, and should be favoured in investigations aiming at characterising them.  

 

Effects of the membership exponent on ecotone parameters: 

 As explained in the presentation of fuzzy cluster analyses (see ˝Fuzzy clusters” 

subsection), the membership exponent (m.exp) controls the degree of fuzzification of the 

clusters, and considerably impacts their shapes. Its effect on the different ecotone 

parameters was further explored with the use of artificial data. To do so, fuzzy clusters 

were constructed with increasing m.exp on the same “2-communities” scenario (from 

m.exp = 1.1 to m.exp =10, Fig. 3.9 A.1-3), and the evolutions of the ecotonal parameters 

were recorded (Fig. 3.9 Fig. 3.9 B1-4). This was then repeated with different levels of 

variability in the centre of the species response curves of the artificial communities (Fig. 

3.9 C.1-2), to assess whether the obtained patterns would remain consistent or would 

change depending on the internal variability of the data (Fig. 3.9 D-G). 

 As the m.exp increased, the evolution of all of the ecotone parameters followed a 

exponential growth (or decay) with a upper (or lower limit), of the form: 

 𝑃𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟 = 𝑎 + (1− 𝑎)(1− 𝑒! × !.!"#!),  

where 𝑎 corresponds to the limit, and 𝑘 and 𝑏 control the steepness of the slope. For all 

parameters, the plateau of the curves were reached at m.exp values that are higher than the 

optimal values recommended for the analyses of ecological data (around 2, see De 

Cáceres, Font & Oliva 2010). This implies that ecotonal parameters remain highly 

sensitive to variations of m.exp in the range of interest for community ecology. 

Membership exponent values should thus be standardized for comparison purposes.  
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The use of the formula above may nevertheless provide a way to compare ecotone 

parameters from fuzzy clusters computed with different m.exp. The evolution of the 

parameters of the formula, however, appeared mostly unpredictable with increasing 

variability in the artificial communities (Fig. 3.9 D-G, with the possible exception of the 

MEI). Caution should therefore be exercised in the use of that formula, and it appears that 

standardization of the m.exp when comparing ecotone parameters extracted from different 

datasets still is the most reasonable choice. 

 Importantly, however, the variations of m.exp did not impact the positions of the 

centre of the ecotones (Fig. 3.9 A.2-3). Although it modifies the shape of the clusters, and 

thus the ecotone parameters, it does not modify the positions of the clusters. 

 

Additional comments and conclusive remarks: 

 This workflow, presented with the use of artificial data, provides a step-by-step 

explanation of the data analyses that will be used throughout this study. The operability of 

these analyses for ecotonal investigations, and their capacity to produce outputs that are 

relevant to the framework presented in chapter 1, is also tested. To summarize: 

• Fuzzy clusters and DCA (which had previously been used for ecotone detection) 

produced comparable results and correctly located ecotones. Fuzzy clustering is 

therefore a valid method for ecotone detection. 

• Ecotone parameters (the Abruptness of Edge Influence, Depth of Edge Influence 

and the Magnitude of Edge Influence) can be extracted from these analyses and 

refine ecotone descriptions. 

• The shapes of fuzzy clusters – by clearly representing the edges of the adjacent 

communities – allow for the exploration of potential differences in adjacent 

community edge characteristics (e.g. asymmetry). 

• Additional to characterising ecotones, the same set of analyses also characterise the 

surrounding ecological communities, thus integrating ecotone and ecosystem 

studies using common approaches and metrics. 

• Abundance data types are more adapted for ecotone characterisation than 

presence/absence data. 

• The membership exponent of fuzzy clusters should be standardised to ensure 

comparability. 
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Case study of the Lenz bog dataset: 
Background: 

 The dataset used to further validate the method has previously been analysed by 

Brownstein et al. (2013). The goal of their study was the statistical detection and 

characterisation of ecotones. It thus provides an adequate baseline to validate the 

methodological approach proposed in this chapter, and explore its ability to refine previous 

results on ecotones. 

 Brownstein et al. (2013), conducted their sampling in South Island, New Zealand, 

in an area where vegetation change from ombrogenous bogs (dominated by the wire rush 

Empodisma minus; Restionaceae) to tall Podocarpaceae/angiosperm forests (dominated by 

members of the Podocarpaceae). Their sampling design consisted of a grid of contiguous 

0.5x0.5 m quadrats, 55 m long and 10 m wide (i.e. 10 rows of 110 quadrats). Vegetation 

sampling in each quadrat recorded shoot presence/absence of all vascular plants. 

Environmental parameters were also recorded along the grid, at varying intervals (soil pH, 

light intensity, elevation, peat depth and canopy height). Such intensive and continuous 

sampling is well suited for gradient analyses, and the authors used the variation of the first 

axis of a DCA along the gradient, together with the computation of the associated 

derivatives to locate the ecotones. Their initial analyses identified 2 main ecotones: a first 

one between the bog and the “edge forest” and a second one between the “edge forest” and 

the “tall forest” (for clarity, this terminology will be followed). Their analyses, centred on 

the testing of diversity and mosaicity patterns, led the authors to adopt a rather 

idiosyncratic view on ecotone characteristics, and to conclude: “it is probably a mistake to 

lump all these situations as ‘ecotones’. The type of ecotone, its cause, is likely to affect its 

properties”3.  

 In the following section, the set of analyses presented in the first half of this chapter 

will be implemented in an attempt to refine these results.  

 

Results: 

 The variations of the first axis of the DCA along the grid – as in Brownstein et al. 

(2013) – is reproduced in Fig. 3.10 A. It follows a typical sigmoid shape along the 

community gradient (highlighted by the overlaid curve, local polynomial regression 

                                                
3 The reader is encouraged to refer to the original publication for more details, see Brownstein	et	al.	(2013). 
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fitting). The numbered arrows locate the two steepest parts of the curves (around 20 metres 

and 30 metres respectively), that have been used to identify the ecotones’ locations in 

Brownstein et al. (2013).   

 Before computing fuzzy clusters, the internal structure of the data was explored. 

The corresponding heat-maps, both for vegetation and environmental data, are presented in 

appendix (inner-product matrix, Fig. A. 3.1 A-B). Two main groups are apparent in the 

community data, with one of the group potentially sub-dividable into two smaller groups. 

The environmental data are more clearly separated in three groups, with one of the possible 

clusters being more clearly separated and homogeneous than the two others. 

 The fuzzy clusters have therefore been parameterised to build two and three 

clusters for the community and environmental data, respectively (Fig. 3.10 B & D). This 

results in the transition between the two community clusters occurring around 20 metres 

(from 16m to 26.5m), corresponding to the passing from the bog to the forest (both its 

“edge” and “tall” sections), while the second ecotone between the edge and the tall forest, 

identified by Brownstein et al. (2013), is not represented. For consistency with Brownstein 

et al. (2013), and to match the number of environmental clusters, a second scenario with 

three community clusters is presented (Fig. 3.10 C). To do so, the membership exponents 

of the algorithm had to be reduced to 1.35 (compared to the initial value of 2). This 

increases the degree of fuzziness of the clusters to cope with the inherent variability of the 

data. Modifying the m.exp impedes the comparison of ecotone parameters between these 

two scenarios (hereafter referred as vegetation classification schemes), but allows for an 

examination of the different ecological components of the vegetation sequence. As a result, 

the bog community cluster appears to be better defined (i.e. with a higher and more stable 

plateau, keeping an ecotone centred at 20m – though narrower, from 18m to 22m) while 

the initial forest cluster breaks into an “edge-forest” community and a “tall-forest” 

community, around 30 metres along the transect (from 28.5m to 40m), corresponding to 

the second ecotone of Brownstein et al. (2013).  
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The spatial positions of the community and environmental clusters broadly 

coincide, although the community clusters transitions consistently occur 1 to 3 meters after 

the environmental cluster transitions (Fig. 3.10 E). Community and environmental clusters 

also differ in other parameters. The detail of their characteristics is given in Table 3.1, 

containing the Abruptness of Edge Influence (AEI and AEImax), the Magnitude of Edge 

Influence (MEI) and Depth of Edge Influence (DEI). Overall, the ecotone characteristics of 

the 2-community scenario were smoother (lower AEI values and higher MEI and DEI 

values) than those of the first ecotone of the 3-community scenario, and of the first 

transition of the environmental clusters. 

The 3-community scenario and the environmental clusters shared relatively similar 

values in all metrics for the first transition between the bog and the forest edge. When 

passing from the forest edge to the tall forest, however, the ecotone presents smoother 

characteristics than the environmental transition (i.e. lower AEI and MEI, and wider DEI), 

indicating important discrepancies between environmental and community changes. In 

particular, the Depth of Edge Influence of the community ecotone was nearly three times 

wider than the Depth of edge Influence of the environmental transition (11.5 metres 

compared to 4 metres). 

Next, the composition of the cluster centroids was extracted, to explore the 

environmental conditions corresponding to the different clusters (Fig. 3.10 Box), and the 

species compositions of the communities (Fig. 3.11 A-B). The box in Fig. 3.10 presents the 

representative environmental values for the three environmental clusters. Most of the 

environmental differences were explained by a combination of light and levelling values, 

as the pH was more variable along the grid.  

As for the community clusters, the two classification schemes are presented (2 and 

3 fuzzy clusters, corresponding to Fig. 3.11 A and B respectively), to highlight two points: 

(i) the bog community always presents fewer but more highly representative species 

compared to the other communities (high values for the bog community cluster in Fig. 3.11 

A and B), and (ii) the split of the forest cluster into an edge-forest and tall-forest clusters 

does not create an intermediate cluster containing species from both sides (from both the 

bog and the forest), but rather split the initial forest community into two (Fig. 3.11 A-B). 

The intertwinement of the edge-forest community and the tall-forest community is 

highlighted by the similarities in their centroid compositions, as some species effectively 

have equivalent contributions in both clusters, while others more clearly contribute to one 

of the two sub-communities.   
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To examine species responses along the grid, the complete species-specific curves 

are presented (Fig. 3.12 A), coloured according to their communities. The full list of 

species codes and names is given in appendix (Table A. 3.1), but a few species response 

curves are highlighted for each community. The wire rush (Empodisma minus, Fig. 3.12 C) 

was an obvious and important component of the bog community, together with the pigmy 

pine (Lepidothamnus laxifolius, Fig. 3.12 D), the tangle fern (Gleichenia dicarpa, not 

presented) and the inanga (Dracophyllum longifolium, Fig. 3.12 B). On the other end, the 

tall forest community was notably represented by the kamahi tree (Weinmannia racemosa, 

Fig. 3.12 J), the miro or brown pine (Pectinopitys ferruginea, not presented), a species of 

bastard grass (Carex sp., Fig. 3.12 I) and the myrtle Neomyrtus pedunculata (Fig. 3.12 H). 

The edge forest community was characterised by less abundant species, among which 

some small trees such as the haumakoroa (Raukaua simplex, Fig. 3.12 F), as well as a 

number of taller species seedlings, including rimu seedlings (Dacrydium cupressinum, Fig. 

3.12 E) and mountain totara seedlings (Podocarpus laetus, Fig. 3.12 G). 

 The emergent diversity patterns from these assemblages of species were then 

explored (Fig. 3.13 B-C) and related to the positions of the different communities and 

ecotones (presented again in Fig. 3.13 A, for clarity). The effective number of species 

(exp (𝐻′)) is presented (Fig. 3.13 B). The first ecotone from the bog to the forest edge 

coincided with a sharp increase in diversity, from 5-10 effective numbers of species (per 

quadrat) in the bog to 25-30 effective numbers of species in the forest edge (corresponding 

to a minimum threefold increase). The ecotone itself was not the location of the diversity 

peak, but rather marked its beginning, as the diversity stayed high throughout the forest 

community. Between the forest edge and the tall forest, the second ecotone corresponded 

to a local peak of diversity (from 25-30 effective numbers of species on both sides to 32-40 

effective numbers of species per quadrat). Well inside the tall forest community, the last 

portion of the grid was characterised by a sudden drop in diversity (around 46 metres), 

down to about 10 effective numbers of species per quadrat. This last drop in diversity 

remains unexplained by the proposed vegetation classifications. 
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An additional test with 4 fuzzy clusters was carried out to try and account for this 

diversity drop within the forest (not presented here). The results show that the positions of 

the first two ecotones remain unchanged, although they become sharper, while the fourth 

cluster steadily increases throughout the forested part of the grid (from around 18 metres) 

to finally reach its plateau at 46 metres. This last cluster corresponds to the low-diversity 

end of the sequence. This vegetation classification, however, now produces two edge-

forest clusters (one near the bog and one near the tall forest), which complicate the overall 

interpretation. 

Lastly, the Fig. 3.13 C presents the diversity patterns for mature plants versus 

seedlings along the forest-bog gradient. Both presented similar patterns throughout the 

grid, with seedlings diversity being consistently lower than mature plant diversity. 

Interestingly, the seedlings diversity was at its minimum in the bog community (at 1, in the 

case of exp (𝐻!), when no species is recorded), and fell back to its minimum at the very 

end of the grid. 
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Discussion: 

 The aims of this chapter section were twofold: (i) testing the applicability of the 

proposed methodological framework for the study of ecotones on real-world data, and (ii) 

refine the results of Brownstein et al. (2013), to provide a terrestrial case-study for the 

meta-ecosystem approach used throughout this thesis. 

 

It is unlikely that any single representation scheme would be able to capture the 

complexity of ecological systems (see Nakamura, Gonçalves & Duarte 2019). The view 

adopted here is that different representations can support one another and provide 

complementary information to improve our understand of ecotones as a whole. Comparing 

different scenarios (2-clusters, 3-clusters, DCA) instead of selecting one, may bypass some 

assumptions regarding the choice of a correct or “best” representation strategy for a given 

ecological phenomenon, and offer additional opportunities for its explanation. 

Generally in vegetation science, forest edges are considered as areas of interest, but 

not as separate communities (e.g. Lloyd et al. 2000b; Walker et al. 2003b; Pfeifer et al. 

2017). This corresponds with the 2-clusters scenario where two main communities (bog 

and forest) were identified, with a gradual ecotone spanning 10 metres, from which it is 

possible to extract ecotonal metrics consistent with the single-species framework of Ries et 

al. (2017). The width of this ecotone is consistent with those recorded by Lloyd et al. 

(2000b) (excluding those of anthropogenic origins), and by Walker et al. (2003b), for 

similar bog to forest transitions in New Zealand, as they all vary between 6 and 15m. If the 

width of ecotones at the edge of these New Zealand forests is indeed consistent, these 

numbers (between 6 and 15m) could serve as proxy for studies that aim at taking ecotone 

into account, be it for mapping efforts or for the design of conservation strategies (e.g. 

concerning species with ecotonal preferences).  

The two communities drastically differed in species compositions. Their transitions 

corresponded to decreasing understory irradiance induced by the developing canopy, 

creating contrasted environments for vegetation. This representation, however, only allows 

for broad considerations on diversity patterns. In the 2-clusters scenario, vegetation 

diversity appears much lower in the bog than in the forest ecosystem, with an increase in 

diversity only partially coinciding with the ecotone, and an unexplained diversity drop well 

inside the forest. These patterns would be difficult to explain as such, and the comparison 

with the 3-clusters scenario provides additional information.  
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The vegetation sequence produced by the 3-clusters scenario is more similar to the 

one presented in Brownstein et al. (2013), with identical positions for the resulting two 

smaller ecotones. Additionally, the positions of the different community clusters now 

match the positions of the environmental clusters, indicating that both environmental 

transitions impacted vegetation type. This 3-clusters classification thus gives more weight 

to ecological significance and the representation of ecosystems (i.e. environment plus 

community), than to the initial exploration of the internal structure of the community data 

(which highlighted two main groups). By dividing the initial forest cluster into two sub-

groups, the separation between a bog and a forest ecosystem is nevertheless retained. The 

accuracy of the forest classification is improved, and its edge is now a distinct ecological 

entity. As suggested by several authors (see Pfeifer et al. 2017), it is mostly characterised 

by patterns of species abundances. Many “tall-forest” associated species extended well 

over the edge area, although the peak of their response curves only occurred toward the 

end of the sequence. Conversely, the species associated with the edge-forest were more 

abundant in it, but not restricted to it.  

 In this 3-clusters scenario, the ecotone is now considered as a distinct community 

(see definition box, chapter 1), with its own species composition. Representing an ecotone 

as a community may sound counter-intuitive, but is not contradictory with the concept of 

ecotone, and corresponds to what Basset et al. (2013) labelled first order and second order 

ecotones. The species composition of the edge-forest cluster may then be considered as 

ecotonal (keeping in mind that the edge-forest community corresponds to the ecotone of 

the 2-clusters scenario). Nevertheless, given the spread of the centroid scores between the 

two forest clusters (tall and edge) and the variability in the shapes of the species response 

curves, an edge preference terminology would seem more relevant.  

 Several species’ seedlings displayed forest edge preferences, highlighting the 

importance of forest edges for seed dispersal (Peterson & Bell 2015; Vespa et al. 2018), 

growth of juvenile trees and forest extension (e.g. Carlucci et al. 2011). These species 

cannot be considered as ecotonal, or having ecotonal preferences, as it only concerns one 

of their life stages. Such phenological preferences, however, should be taken into account 

for the longer-term dynamic of these ecosystems, and, for instance, the displacement of 

treelines in mountain environments (Mayor et al. 2017).  

 These patterns of seedling establishment preferences directly influenced the 

seedling diversity along the sequence. The debate regarding the effects of ecotones on 

biodiversity is ongoing (Ries & Sisk 2004; Ries et al. 2017). Along this vegetation 
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sequence, the diversity variations suggest that these effects are directional (i.e. increase or 

decrease). The main transition between the bog and forest community coincided with a 

sharp rise in diversity, but not necessary a peak. The second ecotone, however, between 

the forest edge and the tall forest did correspond to a local maximum in diversity. This 

diversity peak aligns with the most common theories on ecotone properties, although it has 

rarely been observed (see chapter 1). This suggests that diversity peaks cannot be 

considered as general properties of ecotones, and will rather depend on additional 

parameters or conditions.  

  The degree of floristic overlap between adjacent communities – measured here as 

the Depth of Edge Influence – summarizes the extent to which distinct species assemblages 

co-exist in the ecotone and is thus prone to influence diversity patterns along gradients. In 

the absence of marked overlap, there would be little reason for an increase of diversity at 

the ecotone (as it is the case between the bog and the forest community). The shape of the 

diversity variations in the ecotone may then simply be the result of the junction of the 

diversity levels on both sides. Conversely, as the overlap between adjacent communities 

widen, the recording of diversity peaks may become more likely (as in the case of the edge 

to tall forest ecotone). The diversity drop at the end of the sequence remains nevertheless 

unexplained. It could still be a spatially delayed consequence of the forest edge, as edge 

influences have sometime been reported far inside forest interiors (Ewers & Didham 2006; 

Ewers, Marsh & Wearn 2010; Pfeifer et al. 2017).  

 

 Both the environment and biotic interactions influence the spatial distribution of 

vegetation (Whittaker 1967; Lausch et al. 2015). There is a general understanding that 

environmental conditions, especially climate, would determine species distributions at 

broad scales (by extension, communities), whereas biotic interactions impact finer scale 

patterns (Greig-Smith 1979; Wiens 1989). The positions of the environmental and 

community clusters coincided well along the sequence, thus once again highlighting the 

importance of environmental factors like elevation (Mayor et al. 2017), light levels (Théry 

2001), and soil pH (Wheeler & Proctor 2000) in the overall spatial distribution of the 

described vegetation communities. The environmental clusters were, however, consistently 

displaced toward the bog community (from 1 to 2.5 metres). Forests have profound 

impacts on their environment (Ellison et al. 2005), and the pattern observed here may be 

the results of a slightly extended impact of the forest on its environment, that spreads 

outside of the community itself. Bogs usually impact their environments as well (Wheeler 
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& Proctor 2000), notably through peat building and perpetuating low soil pH. The New 

Zealand species Empodisma minus does not, however, modify pH conditions as much as 

other bog species (Agnew, Wilson & Sykes 1993; Brownstein et al. 2013), which may 

facilitate the extension of the forest-modified environment into the bog environment. A 

second environment/community spatial mismatch is apparent in the characteristics of the 

edge to tall forest transition. The ecotone appeared here to be more gradual than the 

environmental transition (Fig. 3.10 C, Table 3.1). Both the edge and tall forest 

communities harbour several foundation species (sensu. Dayton 1975), and thus many of 

their components probably organise around strong facilitative interactions (see Ellison 

2019). In the present situation, although changes in the main environmental variables along 

the gradient decide on where the ecotone will occur, it is quite likely here that its shape and 

characteristics are modelled by biotic interactions. 

  

 The distinction between biotic and abiotic factors is nevertheless blurred in 

terrestrial systems by the capacity of vegetation to impact and modify its environment 

(Benning & Moeller 2019). Crucial factors such as light and soil pH are far from 

independent of vegetation types (Ellison et al. 2005; Ellison 2019). The biotic-abiotic 

modification loop in these ecosystems renders the deciphering of the drivers of landscape 

structuring difficult (Jiang et al. 2016; Yuan et al. 2019). These biotic-abiotic loops are 

much less present in marine ecosystems (Carr et al. 2003). The following chapters will 

continue to explore these relations in benthic and pelagic settings, where most abiotic 

variables stay unaffected by biological activities. This should assist unravelling the role of 

abiotic versus biotic factors in ecotone characteristics. 

 

General conclusion: 
 This method chapter presented a data analyses framework for the study of ecotones 

at the community level. Among the main goals were the statistical identification of ecotone 

locations, and the extraction of ecotone metrics (AEI, DEI, MEI). This framework proved 

efficient both on artificial and on actual data, the latter derived from a terrestrial ecosystem 

forest-bog transition. Fuzzy clusters and DCA both produced comparable results. 

However, fuzzy clusters produced easy-to-interpret classifications, containing relevant 

information on community structures. The results of DCA were sometimes more difficult 

to interpret, as the reference plateaux tended to disappear under high levels of community 
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variability, blurring the limits of the ecotonal area. Conversely, the shape of the fuzzy 

clusters over the spatial dimension of the sampling offered a good match with the proposed 

multi-species framework of Chapter 1 (Fig. 1.2). It respected the requirements of the 

ecotone definition: (i) by correctly identifying and locating ecotones as zones of higher 

turnover rate in species composition along the gradient (evidenced by their equivalence 

with the results of DCA) and (ii) by clearly integrating the characterisation of communities 

and ecotones within the same ecological representations. The comparison of clusters with 

each other (e.g. community versus environment) and with continuous metrics (such as 

diversity indices) proved to be informative as to the coincidence of ecotones with other 

ecological measures or phenomena of interest (see Fig. 1.2 D), thereby potentially 

improving our understanding of ecotones  

 The ability of fuzzy clusters to produce different classification schemes (in the 

present case: 2-clusters scenario and 3-clusters scenario) without loss of coherence reduces 

the potential arbitrariness of selecting a single ecological representation and facilitates the 

integration of ecotones in ecological research, and more generally facilitates the 

exploration of spatial heterogeneity over landscapes.  

 This analytical framework will thus be retained throughout this study, and 

references to this chapter will be made accordingly, for statistical approaches and 

terminology, to avoid repetitions.    
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Chapter 4: 

Ecotones in the marine benthic 

environment: 
Case study of subtidal communities in Fiordland 

 

Introduction: 
Benthic subtidal environments: a case study: 

 After the terrestrial example given in chapter 3, this chapter will focus on ecotones 

in the benthic environment of a coastal system, in Fiordland, New Zealand. Coastal 

systems are considered as intermediates between terrestrial and marine systems (here to be 

understood as pelagic, which will be examined in Chapter 5), in terms of levels of 

environmental variability (Steele, Brink & Scott 2019), food-web structures (Shurin, 

Gruner & Hillebrand 2006), physical structure of the habitat (Dayton et al. 1992; Carr et 

al. 2003), lifespan and size of primary producers (Carr et al. 2003; Shurin, Gruner & 

Hillebrand 2006), and probably flux and storage of matter and energy (see Schramski et al. 

2015). Shallow coastal systems, in particular, harbour a plethora of benthic and sessile 

organisms that live attached to the seafloor. The presence of a substrate (in place of a soil) 

make some ecological theories directly transferable from terrestrial to benthic systems, 

notably those that implicitly rely on the existence of competition for space and/or on the 

capacity of organisms to adapt to their surrounding environment. This implies that most of 

the current theories on ecotones, which are strongly influenced by vegetation sciences, 

may be directly transferable to the study of ecotones in the benthic environment. 

The spatial compression of environmental variability in the benthic environment 

(rocky shores are listed as one of the five major ecoclines by Whittaker (1975)), creates a 

narrow layering of communities along the depth gradient. This vertical structuring 

considerably facilitates sampling designs for the study of ecotones. Ewers & Didham 

(2006), point out the difficulties associated with statistically defining habitat interiors (i.e. 

unaffected by edge effects) when investigating edge-effects, as it requires sampling far 
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enough inside a given habitat to reach its core – a point in space that is not à-priori known. 

They thus recommend sampling deep into habitat types to ascertain that this point is 

reached (that can be up to hundreds of meters inside forest patches, Laurance et al. 2002; 

Laurance et al. 2007). Conducting sampling over hundreds of meters presents obvious 

difficulties. The possibility to sample across entire community types over ten’s of meters 

in the benthic environment mitigates this problem, and allows sampling designs that target 

the edges on both sides of a given community (in the present case, the lower depth limit 

and the upper depth limit), which have seldom been attempted on land (but see Stanton et 

al. 2013, between windward and leeward edges of forest patches). These systems thus 

provide interesting cases to expend the current knowledge on ecotones.    

 

Environmental variability: 

The depth stratification of benthic communities is the result of the co-variation of 

several parameters that impact the physiology of benthic organisms (chiefly light, 

temperature and water motion, Martins et al. 2013; Stephens, Desmond & Hepburn 2019), 

analogous to the function of elevation in structuring terrestrial vegetation (see Mayor et al. 

2017). The levels of light quickly decline down the water column, as a result of both the 

physical properties of the medium (Franklin & Forster 1997) and the amount of particles in 

the water (be it sediments or planktonic organisms, Magris & Ban 2019). The quantity of 

available light largely controls the stratification of benthic communities and is thus 

commonly used to define the depth limits of major taxonomic groups (Neushul 1967). 

Temperature also influences the physiology and distribution of benthic organisms (van den 

Hoek 1982). Temperature varies with depth, even in shallow waters, notably through the 

occurrence of more or less marked thermoclines or other temperature anomalies (e.g. 

Stokes et al. 2011). Other parameters impact the distribution of benthic organisms, such as 

nutrient concentrations (Campanyà-Llovet, Snelgrove & Parrish 2017), salinity (Wing & 

Jack 2012) and water motion (Denny & Gaylord 2010). Their spatial variations are less 

directly linked to the physical properties of water, but often display depth related patterns 

due to the layering of different water masses, which further strengthen the depth 

stratification of benthic communities.  

 

Biotic interactions: 

Both benthic and terrestrial ecosystems contain foundation species (sensu. Dayton 

1975; see Ellison 2019). The impact of these foundation species on their immediate 
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environments is often comparable (light attenuation, modification of winds or currents, 

retention of nutrients in soil or water column, see Stephens, Desmond & Hepburn 2019; 

Callaway 2007) and results in inter-specific (Arkema, Reed & Schroeter 2009; Callaway 

2007) and intra-specific (Graham, Vásquez & Buschmann 2007; Filazzola & Lortie 2014) 

facilitation loops that may impact the stability of the associated communities (see 

Butterfield 2009). The impact of these facilitative interactions on the range limits of 

communities – and thus on the characteristics of ecotones – will be discussed in more 

detail in the concluding chapter of this PhD. A few particularities of the benthic 

ecosystems, however, shall already be presented here to highlight their interest for 

comparative ecotone studies. First, the absence of soil in benthic environment considerably 

limits the impact of foundation species on their surroundings. Soil characteristics both 

create and are created by terrestrial vegetation (Willis et al. 1997). They notably harbour 

complex microbiomes that interact with plant communities in ways that are challenging to 

investigate (van der Putten et al. 2016), but do impact vegetation ecotones (Yando, Osland 

& Hester 2018; Van Nuland et al. 2019). The absence of soil in benthic systems thus 

facilitates investigations on the relative importance of biotic and abiotic drivers for 

ecotones characteristics. Second, although canopy-forming species can alter light 

availability and temperature in both terrestrial and marine environments, the capacity of 

the medium to impact these parameters differs. The impact of water column height on the 

quantity of available light can be stronger than the impact of canopy density in benthic 

environment (e.g. Stephens, Desmond & Hepburn 2019). Temperature remains mostly 

unaffected by subtidal canopies (Bennett et al. 2015), even if temperature stress 

amelioration may occur in high-density canopies (Critchley, De Visscher & Nienhuis 

1990). Effects of terrestrial forests on temperature, however, have been reported to be 

more important (see von Arx, Dobbertin & Rebetez 2012).  

Taken together, these differences suggest a stronger decoupling of biotic and 

abiotic parameters in the benthic environment than on land, which should facilitate the 

exploration of the drivers (biotic or abiotic) of ecotone positions and characteristics. 

Particularly, it could be expected that the impact of environmental parameters would be 

stronger in controlling ecotone characteristics along the depth gradient in the benthic 

environment, and that the presence of short abiotic gradients would drive the formation of 

short and sharp ecotones. 
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The Fiordland environment: 

New Zealand Fjords are unique environments that formed when previously isolated 

freshwater lakes became inundated at the end of the Last Glacial Maximum (at 12.4 ka and 

11.4 ka, Dlabola et al. 2015). They now form fragmented marine environments of deep and 

hydrodynamically distinct basins that are partially isolated from the outer coastal 

environment (Wing & Jack 2014). The uniqueness of these environment justified the 

gradual establishment, since 1993, of the Fiordland Marine Area (FMA, Te Moana o 

Atawhenua). The FMA now consists of a network of commercial exclusion zones in 11 

fjords (46,002 ha; 59% of the FMA) and of 10 no-take areas (10,421 ha or 13.11% of the 

FMA), mainly in the inner fjords (Wing & Jack 2013).  

Large volumes of freshwater flow into the fjords, due to both river discharges 

(Jiang et al. 2015) and the high rainfall characteristic of the region (up to 6–8 m per year, 

Gibbs et al. 2000). The combined effects of the deep bathymetry, narrow tidal range 

(between 1 to 2.5 metres of difference between high and low tides) and the sheltering from 

the oceanic swell results in low levels of water mixing, and in the formation of a persistent 

and buoyant low salinity layer (LSL) in the inner basins (Stanton & Pickard 1981; Stanton 

1984). This layer, on top of affecting salinity gradients, contains high levels of tannins and 

clays from terrestrial origins, thus attenuating light penetration in the surface waters 

(Davies-Colley et al. 1992; Jiang et al. 2015). When added to the steep Fiordland 

topography that continues down in the subtidal environment as a series of near-vertical 

rock walls, it creates steep gradients of light and salinity in the upper waters of the fjords. 

These parameters are both fundamental environmental drivers of benthic species 

distributions (Neushul 1967; Martins et al. 2013; Wing & Leichter 2011; Stephens et al. 

2019). Temperature also varies with depth, even in the upper waters of the fjords, notably 

through the occurrence of more or less marked thermoclines or other temperature 

anomalies (Wing & Leichter 2011), and exerts a strong control over benthic species 

distribution (van den Hoek 1982).  As these factors impact the distribution of benthic 

communities, it is also expected that they would strongly influence the position of ecotones 

along the depth gradient. 

The vertical distribution of the benthos in the New Zealand fjords has been 

previously studied by Grange et al. 1981 and Wing & Jack 2012, but much remains to be 

done in these iconic environments. The present work complements these studies on depth 

structuration of benthic communities in Fiordland, and applies novel methods and an 

emphasis on the characteristics of ecotones in this benthic environment. It was 
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hypothesised that the distribution of the benthic communities in the New Zealand fjords, 

and their associated ecotones, would be driven by the short environmental gradients along 

the depth profiles.  
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We also hypothesise that short environmental gradients would shape coincidently 

short ecotones, and – by extension – that the environmental transition characteristics would 

influence the communities ecotone characteristics. Incongruent patterns between 

communities and environments would indicate that strong biotic interactions (e.g. canopy 

forming species or important densities of grazers), act together with the environmental 

gradient to shape species distribution. By crossing multiple community types along 

transects, we will also attempt to answer two key questions: (i) Do benthic communities 

present symmetric response curves along environmental gradients, and (ii) do successive 

communities present similar edge characteristics at their ecotone? As the response of 

individual species may differ along environmental gradients, there is no particular reason 

to expect communities as wholes to present symmetric distributions, unless strong biotic 

interactions stabilise their structure and buffer individual species differences. 

 

Materials and Methods: 
Study site & sampling protocol: 

 Sampling took place between October the 30th 2017 and November the 5th 2017 in 

the southernmost fiords of the Fiordland, New Zealand (Fig. 4.1). Sampling was carried 

out at five different sites: Cavern Head, at the entrance of Long Sound; Only Islands, 

deeper inside Long Sound (two transect sampled); Craft Harbour Island, near the entrance 

of Cunaris Sound; Little Island, in North Port, at the entrance of Edwardson Sound and 

South Port, near the Eastern Passage – for a total of six sampling transects. 

 The sampling was carried out via SCUBA. Benthic communities were assessed 

through series of photographs (STYLUS TG-3 camera) taken with a 60 x 40 cm photo-

quadrat, mounted on a frame. Pictures were taken on both sides of a transect line in order 

to achieve a grid sampling (Fig. 4.2). The size of the quadrat was chosen to optimise the 

angle of the camera, while ensuring a reasonably sized frame for the divers. 

 The length of the transect however varied between sites and depended on the 

particular benthic community structure of each site. The divers laid the transect line along 

the main depth gradient from the shallowest point to a point situated at least a few meters 

inside the deepest accessible community type (see Table 4.1, all depths are given in meters 

below the mean low water neap). The few additional metres inside the deepest benthic 

community ensured that the core of this community could be described, with minimum 
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influence from edge effects, and that the first ecotone between this community and the next 

could be entirely captured (see Ewers & Didham 2006). 

 The pictures were then analysed for both environmental variables and community 

metrics. The environmental variables consisted of depth (recorded for each quadrat) and 

the substrate type (recorded as percent coverage of each substrate type, for a total of 

100%). The communities were assessed through the percent cover of each species, for a 

total that could exceed 100%. Indeed, additional quadrat pictures, in which the canopy was 

pushed aside, were taken in order to account for the layering of canopy forming species 

and to detect understory organisms. Percent cover was preferred over presence absence 

data, as it is a proxy for abundance for benthic and sessile organisms (Foster, Harrold & 

Hardin 1991), which yield better accuracy, both for diversity measures (Jost 2007) and for 

ecological community characterisation (e.g. Van Rein et al. 2011, and Chapter 3). 

 All benthic organisms in the photo-quadrats were considered, and taxonomic 

identifications were conducted to the best achievable level of accuracy. Estimations of the 

percent cover of each organism were done through visual assessments, as it can yield 

comparable results with other software-based methods but increases time efficiency 

(Drummond & Connell 2005).     

 

Data analyses: 

 The two lines of quadrats along the main transect were averaged to reduce 

community variability. The analyses follow those outlined in chapter 3. The environmental 

data consisted of quadrat depth and substrate types, and biotic data of species percent 

cover. All analyses were performed along the distance gradient. This gradient was 

preferred over the depth gradient as the non-linearity of the depth variations strongly 

impacted the readability of the graphical outputs.  
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The relative positions of the community clusters along the depth gradients were 

nevertheless recorded in order to access the stratification of the different ecological 

communities. These depths are given as intervals, to respect the fuzziness of the clusters 

(see Fig. A. 4.1).   

The relative positions of the environmental and community fuzzy clusters were 

plotted against distance along the transect to compare their co-occurrence. The correlations 

between these two matrices were further investigated through redundancy analyses (RDA, 

vegan package, Oksanen et al. 2013). Additional metrics were extracted from these 

analyses (particularly the R2 and the percentages of explained variations by the ordination) 

to assess the degree of correlation between environmental and community clusters, and 

explore whether the positions of the different communities along the gradient were 

environmentally driven or not. 

In accordance with the ecotone framework presented in Chapter 1, the Magnitude 

of Edge Influence (MEI) and the Depth of Edge Influence (DEI) were extracted from the 

fuzzy clusters, according to the method given in Chapter 3. They are presented together 

with the slopes of each cluster around the transitions, corresponding to the abruptness of 
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the transitions (AEI). Discrepancies in any of these values between two consecutive fuzzy 

clusters (i.e. between the two edges of the ecotone) were considered as indicative of the 

asymmetry of the edge effect. Species-specific abundance curves were drawn in order to 

highlight potential patterns of occurrence around the edges, and identify ecotonal 

preferences. Diversity patterns are explored along the transect (expressed in effective 

number of species) to facilitate the assessment of quantitative differences in diversity 

between the different points of each transect and between sites (Jost 2006; Jost 2007).  

 Inter-site comparisons were further refined by counting the number of common 

species between sites (corrplot based on the representative composition of each cluster, 

with a threshold of 0.5, see chapter 3), and through distance-based calculations on the 

representative composition matrices (heat-map from relative contributions of each species 

in the clusters). The heat-map has been computed from the relative contribution of each 

species to the cluster centroids (normalised on a 0 to 1 scale). It therefore takes into 

account all species in the data, but avoids giving preference to those with systematically 

large percent cover (e.g. Crustose Coralline Algae). 

 

Results: 
Ecosystem characterisation: 

 The optimal number of community clusters varied between sites (Fig. 4.3.1 to 

4.3.6), for a total of 3 clusters at Cavern Head, 2 clusters at Only Island 1, 3 clusters at 

Only Island 2, 4 clusters at Craft Harbour Island, 4 clusters at Little Island, and 4 clusters 

at South Port. For ease of representation, iconic names corresponding to the most common 

species of each community are given to the clusters in Fig. 4.3.1 to 4.3.6, but the species 

compositions of these clusters are given in full in Fig. 4.4 A to 4.4 F.  

Depth limits are given for each of the described communities, to record the 

stratification of subtidal organisms in Fiordland (Fig. A. 4.1). Crisp boundaries are, 

however, counter-intuitive with the use of fuzzy logic and these values should only be 

regarded as indicative, for the purpose of comparisons with other studies.  More precision 

about the limits of these communities is given in the “Ecotone characterisation” section 

below.  
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Cavern Head: 

 Cavern Head (Fig. 4.3.1 A) presented a sequence of communities from an initial 

urchin barren dominated by Evechinus chloroticus (Kina, up to approximately -5.6 m) to a 

mixed assemblage of red algae and encrusted sponges (up to approx. -4.5 m). The E. 

chloroticus community reappeared along the transect (up to approx. -3.7 m), and finally, a 

Carpophyllum flexuosum canopy was encountered. The passing from the second to the 

third community was marked by several peaks in membership values from the other 

clusters, highlighting a mixture of the different community types.  

 Only three environmental clusters could be defined at this site (Fig. 4.3.1 B) and 

they poorly coincided with community clusters. They define a gradation of hard substrate 

from a boulder-covered bottom to a reef system. The positions of the community clusters 

in the ordination space of the RDA (Fig. 4.5 A) do not indicate a strong relationship with 

environmental clusters (used as ordination axes). Only 13.2% of the variation was 

explained by the ordination (adjusted R2 = 0.132). This site also presented the narrowest 

depth range, with its deepest point at -6.1 meters and its shallowest point at -3.3 meters (for 

a difference of only 2.8 meters).   

 

Only Island 1: 

 The first site at Only Island (Fig. 4.3.2 A) started on a soft sediment mud bottom 

with regular occurrences of the horse mussel Atrina zelandica (up to approx. -10.7 m) 

before reaching a rock wall covered with crustose coralline algae (CCA) and reef tube 

worms. Mounds of reef tube worms were recorded at the base of the wall but did not lead 

to the recognition of a third community cluster. 

 Two environmental clusters could be defined at this site (Fig. 4.3.1 B), 

corresponding to the soft sediments in the first half of the transect and the reef system in 

the second half, respectively. Their positions coincided with the positions of the 

community clusters, and the results of the RDA (Fig. 4.5 B) explained 97.1% of the 

variations (adjusted R2 = 0.971). The depth gradient at this site started from -14.3 m up to -

2.0 m (for a difference of 12.3 meters).   

 

 

 

 

 



 87 

 
 

 



 88 

 
 

 



 89 

Only Island 2: 

 The second site at Only Island (Fig. 4.3.3 A) similarly started on a soft sediment 

mud bottom dominated by A. zelandica (up to approx. -11.6 m) before reaching a rock wall 

dominated by CCA and reef tube worms (up to approx. -3.2 m). The upper part of the wall 

was covered in barnacle species. The gap in the second cluster around 14.5 metres along 

the transect is due to the presence of a massive sunken tree trunk.  

 The seafloor structure of this site was similar to that of Only Island 1, with two 

environmental clusters corresponding to the deeper soft sediments and the upper reef 

system, respectively. While the first community associated with the first environmental 

cluster, the two others both overlapped with the second environmental cluster. The results 

of the RDA (Fig. 4.5 C) only explained 56.3% of the variations (adjusted R2 = 0.563). This 

site presented the largest depth variation, with its deepest point at -13.5 m and its 

shallowest point at -0.7 m (for a difference of 12.8 meters).   

 

Craft Harbour Island: 

 At Craft Harbour Island (Fig. 4.3.4 A), an Ecklonia radiata canopy dominated the 

lower margins of the transect (up to approx. -13.5 m). This was followed by a community 

dominated by small individuals of C. flexuosum (up to approx. -10.3 m). The third 

community was distinguished by higher densities of red algae and the first appearances of 

colonial ascidians (up to approx. -6.3 m). Lastly, the upper reef was dominated by tube 

worms, colonial ascidians and echinoderms (mostly E. chloroticus and the sea star 

Patiriella regularis).  

 Four environmental clusters could be defined at this site (Fig. 4.3.3 B). They mark 

a progression from a mixture of hard and soft substrate to a reef system. The position of 

the community cluster broadly matched the environmental clusters, with some 

discrepancies around transition areas. The results of the RDA (Fig. 4.5 D) produced 

reasonable outputs, with 68.1% of the variations explained by the ordination axes (adjusted 

R2 = 0.681). The depth gradient ranged from -14.3 m to -2.5 m (for a difference of 11.8 

meters).   
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Little Island: 

The first community at Little Island (Fig. 4.3.5 A) was dominated by masses of 

filamentous red algae (mostly Delisea sp., up to approx. -10.0 m) that were replaced up the 

gradient by a community of smaller red algae, with the appearance of Pyura species 

complex and encrusted sponges (up to approx. -6.0 m). The third community developed 

upon reaching the reef and was dominated by reef tube worms (up to approx. -2.0 m). The 

upper part of the reef was covered by a mixture of C. flexuosum canopy over a dense 

Codium sp. mat.  

 The environmental clusters at this site (Fig. 4.3.5 B) are largely overlapping along 

deepest half of the transect, where mixed assemblages of hard and soft substrate prevailed. 

The shallower half is more clearly defined, as the transect reached the reef system. The 

positions of these clusters, however poorly matched position of the community clusters, 

and the results of the RDA (Fig. 4.5 E) only explained 34.5% of the variations (adjusted R2 

= 0.345). The deepest point at this site was at -11.0 m and the shallowest point was at 0.0 

m (for a difference of 11.0 meters).  

 

South Port: 

 The lower part of the transect at South Port (Fig. 4.3.6 A) was dominated by 

unidentified red blade assemblages (probably dominated by Adamsiella sp.) over soft 

sediment (up to approx. -7.4 m), that disappeared as the E. radiata canopy (second 

community) was reached (up to approx. -5.0 m). An assemblage of red algae developed 

(up to approx. -3.7 m) after the upper limit of the E. radiata canopy. The last community, 

on the reef, was dominated by tube worms, filamentous red algae (mostly Ceramium sp.) 

and E. chloroticus. 

 The two middle environmental clusters strongly overlap and poorly coincide with 

the two middle community clusters, while the first and last environmental clusters are 

better defined and seem to coincide with community clusters (Fig. 4.3.6 B). Together they 

define the passing from a sandy bottom to a reef, with an increasing proportion of cobbles 

in between. The results of the RDA (Fig. 4.5 F) indicated a relatively good match and 

explained 68.9% of the variations (adjusted R2 = 0.689). The depth gradient ranged from -

9.7 m to -0.7 m for a difference of 9.0 meters). 
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Ecotone characterisation: 

Magnitude and Depth of effect: 

 The Magnitude of Edge Influence (MEI), the Depth of Edge Influence (DEI) and 

the Abruptness of Edge Influence (AEI) for both the community and environmental 

clusters are presented in Tables 4.2 A and 4.2 B.  

 Across all sites, the DEI ranged from 1.2 meters to 10.0 meters for the community 

transitions and from 1 meter to 7.6 meters for environmental transitions. The MEI varied 

from 0.287 to 0.943 membership grade scores for the community transitions, but remained 

mostly stable for environmental transitions (0.713 to 0.993). The AEI (from 0.05 to 0.65 

membership grades per meters (memb.m-1) for the community transitions and 0.160 to 

0.975 memb.m-1 for environmental transitions) and AEImax (from 0.17 to 1.18 memb.m-1 

for the community transitions and 0.437 to 1.082 memb.m-1 for environmental transitions) 

followed similar patterns. 

 

Asymmetry of effects: 

 Differences in the sets of parameters between edges of a community (AEI, DEI and 

MEI) were considered as indicative of asymmetry. Though the lack of replication implies 

that every case should be regarded as a particular case. The observed patterns nevertheless 

will be presented. 

 The shapes of the community clusters were asymmetrical, with the deeper edge of a 

community seldom presenting the same characteristics as the shallower edge (see Fig. 

4.3.1 to 4.3.6). 

 Asymmetry was also reported for two successive edges (i.e. the shallower limit of a 

community compared to the deeper limit of the next one). This kind of asymmetry was 

reported for about half of the pairs of successive edges (at 8 ecotones out of 15, i.e. 53%). 

When asymmetry was evident, it was usually apparent in all ecotone parameters at once, 

but were often more evident for the Magnitude of Edge Influence.  
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We could record these asymmetric community responses to ecotones (i) for all the 

ecotones at Craft Harbour Island, (ii) for all the ecotones at Little Island, and (iii) at two 

ecotones at South Port (from the E. radiata community to the filamentous red algae 

community, and from the filamentous red algae community to the reef associated 

community). These patterns of asymmetry were mostly reported around communities that 

were either associated with canopy forming species (e.g. E. radiata) or that had strong 

substrate requirement (e.g. sand to boulders). 

 

Species preferences: 

 Species-specific abundance curves reveal that preferential occurrence in the 

ecotones were relatively rare (for an average of 3.8 potential species preference patterns 

per site, with a maximum of 6 at Cavern Head and a minimum of 0 at Only Island 1). 

Ecotonal preference patterns were particularly absent around the sharpest transitions from 

soft to hard substrate (Only Island 1, first transition at Only Island 2 and first transition at 

South Port).  

 The species displaying strongest patterns of ecotonal preferences were mostly 

mobile invertebrates, such as the sea star Astrostole scabra and the gastropod Xymene 

ambiguous (Cavern Head, between the second community and the re-occurrence of the 

Evechinus chloroticus community; Only Island 2, between second and third communities), 

the sea star Pentagonaster pulchellus (Little Island, between second and third 

communities), the sea urchin E. chloroticus (Only Island 2, between second and third 

communities; Little Island, between second and third communities) and gastropods 

belonging to the genus Haliotis sp. (Craft Harbour Island, between second and third and 

between third and fourth communities; South Port, between third and fourth communities).  

 There were other potential ecotonal preference patterns for seaweed, such as green 

algae of the Codium sp. genus (Cavern Head, between the second community and the re-

occurrence of the E. chloroticus community; Craft Harbour Island, between first and 

second communities) and for filamentous red algae (Only Island 2, between second and 

third communities, Craft Harbour Island, between third and fourth communities), but 

variability in the abundance data and taxonomic uncertainty render interpretation difficult.  

 

Diversity patterns: 

 Alpha diversity varied along transects, as different community types were reached 

(Fig. 4.6 A to 4.6 F). Some sites did not present clear patterns due to the high variability of 



 99 

the diversity index between quadrats. Cavern Head only had a potential peak of diversity 

just before the re-occurrence of the E. chloroticus community (from 5 to 9 effective 

number of species per quadrat) and a further increase in the transition between the third 

and the fourth communities, at the edge of the C. flexuosum community (from 4 to 6 

effective number of species per quadrat). Little Island presented a diversity decline in the 

third community, corresponding to a reef system with low tubeworm densities (dropping 

from 6 to 2.5 effective number of species per quadrat). Diversity increased along the 

transect at Only Island 2, with two potential peaks at the shallow end of the transect, 

corresponding to the ecotone between the tubeworm dominated community and the 

barnacle dominated community (from 3 to 6 effective number of species per quadrat), and 

to the occurrence of green algae at the very end of the transect (from 3 to 7 effective 

number of species per quadrat, although this did not drive the computation of a separate 

community cluster).     

 Other sites presented clearer diversity patterns. Only Island 1 had a peak of 

diversity at the base of the rock wall (from 2 to 7 and then back to 3 effective number of 

species per quadrat), where dense aggregations of tubeworms occurred and formed 

complex reef systems. A clear peak occurred at Craft Harbour Island around the transition 

from the E. radiata forest and the scarce C. flexuosum community (from 5 to 9.5 effective 

number of species per quadrat). South Port presented a diversity peak at the ecotone 

between the E. radiata forest and the red algae dominated community (from 4 to 7.5 

effective number of species per quadrat).  

 Some diversity peaks occurred around ecotones (5 diversity peaks coincided with 

ecotones for at total of 15 ecotones, i.e. 33% of the cases, Fig. 7). Many ecotones did not, 

however, present particular diversity patterns (either drops or peaks), as the diversity levels 

only passed from the average levels recorded in one community to the average level 

recorded in the next. 
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Site comparisons:     

Patterns of alpha diversity: 

 Overall differences in diversity could also be noted between sites and between 

community types. The soft sediment dominated by the horse mussel A. zelandica had the 

lowest levels of diversity (around 2 effective number of species per quadrat). The reef 

communities had low diversity levels (between 2.5 and 3 effective number of species), 

with the exception of the base of the rock wall at Only Island 1, where tubeworm structures 

were abundant. Red algae dominated communities and kelp beds were the most diverse, 

with levels of diversity between 4 to 6 effective number of species per quadrat.  

 The taxonomic accuracy achieved with photo-quadrats provides under-estimates of 

actual diversity levels (Drummond & Connell 2005). Inter-site comparison of the results of 

this study nevertheless suggests that seaweed and kelp dominated ecosystems are 

approximately twice as diverse as their soft sediment and upper reef homologues in the 

subtidal Fiordland environments.     

 

Overall beta diversity and site similarities: 

 There was an apparent diversity of ecosystem types at the different sites (this time 

considering the coincidence of environmental and community clusters, see definition box, 

chapter 1), including E. radiata kelp forests, A. zelandica dominated soft bottoms, reef 

tube worms dominated rock walls and red algae dominated hard substrates (see Fig. 4.3.1 

to 4.3.6).  

 The number of representative species associated with reef communities are 

consistently higher throughout the corrplot (Fig. 4.7 B), indicating that these communities 

were always strongly differentiated compared to the others. The degree of similarity 

between these reef communities are also higher (e.g. 15 species are shared between Only 

Island 1 and Only Island 2, corresponding to 55% and 71% of similarity, respectively) and 

suggest low beta diversity among reef associated communities and a much higher beta 

diversity between these communities and all the other communities in this study. 

Conversely, the communities associated with other substrate types harboured less 

representative species (indicating a more ubiquitous distribution of their recorded species), 

and shared a lower percentage of their representative species. This suggest that a relatively 

few key species are sufficient to differentiate them from one another, and that these key 

species are generally not shared between ecosystems.    
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The heat-map (Fig. 4.7 A) takes into account all species in the dataset, and thus 

ubiquitous species. It highlights two-three main community groups. Consistently with the 

corrplot, the reef-associated communities were positioned as the root group in the 

corresponding hierarchical tree. The two other community groups were mostly composed 

of E. radiata and soft sediments associated communities, and of C. flexuosum and red 

algae associated (or boulder associated) communities, respectively. Compared to the 

results of the corrplot, this introduces an additional distinction in the non-reef 

communities. 

  A few question marks have been added to the hierarchical tree (Fig. 4.7 A) to mark 

the positioning of a few reef associated communities inside the two other groups, which 

could only be explained by the relatively higher proportion of filamentous red algae in 

these communities when compared to the other reef systems. 

 

Discussion: 
The fuzzy clustering approach presented in the previous chapter preserved the 

inherent continuity of ecological patterns along the transects, and avoided the loss of 

information that are often induced by crisp boundaries (Leung 1987, Bandelj et al. 2012) 

or discrete classifications schemes (McArthur et al. 2010, McHenry et al. 2017). This type 

of data analysis is becoming more common in marine benthic ecology (e.g. Bandelj et al. 

2012; Fiorentino et al. 2017, Vassallo et al. 2018) for its ability to deal with gradual 

transitions, complex spatial patterns and uncertainty regarding the very concept of 

ecological communities (Fiorentino et al. 2017). In the present chapter, this approach 

allowed for the characterisation of marine benthic ecotones and communities within the 

same framework, and produced ecosystem representation schemes that fit with the ecotone 

conceptual framework (see Chapter 1). This approach facilitates more integrated and 

informative ecological representations, notably for conservation strategies and ecosystem-

based management (Mairota et al. 2013, Hou & Walz 2016). It particularly marks a shift 

from single species distribution patterns (e.g. Austin 2007) toward community-wide 

distributions, leading to more realistic response curves for ecological modelling (Chapman 

& Purse 2011). 

 Due to the lack of replication in this study, more focus will be given to the ability 

of this approach to refine ecotone and community characterisations than to the formulation 
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of guidelines for the conservation and management of Fiordland benthic ecosystems. This 

latter point would require more extensive empirical studies, which may choose to adopt a 

similar methodology.  

 

Stratification of benthic ecosystems: 

 Marked depth stratification were recorded at all sites, with often more than two 

community types occurring in less than 15 meters of depth variation, consistent with 

previous studies in the region (see Grange et al. 1981). Variations in the depth interval of 

similar community types existed between sites (e.g. Ecklonia radiata associated 

communities, and Carpophyllum flexuosum associated communities), indicating that the 

recorded communities do not inhabit their entire possible depth range at each given site. 

Depth alone may thus be insufficient to predict species distribution in these fjords. 

Substrate types are independent of depth – although the geological history of the fjords 

produces archetypical seafloor morphologies over relatively large areas (Grange et al. 

1981). Soft sediments, for instance, are more likely to occur at greater depths, where water 

motion is slower. The influence of the substrate characteristics on benthic communities is 

well known (e.g. Smith et al. 2015; Herkül et al. 2018). In this study, a combination of 

depth and substrate types produced good predictors for community spatial distributions, in 

most of the cases. Yet, exceptions were found, where the seafloor was mostly composed of 

hard substrate of different sizes. Such exceptions indicate that other unmeasured 

parameters – either environmental or biotic – interact to shape the segregation of benthic 

communities in these types of seafloor.  

A relative weakness of the environmental gradient may give more leeway for biotic 

interactions to shape the community succession. For instance, grazing activity of sea 

urchins at the Cavern Head site may have driven the observed differences in community 

structure (Sangil et al. 2012; Ling et al. 2015). Higher densities of urchins with larger 

individuals were previously recorded in the outer parts of the fjords (Wing & Jack 2014). 

This highlights the capacity of small aggregations of E. chloroticus to induce community 

patchiness through localised grazing activity at the scale of a few metres. This impact is 

quite different from the larger-scale ecosystem shift recorded in other studies (at the scale 

of entire kelp forests, see Ling et al. 2015). The results presented here suggest that local 

grazing activity of E. chloroticus can maintain seascape diversity and heterogeneity at 

smaller scales (as already reported for grazers on land, Veblen & Young 2010; Adler et al. 

2001; and for grazing fishes, Flecker & Taylor 2004). 
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The low salinity layer (LSL), characteristic of these fjords, may also have acted as a 

barrier between the shallowest subtidal communities, notably by limiting the vertical 

distribution of euryhaline and stenohaline organisms (Grange et al. 1981). This has been 

reported for Mytilus sp. and barnacles (Grange et al. 1981), and we also report barnacle-

dominated communities on the upper part of rock walls. Although the LSL could not be 

directly recorded in this study, literature suggests it be the best explanation for benthic 

community stratifications on the shallowest parts of these rock walls (Barrett & Edgar 

2010, Wing & Leichter 2011). 

 

 The composition of the fuzzy cluster centroids permits the classifications of 

community types according to their highest scoring species (e.g. Atrina zelandica, reefs 

dominated by tubeworms assemblages, Ecklonia radiata, etc.). The choice of these 

representative species is statistical, and allows for a certain degree of simplification – into 

ecosystem units – that is of interest for conservation goals that target groups of focal 

species (Roberge & Angelstam 2004, Meurant et al. 2018). The exact species compositions 

of these communities, however, were never identical. Taking these differences into 

account instead of pooling community types into over-simplified groups draws nearer to 

multi-species approaches for ecological monitoring (e.g. multi-species occupancy models, 

Devarajan et al. 2020; and stacked-species distribution models, Zellmer et al. 2019), which 

can have better predictive accuracy (Fort 2020). Aside from highlighting site specificities, 

these compositional differences may impact ecosystem functioning.   

 

General diversity patterns:   

 The observations in this study were obtained from photo-quadrats, making 

taxonomic identification for small species difficult. All diversity values are therefore 

under-estimates of the actual diversity at the sites. This is particularly true for soft-

sediment associated communities, where infauna could not be counted. Patterns of alpha 

diversity are therefore not to be extrapolated or compared with other studies that used 

different sampling methods. It is nevertheless possible to compare levels of alpha diversity 

in the limited scope of this study, between the different sites.  

The lowest levels of biodiversity were recorded for the soft sediment communities 

and the reef communities (1 to 4 effective number of species per quadrat), whereas the 

highest levels of diversity were recorded in macroalgae-dominated seafloors (up to 9 

effective number of species per quadrat). The latter corresponded to mixed hard substrate 
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bottoms of boulders, cobbles, sand and reefs, and thus reflected higher habitat complexity, 

which has already been reported as having positive effect on diversity (Seiferling et al. 

2014; Liversage & Chapman 2018). The alpha diversity along each transect was 

nevertheless variable. The type of representation chosen in this work – that relies on 

superimposing the levels of diversity with the spatial structuration of the communities 

rather than on the calculation of mean diversity values per identified community types – 

reveals the high patchiness of diversity at fine scales and its important variability, even in 

community cores. Diversity peaks were recorded and will be discussed in the following 

section on ecotones. 

 

Ecotones in the subtidal Fiordland environment: 

A number of ecotone parameters, such as the Magnitude of Edge Influence, the 

Depth of Edge Influence and the Abruptness of Edge Influence were computed at the 

community level, to match the already existing species-level framework of Ries et al. 

(2017) (according to the community framework presented in chapter 1, see chapter 3 for 

the calculation of the parameters).   

 

The first question that arises regarding ecotones is whether or not their positions 

along the gradient would be driven by changes in the main environmental parameters, as 

formulated by our first hypothesis. Across all ecotone parameters, however, the recorded 

values for the community transitions only poorly matched the ones recorded for 

environmental transitions (Table 2), with the exceptions of the most sharp and short 

ecotones (from soft sediment to reef). In this case, the completely different environment 

types that neighboured each other probably forced the ecotone, as the communities on both 

sides harboured species with completely different substrate requirements. For other cases, 

although the spatial distribution of communities themselves appeared to be driven by 

environmental parameters, their ecotones only partially matched environmental transitions 

(as indicated by discrepancies in ecotone versus environmental transition parameters, and 

location along transects). There was no overall trend in the direction of the discrepancies 

between the shapes of the environmental transitions and the ecotones, indicating that the 

causes may be confounding effects of biotic interactions (stabilizing the community over 

the transition, Bennett et al. 2015), or sharpening its edge, e.g. Jiang et al. 2016), or the 

gradual de-structuring of community types over its edge as a result of differences in 
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individual species responses to the stress gradient (favouring an individualistic 

“Gleasonian” concept of community assembly rules, Ricklefs 2008).  

 

Another objective of this chapter was to determine if marine benthic communities 

would present symmetric distribution curves along environmental gradients. There is little 

evidence in ecology to support widespread symmetric response curves for individual 

species distribution (Austin 1987; Austin 2013; also discussed in Chapter 3), and our 

results do not support this type of symmetric distribution at the multi-species level of 

ecological communities. The Fiordland benthic communities presented edges with 

different ecotone parameter values at the deeper and shallower limits of their distributions 

(Table 4.2). This suggests that edge characteristics are not only dependent on the 

characteristics of the core community, but instead derive from an interaction with the 

neighbouring community and the coinciding environmental gradient. This type of pattern 

has been rarely studied (but see Stanton et al. 2013), but could be important to better 

predict the resilience, recovery or colonisation dynamics of communities depending on 

their edges (e.g. shallower limit or deeper limit), notably since depth impact the structure 

and functioning of macro-algal assemblages (Stephens et al. 2019).  

 Another type of asymmetry was reported between the two successive edges of an 

ecotone (i.e. between adjacent communities, reported for 53% of the ecotones). These 

asymmetric patterns usually affected all measured parameters, and mostly concerned the 

edges of communities that were better defined (less mixed cluster with higher membership 

grades) than their neighbouring communities. These communities were either associated 

with canopy forming species (e.g. E. radiata and C. flexuosum) or had strong substrate 

requirement (e.g. from soft to hard substrate). In both cases, the constituting species of 

these communities may have reacted more homogeneously (in space) to the stress gradient 

than those of the neighbouring communities, resulting in differences in edge 

characteristics. This type of asymmetry has been more commonly reported in the ecotone 

literature (Lacasella et al. 2015, Tölgyesi et al. 2016), and can be informative for 

unravelling the relative sensitivity of ecological communities to edge conditions. More 

generally, information on the extent of edge communities versus core communities may 

help defining the minimum patch size that is necessary for a core community to exist 

(Lacasella et al. 2015), and refine ecosystem mapping in fragmented landscapes (Fahrig 

2017, Talukdar et al. 2020). Improved detection of edge and core communities over 

landscapes could be crucial for the protection of core associated species (Pfeifer et al. 
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2017) or if patch interiors facilitate a particular set of ecosystem functions (De Coster et al. 

2015, Matte et al. 2015, Dantas de Paula et al. 2016, Stephens et al. 2019).  

 

 The shapes of the edges along the ecotone area provided indications about patterns 

of mosaicity (whether edges present linear rises or declines, or form successive peaks 

along the ecotone, as presented in Chapter 1). There was a gradation in the regularity of the 

shapes of the edges. Some presented nearly linear shapes, while others presented more 

irregular shapes, with successive peaks and drops but no clear alternation of community 

dominance. Only one ecotone (at Cavern Head, between the sponge and red algae 

community and the urchin dominated community) presented alternating peaks of 

community dominance, and thus was a clear case of mosaicity. When compared to the 

corresponding environmental transitions, it appears that steep environmental transition 

prevent the formation of mosaic patterns, while smoother transitions permit the subsistence 

of small community patches along ecotones (i.e. mosaicity). These results suggest that 

there exists a gradation of possibility between linear community changes at ecotones and 

marked mosaicity, and that this is influenced by the sharpness of the environmental 

transition. If such relationships were to be confirmed by more empirical studies, it could 

pave the way for predictive edge models (e.g. to predict edge characteristics from 

environmental gradient severity). It also draws parallels with patterns of landscape 

fragmentation (Kéfi et al. 2007; Kéfi et al. 2010), and with the possibility of inferring 

landscape dynamic from spatial patterns in ecology (Kéfi et al. 2014).  Both these points 

will be further developed in the concluding chapter of this thesis (Chapter 6). 

 

Diversity patterns: 

Patch edges and patch interiors may also differ in levels of alpha diversity (Pfeifer 

et al. 2017). The occurrence of peaks of alpha diversity at ecotones has been a long lasting 

assumption, but received contrasted empirical evidences (Ries et al. 2017). In this study, 

we report a number of alpha diversity peaks coincided with ecotones. Nevertheless, as the 

number of recorded ecotones was higher than the number of recorded peaks (only 33% of 

the ecotones presented diversity peaks, Fig. 7), increased diversity levels at ecotones 

cannot be considered a property of ecotones, but is likely to be the consequence of other 

processes. The historical rationale for this assumption was the intuitive idea that adjacent 

communities would overlap (Odum 1953), and form a diversity peak at their ecotone by 

simple addition of their respective diversity levels. This idea itself stems from Clementsian 
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organismal theory of vegetation (Clements 1916) that considers communities as coherent 

whole (labelled “Complex Organisms”) that can conceptually overlap. The Gleasonian 

concept of individualistic species associations (Gleason 1939), which posits that species 

would assemble in communities or disassemble along gradients according to their 

individual environmental requirements (see Ricklefs 2008), challenges the assumption that 

communities can overlap. Such a view predicts that diversity variations at ecotones should 

only take the form of a gradual passing from the average level of diversity of one 

community to the next. It is evident that the Clementsian and Gleasonian concepts 

represent two theoretical extremes, and that ecological communities would present a 

mixture of characteristics from both. Our results, however, mostly concur with the 

predictions of the Gleasonian individualistic theory, and thus provide more support for 

individualistic species-level assembly rules of communities in these benthic ecosystems.  

The occurrence of a few alpha diversity peaks at the upper margins of E. radiata 

communities – which suggests a positive effect of marine foundation species on the 

surrounding levels of biodiversity – is more aligned with Clementsian predictions. The 

existence of strong facilitative interaction cascades in communities that are dominated by 

foundation species (Ellison et al. 2005; Ellison 2019) may, in this case, drive community 

assembly rules that are more influenced by species interactions. Due to the lack of 

ecosystem type replication, however, these conclusions require further testing.  

 

Concluding remarks: 

 In this study, we reported asymmetric community distributions along the depth 

gradient, suggesting that the characteristics of benthic community edges are the results of 

interactions between neighbouring community types and particular local environment. The 

short environmental gradients in the fjords did drive the overall stratification of community 

types along the depth gradient, but less clearly than hypothesised. Important mismatches, 

both in positions and shapes, existed between environmental gradients and community 

gradients. We suggest two mechanisms to explain these mismatches: either the 

confounding effects of biotic interactions in shaping the ecotones or the progressive de-

structuring of communities into species specific physiological responses to environmental 

stress at its edges. These explanations are not mutually exclusive. Additional field 

observations or experimental approaches would be required to disentangle these 

possibilities. Diversity patterns were also observed, hinting at the importance of taking 

ecotones into account to explain diversity variations over landscapes. The diversity 
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patterns that we report were not identical for all ecotones. It is suggested that diversity 

variation at ecotones is in most cases the result of the differences in the average levels of 

diversity in both adjoining communities. 
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Chapter 5: 

Reducing the arbitrary: fuzzy detection 

of microbial ecotones and ecosystems: 
Case study of the pelagic environment 

 

Introduction: 
The ecosystem types presented in the previous chapters (terrestrial ecosystem, 

chapter 3; benthic ecosystem, chapter 4) present visible patterns of organisation, with 

marked patches and discontinuities. These ecosystems allow for targeted sampling designs, 

either to avoid edges (as recommended by Daubenmire 1968) or – in the present case – to 

integrate them in ecosystem representations. The ecosystem type that will be presented in 

this chapter does not allow for this approach. The pelagic oceans are well known for not 

presenting any obvious patchiness (Kim & Orsi 2014; Pauthenet et al. 2017), for the 

gradualness of their environmental variations (Whittaker 1967; Minissale & Sciandrello 

2015), and for their important spatial and temporal dynamic (Bearup & Blasius 2017; 

Yando, Osland & Hester 2018), all of which make visual classification of these ecosystems 

ineffective, if not impossible. As information on the spatial distribution of ecosystems is 

key to understand any ecological phenomenon  (e.g. community dynamic, Jiang et al. 

2016; diversity patterns, Cabral, Valente & Hartig 2017) and for the design of conservation 

strategies and ecosystem risk assessment protocols (Rice et al. 2011), numerous 

classifications of the pelagic and coastal oceans have nevertheless been proposed (e.g. 

Spalding et al. 2007; Spalding et al. 2012; Reygondeau et al. 2013). In these classification 

schemes, the relative positions of the different marine bioregions (or biomes, provices, etc., 

see Lourie & Vincent 2004) were well documented (see the review of Posadas, Crisci & 

Katinas 2006), but the exact positions of their boundaries remained subject of debates (as 

often noted by the authors of these classifications, see Spalding et al. 2007). The selection 

of threshold values, or the definition of arbitrary boundaries, was often required to 

delineate the different bioregions of these schemes. The definition of appropriate 
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thresholds, however, may be arguable (Makowski, Finkl & Vollmer 2015; Juanes, Puente 

& Ramos 2017) and these values may vary as much as the system they define (Hopkins, 

Shaw & Challenor 2010; Maxwell et al. 2015). Collectively, these uncertainties reduce the 

potential comparability between studies (Baziukė, Juščenko & Šiaulys 2014) and 

opportunities for broader investigations across ecosystems. The difficulties listed above are 

not restricted to the case of the pelagic environment. Similar problems arise when micro-

organisms are included in community studies, being far too small and numerous for visual 

assessment (Baltar et al. 2016; Hernando-Morales, Ameneiro & Teira 2017).  

The marine pelagic environment and its microbial communities that will be 

investigated in the present chapter offer an important example of these problems. 

Advances in satellite imagery (Krug et al. 2017) and recent sampling cruises (Guerrero-

Feijóo et al. 2017; Müller et al. 2018) reveal a patchy and dynamic ocean, with associated 

difficulties in the detection and delineation of water masses and ecosystems (Kim & Orsi 

2014; Pauthenet et al. 2017). Furthermore, the development of sequencing techniques has 

produced increasingly complex microbial data sets that challenge ecological and statistical 

interpretation (Weiss et al. 2017).  

Despite the challenges, microbial communities require attention because they fulfil 

key functions in oceans, including as nutrient and carbon recyclers (Buchan et al. 2014). 

Approximately one-half of the carbon fixed by marine autotrophs is directly processed by 

bacteria (Ducklow et al. 1993; Buchan et al. 2014). Bacteria also facilitate the regeneration 

of nitrogen and phosphorus (Azam & Malfatti 2007) and the release of iron (Mioni et al. 

2007), processes crucial to primary productivity (Ramin et al. 2012). Identifying spatial 

patterns in marine bacterial assemblages have the potential to reveal heterogeneity in 

oceanic productivity or biogeochemical patterns (Britten & Primeau 2016). Recent studies 

have highlighted associations between bacterioplankton communities and oceanographic 

features in the pelagic oceans (Baltar et al. 2010; Chust et al. 2012; Baltar et al. 2016; 

Fondi et al. 2016; Hernando-Morales, Ameneiro & Teira 2017; Djurhuus et al. 2017; 

Morales et al. 2018b) and in coastal waters along estuarine to marine transitions (Fortunato 

et al. 2012; Doherty et al. 2017). Consistently identifying these associations requires 

methods to place the boundaries of ecosystems and to characterise the transitions between 

them (see Hufkens, Scheunders & Ceulemans 2009; Ferro & Morrone 2014). Transition 

zones or ecotones between ecosystems can play important ecological roles. They may 

support higher levels of productivity or diversity and to may regulate the links between 
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neighbouring systems (see Chapter 1, Wiens, Crawford & Gosz 1985; Valentine et al. 

2007; Ries et al. 2017).  

We used the Munida Microbial Observatory Time Series (MOTS) as a model 

system (Munida transect, see Currie & Hunter 1999; Currie, Reid & Hunter 2011, for 

chemistry; Baltar et al. 2015; Baltar et al. 2016; Morales et al. 2018b, for microbial 

ecology, see Method section). The bacterioplankton communities occurring along it have 

been sampled for several years (Baltar et al. 2015; Baltar et al. 2016) and constitute the 

only long-term time series on bacterioplankton communities crossing a pelagic oceanic 

front.  

 

Materials and methods 
Study Site & Sampling: 

 The sampling was undertaken along the Munida Microbial Observatory Time 

Series (MOTS, Fig. 5.1 A). MOTS is a coastal transect crossing the subtropical front 

located off the East Coast of the South Island, New Zealand. This 65 km long transect 

crosses multiple major oceanic features: neritic waters (NW), subtropical waters (STW), 

the subtropical front (FRONT), and sub-Antarctic waters (SAW). It has been continuously 

investigated for almost two decades. The position and the width of these water masses are 

dynamic throughout the year and the subtropical front in particular has been extensively 

surveyed (Hopkins, Shaw & Challenor 2010; Jones et al. 2013). It displays seasonal 

variations, being farther offshore during winter and closer inshore during summer (around 

43 km and 27 km respectively, estimated from Hopkins, Shaw & Challenor (2010). It is 

also narrowest during winter (15.07 km) and broadest during spring (23.88 km), with an 

average width of 8.36 km (according to Shaw & Vennell (2001)) or 18 km (according to 

Hopkins, Shaw & Challenor (2010)). 

Sampling took place between January 2014 and April 2015 on the RV Polaris (see 

Fig. 5.1 B for the 6 sampling months: January 2014, June 2014, July 2014, December 

2014, March 2015 and April 2015). Continuous sea surface temperature (SST) and sea 

surface salinity (SSS) data were measured using a Sea Bird SBE45 thermosalinograph and 

associated SBE38 remote temperature sensor, with position information appended from the 

vessel GPS system.  

 Microbial communities were determined at each of the 8 stations of the MOTS 

from surface samples (2 m below the surface) and collected in 5l acid-rinsed plastic bottles 
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and then filtered (0.5-0.8 l) through 0.22 µm polycarbonate filters (Millipore). Duplicate 

samples for DNA extractions were taken together with samples for chlorophyll-a (Chl-a) 

analysis from each station (Baltar et al. 2016; Morales et al. 2018b).  

DNA was extracted separately from each filter using a PowerSoil® DNA Isolation 

Kit (MoBio, Carlsbad, CA, USA) and the manufacturer’s protocol. Bead beating was 

performed using a Geno/Grinder for 2 × 15 seconds and the final elution was done using 

50 µL of solution C6 (sterile elution buffer, 10 mM Tris). DNA concentration was 

measured using a Nanodrop Spectrophotometer from Thermo Fisher. 16S rRNA gene 

amplicon libraries were generated using the Earth Microbiome Project barcoded primer set 

(V4 Primer 806R) and conditions (Caporaso et al. 2012).  All samples (independent 

replicates) were run on an Illumina Miseq run. 

All amplicon data was processed using QIIME 1.9.1 and quality filtered using 

default parameters (Caporaso et al. 2012) with all fragments kept being 151bp. Samples 

with less than 10,000 sequences were removed. Sequences were grouped into operational 

taxonomic units (OTUs) at 97% similarity. Open-reference OTU picking was carried out 

using the SILVA 119 release reference library and UCLUST (Quast et al. 2012). 

Taxonomic assignments were performed using BLAST and the SILVA reference database. 

Multiple rarefactions (10) were performed to a depth of 10,000 sequences per sample and 

the files were merged to create an averaged OTU table. All data in the merged biom file 

were rounded prior to downstream analysis using the phyloseq package (McMurdie & 

Holmes 2013) in R (The R Core Team 2019).  Relative abundance (%) was calculated as 

the number of reads matching a particular OTU relative to the total number of reads. The 

data were then averaged for each of the sampling station (8 stations per month over 6 

months) according to their positions along the transect (expressed in kilometres from the 

coastline) in order to build the microbial community matrices used for the statistical 

analysis. 
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Statistical analysis: 

 The data analyses performed in this chapter followed the same protocol as the 

previous chapters (as presented in chapter 3). However, due to the mathematical 

limitations inherent to fuzzy cluster algorithms (the number of fuzzy clusters cannot 

exceed n 2− 1, where n is the total number of observations), it was not possible to 

compute more than 3 fuzzy clusters out of the 8 sampled stations for the microbial 

communities. We therefore could not test for the existence of a fourth (or more) cluster in 

the OTU data. 

 Compared to the previous chapters, additional analyses were performed to explore 

the dynamic of these pelagic systems over the time series created by the successive 

sampling months. The ecotone parameters (Amplitude of Edge Influence (AEI), Depth of 

Edge Influence (DEI) and Magnitude of Edge Influence (MEI)) were computed for each of 

the identified water mass transitions and microbial ecotones, for each of the sampling 

month. The obtained values grouped per month, seasons and water mass or community 

types. The statistical significance of the differences between groups was assessed by non-

parametric Kruskal-Wallis tests followed by Dunn’s test for multiple pairwise comparisons 

and Bonferroni p-values adjustments (dunn.test package, Dinno 2017).  

 Although the fuzzy clusters used to identify communities and ecotones were 

computed at the finest possible level of taxonomic resolution (OTUs), the compositions of 

the fuzzy cluster centroids were only presented at the phylum level (e.g. Cyanobacteria, 

Proteobacteria, etc.). This choice was motivated by the very high number of sampled 

OTUs, which rendered the graphical outputs unreadable and which did not improve the 

understanding of the functions and ecology of these microbial communities. To ascertain 

the consistency of the described communities at varying taxonomic accuracy, community 

clusters were computed at phylum, order, genus and OTUs levels (presented in Fig. A. 

5.4). Analyses targeting OTUs identities were unpractical, but this remains a level of 

taxonomic accuracy that is relevant for microbial community characterisations and 

differentiations (Martiny et al. 2015). The spatial and temporal relations between the 

identified bacterioplankton communities were thus conducted using OTUs, and are 

presented as networks in which the links correspond to the number of shared OTUs (OTU 

identities) between clusters. To avoid arbitrary decisions, a range of different thresholds 

was used to select the most representative OTUs in each cluster (ranging from 25% to 1% 

most representative, see supplementary information, Fig. A. 5.6). Networks often have 

several and equally correct graphical representations (in terms of where the nodes and 
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edges should be drawn). We used the spinglass algorithm (repeated over 1000 networks) to 

determine the actual number of communities in the network.  

 

Results 
Water masses and Bacterioplankton communities 

 The continuous temperature and salinity data allowed for a precise recording of the 

main water parameters along the Munida transect. The positions of the water masses could 

be directly approximated from the evolutions of SST and salinity (Fig. 5.1 B) according to 

several thresholds (Jones et al. (2013), for a complete list of values). The environmental 

fuzzy clusters, based on these two parameters, consistently described these water masses 

(Fig. 5.2 A and Fig. A. 5.1-3). The mean values for SST and SSS could be extracted from 

the fuzzy cluster centroids. Neritic waters (NW), characterised by high temperatures and 

low salinities (13.15 ± 1.25ºC, 34.32 ± 0.28 PSU), were the first to be crossed by the 

transect and finished between 9 and 19 km offshore depending on the sampling month. 

Subtropical waters (STW), characterised by higher temperatures and salinities (12.32 ± 

0.93ºC, 34.67 ± 0.08 PSU), were next and continued until 27 to 32 km offshore. The 

subtropical front itself was described as a separate cluster by the fuzzy clusters (11.30 ± 

0.88ºC, 34.42 ± 0.13 PSU), with a width between 11 km and 22 km (for an average of 17 

km), and occurred between the end of the STW and the beginning of the sub-Antarctic 

waters (SAW), which began between 41 and 53 km offshore. The low temperatures and 

salinity values, characteristic of the SAW (10.78 ± 1.32ºC, 34.31 ± 0.06 PSU), then 

continued until the end of the transect. The values given here are intervals, to account for 

the shape of the fuzzy clusters and the monthly variability. We could not depict any clear 

seasonal patterns in the positions of the water masses (see Fig. A. 5.1-3).  

The fuzzy clusters also described a spatial segregation of bacterioplankton 

communities along the transect (Fig. 5.2 B and Fig. A. 5.1-3). Due to the number of 

sampling stations and to computational constraints, the number of possible clusters for 

community analyses was limited to three. Nevertheless, they were spatially organised and 

their positions coincided with the position of particular water masses. As such, it was 

possible to associate the bacterioplankton communities with the water masses in which 

they occurred. 
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The STW and SAW could always be linked to a distinct microbial community, 

however the NW (present in July, March and April) and the subtropical front (present in 

January, June and December) inconsistently fluctuated between distinct and shared 

community clusters with bordering water masses. The relative positions of the fuzzy 

clusters did not vary dramatically depending on the taxonomic level, but their spatial fit 

with the environmental clusters seemed to improve with increasing taxonomic resolution 

(Fig. A. 5. 2). The phylum composition of the fuzzy cluster centroids varied between 

months (Fig. 5.3). Some phyla (e.g. Euryarchaeota, Verrucomicrobia, Cyanobacteria, 

Actinobacteria and Bacteroidetes) were consistently scoring high in each cluster, 

indicating ubiquitous distribution. These phyla were overwhelmingly important the 

centroid compositions of each of the fuzzy clusters, but rarely drove their differentiation. 

Exceptions are to be noted, for instance, for Cyanobacteria in January (STW) and 

December (southland front) or for Fibrobacteres in July (SAW) and March (STW). 

Another representation of the fuzzy cluster centroids, this time normalised by species, is 

given in Fig. A. 5.5. This alternative representation better highlights which phyla were 

strongly associated with a single community cluster, and thus more strongly impacted 

cluster differentiation. Examples can be found with Chloroflexi in the STW (January, June, 

April), Tenericutes in the STW (June, July), Gracilibacteria in the southland front 

(January, June) and Latescibacteria in the NW (March, April).  

Overall, the STW had more representative phyla than the other water masses (with 

7 phyla being representative of this water mass for at least two different sampling months, 

and up to 12 representative phyla in June), while the SAW had less (with only the TM6 

phylum occurring both in January and March, and no representative phyla in June and 

April). Note that the Gracilibacteria and Latescibacteria phyla became representative of 

the STW for the months for which the southland front (July and March) or the NW (June 

and December) could not be defined, but were otherwise representative of these two water 

masses.  

 The overlaps and shapes created by the evolution of the fuzzy clusters membership 

grades formed overlaps and areas of more or less mixed conditions between the different 

clusters. This representation offers a straightforward way to visualise the spatial 

organisation and patchiness of the environment from multivariate data. The status of 

boundary data, i.e. of data located in the outer part of the clusters, can therefore be more 

easily addressed. 
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Transition patterns 

 The parameters (AEI, DEI and MEI) of the environmental transition zones along 

the transect are presented in Fig. 5.4 A-C (grouped per water masses) and Fig. 5.4 G-I 

(grouped per seasons). The same parameters for the microbial ecotones are presented in 

Fig. 5.4 D-F (grouped per water masses, with one additional water mass interval – between 

the STW and the SAW – to account for the months for which the southland front 

community was not defined) and Fig. 5.4 J-L (grouped per seasons). Overall, the microbial 

ecotones were smoother (lower AEI, lower MEI) and wider (larger DEI) than the 

environmental transitions. When grouped per water masses (Fig. 5.4 A-F), only the 

microbial ecotone parameters showed statistically significant differences between groups, 

with the transitions between the STW and the southland front being shorter and more 

abrupt than the ones between the southland front and the SAW. The environmental 

transition parameters did not produce any statistically significant results, although similar 

trends could be noted in the relative levels of the different groups. Conversely, when 

grouped per seasons (Fig. 5.4 G-L), only the environmental transitions displayed 

statistically significant trends, with the summer transitions being smoother and wider than 

the winter transitions, and the autumn month transitions oscillating between these two. The 

bacterioplankton ecotone parameters did not display any particular seasonal trends.    

 

System dynamic and relations between water masses and microbial communities 

 As mentioned above, the spatial coincidence of the microbial clusters and the 

environmental clusters allowed for a labelling of the different bacterioplankton 

communities according to the water masses in which they occurred. The network analysis 

(Fig. 5.5 A) showed that these spatial associations also corresponded to a higher taxonomic 

relatedness of the microbial communities that were representative of a particular water 

mass throughout the sampling period. As such, the links between the microbial 

communities that belonged to the same water masses were stronger than the links uniting 

water masses of different origins.  
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A visual analysis of the network structure reveals three different groups (i.e., the 

NW, STW and SAW associated communities), whereas the subtropical front communities 

are poorly linked with each other but differentiate between the NW and STW communities 

on one side and the SAW communities on the other (Fig. 5.5 A). Nevertheless, the 

spinglass algorithm only detected 2 statistical communities in the network (one comprised 

of the NW and STW communities and the other of the SAW and frontal communities), 

with the rare occurrence of the subtropical front community in June as a third isolate (>1% 

of the networks). Although not in a different group, the STW community in December 

often appeared slightly apart from the other STW communities.   

 Importantly, the number of OTUs that were present in each cluster centroid only 

accounted for a small portion of the total number of OTUs. Such proportions are indicative 

of the degree of uniqueness in the microbial communities, as only a fraction of the OTUs 

played a role in linking the clusters (number of common OTUs between cluster centroids 

presented in Fig. 5.5 B). Each month harboured an average of 41.1% (± 4.7%) of the total 

number of OTUs over the whole sampling period, and shared 51.5% (± 4.5%) of these 

remaining OTUs with other months. In the example network presented here (threshold 

value of 0.85, Fig.5A), an average of 16.3% (± 5.3%) of the total number of OTUs/cluster 

centroid were above the threshold and considered as representative of a community. The 

remaining OTUs were therefore too ubiquitous to be kept in one particular cluster centroid. 

Among the representative OTUs of each cluster, an average of 6.4% (± 1.0%) were shared. 

The majority of the OTUs were therefore either too ubiquitous to represent a particular 

cluster, or too specific to be found in more than one cluster.   
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Discussion 
Method considerations, suitability and efficiency 

From a statistical point of view, the conceptual validity and analytic efficiency of 

fuzzy sets for ecological data has already been demonstrated (Roberts 2009; Feoli & 

Zuccarello 2013), notably to deal with variability and uncertainty. In this chapter, they are 

used for the first time to unravel the environmental patchiness and the microbial associated 

ecotones in the pelagic environment. In such gradual, dynamic and apparently continuous 

environments, the usefulness of fuzzy sets go beyond the sole purpose of ecotone 

characterisation, as they prove to be efficient tools for the classification of ecosystems in 

general (environment and ecological communities included). The characterisation of 

microbial communities continues to pose considerable challenges to environmental 

microbiologists (Weiss et al. 2017), as does – to a lesser extent – the characterisation of 

water masses and frontal structures in the open oceans (Chapman 2014; Chapman 2017). 

The use of fuzzy clusters has three main advantages. First, the obtained graphical 

representation respects the continuity of the original data. It thus avoids arbitrary decisions 

regarding the assignation of spatial boundaries between clusters (Kim, Lee & Lee 2004). 

Second, this approach can be applied independently to both on species (here OTU) and 

environmental data, with similar graphical outputs, which highlight spatial associations 

and makes comparison more straightforward. Finally, information from the cluster 

centroids can be extracted. These sets of vectors can be interpreted as biological 

description of the clusters (De Cáceres, Font & Oliva 2010; Bandelj et al. 2012) or as 

representative values in the case of environmental variables. By keeping the ecosystem 

description structured in patches, it offers the possibility to bring together studies centred 

on ecosystem cores and research on ecotones, two approaches that have often been treated 

separately, despite their relation to understand landscapes as dynamic and networked 

entities (Cadenasso, Pickett & Grove 2006; Ewers, Marsh & Wearn 2010). A relation that 

appears even more crucial in the pelagic oceans than elsewhere (Carr et al. 2003; Hobday 

& Hartog 2014; Maxwell et al. 2015). In particular, the sets of metrics that can be 

extracted from the shapes of fuzzy clusters could improve the parameterisation of 

statistical models that aim to account for fluxes and exchanges between compartments 

(Hou & Walz 2016). There is still a lack of empirical data to calibrate these models (Jiang 

et al. 2016), and the use of the ecotone parameters presented in this work could be way 

forward. 
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As indicated in the chapter 3, one of the current drawbacks of clustering approaches 

is the determination of the adequate number of clusters. Aside from the difficulties 

inherent to the exploration of the internal structure of ecological datasets, this number is 

also constrained by the number of available observations. In the present bacterioplankton 

dataset, this limitation did impact the analyses, and reduced the number of microbial 

communities that could be described for each of the sampling event.  

 

Water masses and microbial communities 

The high spatial variability we observed in the positions of the different water 

masses between the successive cruises describes the study area as a very dynamic system, 

with a wide range of possible states. We did not detect seasonal trends in the position of 

the front, but the lack of time averaging in this study may have captured ephemeral 

variations, such as eddies, plumes and meanders, that can hide seasonal trends or 

associated cycles (as revealed in longer time series, Shaw & Vennell 2001; Hopkins, Shaw 

& Challenor 2010). Therefore, although seasonality affects the average position of the 

oceanic features in the area, the range of possible locations remains high throughout the 

year (as reported in Hopkins, Shaw & Challenor 2010; Chapman 2014; Chapman 2017). 

Here, this can be seen in the July data where the temperature and salinity records were 

disturbed, and possibly captured the presence of an eddy along the transect. The 

parameters extracted from the water mass transitions, however, displayed seasonal 

differences, and particularly indicated sharper environmental gradients during winter (Fig. 

5.4). This trend differs from the results of Hopkins, Shaw & Challenor (2010), who 

reported stronger gradients in spring and autumn, and weaker gradients in winter and 

summer. The results shown here do not capture, however, the same phenomenon, as we 

integrated salinity in the analyses (instead of only temperature differences), which may 

explain this inconsistency. Nevertheless, gradient strength may also be impacted by 

ephemeral oceanographic features, and our results should thus be taken with caution. Their 

statistical significance may still indicate that gradient parameters may be more stable over 

time than water mass positions, i.e. that the position of the water masses is more variable 

than the characteristics of the transitions between them. 

Fuzzy clusters offer an alternative approach in oceanography, and contrast with 

existing techniques for oceanic jet detection in the oceans (that are mostly based on 

satellite imagery algorithms, the use of gradient thresholding methods, probability density 

functions and contour methods, see Chapman 2014 for a review). These methods make use 
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of additional physical parameters such as Sea Surface Height (SSH) that may not strongly 

affect biological communities. Although fuzzy clusters could also be applied on SSH data, 

the use of SST and SSS facilitate the comparison of the subtropical front with surrounding 

oceanic features, as salinity and temperature are the most common descriptors to define 

water masses. These descriptors are also ecologically meaningful (Belanger et al. 2012; 

Winter, Matthews & Suttle 2013) and fuzzy clusters do not exclude the possibility of 

including additional ecological parameters to better understand the drivers of species and 

community distribution.  

There is a debate whether microorganisms would exhibit fundamentally different 

patterns of biogeography than macro-organisms (Foissner 2006; Finlay 2002; Martiny et 

al. 2006), notably under the classical Baas Becking hypothesis (“Everything is 

everywhere, but the environment selects”). Recent studies have advocated that similar 

patterns may be shaping microbial and macro-organisms biogeography (Hanson et al. 

2012; Lara et al. 2016), the two main processes being dispersal limitations and 

environmental filtering (Chust et al. 2012; Matthews & Whittaker 2014). At the scale of 

oceanic basins, patterns of association between plankton and oceanic circulation have been 

demonstrated, mainly through ocean colour imagery (Chlorophyll a, but also with other 

pigments, proteins and lipids, see Reygondeau et al. 2013; Hernando-Morales, Ameneiro 

& Teira 2017; Mouw et al. 2017; Roy 2018). The phylum composition of the different 

fuzzy cluster centroids in this study highlighted the ubiquitous distribution of some of the 

phyla along the 60 km of the transect, among which the Cyanobacteria (photosynthetic 

metaboloisms), Euryarchaeota (methanogens), Bacteroidetes Actinobacteria and 

Verrucomicrobia (known particle degraders, Bachmann et al. 2018; Lacombe-Harvey, 

Brzezinski & Beaulieu 2018). Many of these phyla have been linked with anaerobic 

metabolisms in deeper parts of the oceans (Yilmaz et al. 2016). Their presence in surface 

samples may either indicate a strong mixing of the surface waters with deeper layers or the 

ability of some of the members of these phyla to live in more oxic conditions. Other phyla 

were more consistently associated with a single cluster at a time, e.g. Latescibacteria (NW 

in March and April 2015, STW in June 2014 and December 2014). These particular 

associations mostly occurred in the nearshore sections of the transect, particularly in the 

STW, and could indicate that the subtropical front and the SAW are more poorly 

differentiated at the phylum level, comparatively to the NW and STW. Information on the 

basic metabolism and ecological properties of these microorganisms remain scarce 

(Solden, Lloyd & Wrighton 2016), making it difficult to draw ecological conclusions from 
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these patterns,  particularly as taxonomic diversity may be a poor predicator of functional 

diversity in microbes (Louca et al. 2016). The spatial segregation of the fuzzy clusters was 

only slightly more pronounced at increased taxonomic resolution (Fig. A. 5.4), which may 

suggest that members of the same phylum might share general ecological strategies 

(Martiny et al. 2015; Yeh et al. 2018), or at least common distribution patterns. Ecological 

communities are often shaped by more than just the sum of individual responses to 

surrounding environmental conditions. They are usually stabilised by facilitative or 

mutualistic relationships (sometime centred around a few key species, see Berry & Widder 

2014; Ellison 2019). Genomic studies have suggested that many bacterial phyla, in 

particular those with small genome sizes, could be obligate synthrophs, depending on 

larger bacterial hosts (e.g. in the Candidate Phyla Radiation and TM6, Gong et al. 2014; He 

et al. 2015; Solden, Lloyd & Wrighton 2016). Such microbial associations may introduce 

reinforcement loops in the composition of microbial communities, particularly at 

taxonomic resolutions that capture more specialised relationships. Investigating the co-

occurrence of particular taxa in environmental datasets could help exploring these 

associations (Solden, Lloyd & Wrighton 2016).  

In this study, the community networks were thus constructed at the highest 

taxonomic resolution (OTU). The consistency of the links that united the bacterial 

communities of a particular water mass demonstrate the existence of biogeographic 

patterns in pelagic microbial communities (see also Agogué et al. 2011; Mapelli et al. 

2013, for bacterial communities), even at local scales over few kilometres. These patterns 

may be driven by the dispersal limitations induced by water masses circulation or by 

“ecosystem filtering” (including biotic and abiotic filters). We nevertheless recognise that 

these drivers unequally affected the microbial communities. Indeed, many OTUs were 

ubiquitous in the study area and therefore unrelated to a particular cluster centroid, 

conversely others were too rare, i.e. occurring in only one cluster, to play a role in the 

networks. Overall, only a small proportion of the OTUs explained the community variance. 

On average, 41% of the total number of OTUs sequenced over the whole sampling period 

were present per month and only 16.3% of that number were representative of a given 

cluster (the other 83.7% were too ubiquitous to represent a cluster). Only 6.4% were shared 

between clusters. These numbers can provide estimates for alpha and beta diversity 

(respectively defined here as the diversity in a single community and the total dissimilarity 

between two or more communities, Jost 2007; Baselga & Leprieur 2015). If considered 

monthly, the high percentage of ubiquitous OTU indicates low beta diversity between the 
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water masses and a high alpha diversity in each water mass. Other microbial studies in 

terrestrial environments have also found patterns of low beta diversity and high alpha 

diversity in microbial communities (see Lentendu et al. 2018, on soil microbiota), which is 

consistent with the results of this study. However, the low percentage of OTUs shared 

between the successive months suggests much higher beta diversity over time. In the case 

of microorganisms, their ability to evolve quickly may result in emergent patterns of beta 

diversity (Sauterey et al. 2015) and may provide an explanation for these findings. From 

the limited data of this study, we suggest that time alone could be an important driver of 

microbial diversity patterns (along with dispersal limitations and environmental filtering) 

and that its effect on microbial diversity should be further isolated and explored, notably as 

it might provide a link between the slow-evolving macro-organisms and the fast-evolving 

microorganism diversity patterns. 

Considering the study area, higher numbers of shared OTUs were reported between 

the microbial communities in the NW (and STW in a lesser extent) compared to the 

offshore communities (subtropical front and SAW, Fig. A. 5.6), thus revealing more 

conserved communities over time. The strong influence of the Clutha River in the region, 

with its consistent inputs of freshwater and sediments, is responsible for the existence of a 

well differentiated NW, and is known to support higher levels of primary productivity 

(Haywood 2004). These terrestrial inputs may have had an additional stabilizing effect on 

the particle degrading bacterioplankton communities in the surface layers sampled in this 

study.   

This study was limited to the surface waters. Depth influences the water mass 

characteristics (Stevens et al. 2019, for New Zealand), and can also drive microbial 

community differentiation, particularly on both side of the euphotic zone (DeLong et al. 

2006). Mixing events however regularly occur and can lead to a homogenisation of the 

water column down to depths of around 100 metres (Hopkins, Shaw & Challenor 2010). 

The conclusions of our study thus apply to these depths.  

 

Transition patterns, oceanic front and ecotone 

It is generally accepted that water mass properties change rapidly across the front, 

yet remain approximately constant along the front (Chapman 2017). As such, frontal areas 

have been regarded as transition zones between water masses, with potential ecotones 

(Baltar et al. 2016; Morales et al. 2018b). The fuzzy clusters were able to isolate the front 

as a distinct environmental cluster. The physical characteristics of the transitions between 
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the different water masses and microbial communities along the continental shelf revealed 

that the passing from the frontal waters to the SAW were more gradual and over longer 

distances than the other transitions (Fig. 5.4), which is probably the consequence of the 

sub-Antarctic origin of the subtropical front that makes its composition more similar to the 

SAW (90% SAW and 10% STW, according to Sutton 2003). 

Despite this similarity with the SAW, the subtropical front in this study often 

maintained specific microbial clusters, comprising relatively low numbers of shared OTUs 

with the surrounding water masses (Fig. A. 5.6), and comprising some representative phyla 

(Gracilibacteria, in January and June 2014; Cyanobacteria, in December 2014; 

Omnitrophica, in June 2014). These particular microbial communities were especially 

evident over the summer months, when stronger gradients in nutrient concentrations and 

temperature prevail and when phytoplankton blooms may occur (Currie & Hunter 1999; 

Hopkins, Shaw & Challenor 2010). In these conditions, phytoplankton dynamics may 

drive the emergence of a distinctive microbial community (Baltar et al. 2016; Morales et 

al. 2018b; Kim, Lee & Ducklow 2018; Zhou et al. 2018). By contrast, a microbial 

community associated with the less salty neritic waters replaced it during the winter and 

autumn months, as the gradients associated with the front weaken (Hopkins, Shaw & 

Challenor 2010). Nevertheless, the appearance of a front-associated microbial cluster in 

June is at odds with this interpretation and we cannot reject a detrimental effect of the 

limited number of possible microbial fuzzy clusters.  

Whether or not the subtropical front supported a specific microbial community, it 

nonetheless acted as a clear separator between the STW and the SAW. Its position as an 

ecotone or as a separate and distinct ecosystem remains debatable. Temporal – and 

possibly seasonal – patterns may be the main drivers for whether or not the front harbours 

a separate community, or is an ecotone. Transient ecotones have been reported in the 

terrestrial literature (Tölgyesi et al. 2016b). This distinction is important, as the exchanges 

between the STW and the SAW are likely to be impacted by the presence of a distinctive 

microbial community between them, as well as the capacity of the frontal area to support 

higher levels of productivity (Chafee et al. 2018) and attract organisms belonging to higher 

trophic levels (Zamon, Phillips & Guy 2014).  

Our study revealed the existence of another ecotone between the coastal NW and 

the STW, with the persistence of a coastal microbial biome. The occurrence of coastal 

fronts associated with freshwater inputs have already been reported (Yelekçi et al. 2017) 

and linked with distinct plankton communities (Albaina & Irigoien 2007). Additionally, we 
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demonstrate frontal influence on microbial communities, which has implications for 

primary productivity in coastal waters (Buchan et al. 2014; Raveh et al. 2015). Linking 

bacterioplankton data with phytoplankton data, or other organisms from higher trophic 

levels, could help investigating the exact nature of the links that exists between them. 

Microbial ecotones may represent gradients of differing biochemical activities, where the 

frontal microorganism benefit from the combined access to different sources of nutrients, 

and thus overcome potential growth limitations. Oceanic fronts are usually presented as 

areas of enhanced productivity (Jones et al. 2013; Kavanaugh et al. 2014) and our ability 

to pinpoint and characterise the pelagic environment as continuous and comprised of both 

patches and the transitions between them might prove crucial to understand the linkage 

between the different trophic levels in the oceans, in turn improving our understanding of 

global biogeochemical cycles (Hanson, Hewson & Madsen 2014; Britten & Primeau 

2016). 
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Chapter 6: 

General conclusion:  
Insights from cross-ecosystems comparisons 

 

 

The main aims of this PhD have been twofold: (i) testing the suitability of a 

conceptual framework for investigating ecotones at the community level and – by applying 

it to data from three different ecosystems (terrestrial, benthic and pelagic) – (ii) exploring 

the existence of generalities in ecotonal properties. 

It became clear early in this work that the concepts of ecotones and ecological 

communities (and by extension, of ecosystems) were interconnected. In other words, 

ecotones could only be properly defined in relation to their adjoining communities. 

Throughout the previous chapters, the feasibility, relevance and advantages of defining 

communities and ecotones together have been demonstrated. 

After having investigated terrestrial, benthic and pelagic ecosystems independently, 

the purpose of this concluding chapter will be to proceed to their comparison, and extend 

on the second aim of this thesis, i.e. the possible existence of general ecological features at 

ecotones. 

 

Environmental drivers of ecotones: 

Ecotones were recorded in all of the surveyed ecosystems (terrestrial, benthic and 

pelagic). Their positions generally coincided with the positions of environmental 

transitions (with the notable exceptions of some of the ecotones on the upper parts of the 

walls of the subtidal environment in Fiordland, which may still be due to unrecorded 

environmental parameters, such as salinity).  

This highlights that changes in abiotic conditions are the main drivers for ecotone 

formations over landscapes or seascapes. Environmental conditions are well established as 

being fundamental drivers for the existence of community types (Leibold et al. 2004; 

Vellend 2010; Murray-Stoker & Murray-Stoker 2020) or larger biogeographic units (e.g. 

biomes, provinces, regions, e.g. Pavlick et al. 2013; for terrestrial vegetation; Belanger et 
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al. 2012; Spalding et al. 2007; for coastal seas; Spalding et al. 2012; Reygondeau et al. 

2013; for the pelagic oceans). It thus does not come as a surprise that the same factors 

would be overly important in driving the positions of ecotones.   

 

Ecotones metrics and comparability: 

To better assess the relations between environmental gradients and ecotones, the 

metrics used to analyse ecotone characteristics will be compared (Abruptness of Edge 

Influence (AEImax and AEI), Fig. 6.1, Depth of Edge Influence (DEI) and Magnitude of 

Edge Influence (MEI), Fig. 6.2). This comparison also highlights differences between 

ecosystem types (terrestrial, benthic and pelagic), which will be presented first. 

 

Ecotones’ parameters across ecosystems: 

With the exception of the MEI (Fig. 6.2 B), which is the only parameter that is 

independent from the spatial dimension of the sampling, all the parameters extracted from 

the pelagic ecosystem (AEImax, AEI, Fig. 6.1 A-B, and DEI, Fig. 6.2 A) differed by three 

to four orders of magnitude from the other ecosystems – corresponding to a shift from the 

metre scale (length of the sampling transects in the benthic and terrestrial ecosystems) to 

the kilometre scale (length of the sampling transect in the pelagic ecosystem).  

The MEI values of the benthic and pelagic ecosystems were compared with non-

parametric Kruskal-Wallis tests followed by Dunn’s test for multiple pairwise comparisons 

and Bonferroni p-values adjustments (dunn.test package, Dinno 2017). The MEI values of 

the ecotones of the benthic and pelagic ecosystems were statistically different (mean (±sd) 

for benthic ecotones = 0.658 (±0.173), for pelagic ecotones = 0.485 (±0.087), expressed in 

membership difference, p-value = 0.0143) but not the MEI values of the environmental 

transitions (mean (±sd) for benthic transitions = 0.919 (±0.061), for pelagic transitions = 

0.831 (±0.100), expressed in membership difference, p-value = 0.0537) (Fig. 6.2 B.1).  

The lack of replication in the terrestrial ecosystem impeded statistical comparison 

with the other ecosystems, but the values for the different parameters indicated that marine 

benthic systems of these fiords tended to present shorter and sharper ecotones and 

environmental transitions (Fig. 6.1 and 6.2). This is consistent with the hypothesis 

formulated in chapter 4, proposing that the short environmental gradient of benthic subtidal 

environments would drive the existence of sharper ecotones.  
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 Overall, pelagic ecotones were wider than terrestrial ecotones, and the latter were 

wider than benthic ecotones. This was also the case for the relative width of their bordering 

communities (see chapters 3, 4 and 5). These results may suggest a relation of 

proportionality between the width of ecotones and the width of their adjoining 

communities. Additional sampling, with the inclusion of communities of varying spatial 

extents, would nevertheless be required to test this pattern.   

 

Relations between environmental transitions and ecotones: 

The exact shapes of the ecotones often deviated from the shapes of the 

environmental transitions. This is evidenced by the comparison of the parameters 

(AEImax, AEI, DEI and MEI) extracted from the ecotones, and from the corresponding 

environmental transitions (assessed with paired Wilcoxon test, coin package, Hothorn et 

al. 2008; details given in Fig. 6.1 and Fig. 6.2).  

These differences were most evident for the MEI, highlighting greater magnitudes 

for environmental transitions (Benthic ecosystem: median ecotones (ME) = 0.601, median 

environmental transitions (MET) = 0.923, p-value < 1.10-5, Pelagic ecosystem: ME = 

0.500, MET = 0.837, p-value < 1.10-5, expressed in membership difference, Fig. 6.2 B.2-

4), and for the AEImax, indicating that environmental transitions had steepest maximum 

slopes (Benthic ecosystem: ME = 0.420, MET = 0.937, p-value < 1.10-5, Pelagic 

ecosystem: ME = 2.665.10-5, MET = 6.879.10-4, p-value < 1.10-5, expressed in membership 

per metre, Fig. 6.1 A.2-4). This trend was less pronounced for mean slopes (AEI), but 

remained significant for both the benthic and pelagic systems (Benthic ecosystem: ME = 

0.157, MET = 0.235, p-value < 1.10-5, Pelagic ecosystem: ME = 3.570.10-5, MET = 

9.760.10-5, p-value < 1.10-5, expressed in membership per metre, Fig. 6.1 B.2-4). 

Differences in DEI were still significant in the pelagic ecosystem (with ecotones being 

wider than their corresponding environmental transitions), but not for benthic systems 

(Benthic ecosystem: ME = 4, MET = 3.6, p-value = 0.895, Pelagic ecosystem: ME = 

11,750, MET = 7,000, p-value = 0.0207, expressed in metre, Fig. 6.2 A.2-4). The 

differences in DEI values were less pronounced, which confirm the strong influence of 

environmental gradient on the position of ecotones (see “Environmental drivers of 

ecotones” subsection). Statistical testing could not be performed for the terrestrial 

ecosystem (due to lack of replication), but the parameters followed the same trends that the 

benthic and pelagic ecosystems for all parameters. 
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Overall, ecotones were smoother (i.e. lower AEImax, AEI and MEI and wider DEI) 

than the environmental gradients over which they occurred, regardless of the considered 

system. These differences were, furthermore, always more pronounced in the pelagic 

environment. Discrepancies in sampling intensity, spatial scale, and taxonomic diversity 

between studies (particularly between the pelagic dataset and the two others) may have 

biased the results, and influenced the shapes of the fuzzy clusters. Assessing the exact 

impact of sampling biases on ecotone parameters is difficult, and their influence calls for 

caution in interpreting the results. An increase in the spatial asynchrony of the species 

response curves at the edges of a community is nevertheless sufficient to obtain the 

patterns schematised in Fig. 6.3 (see Fig. A. 6.1 for a sensitivity analysis), and it was 

therefore decided to discuss the ecological meanings of these trends. 

 

The reported discrepancies between ecotones and environmental transition 

parameters may be explained by two major processes:  

First, biotic interactions may buffer the effects of the stress experienced by species 

along environmental gradients (see Gribben et al. 2019 for marine systems, Maestre et al. 

2009, for terrestrial vegetation), and allow groups of species to persist in otherwise 

unsuitable environments (e.g. van Wesenbeeck et al. 2007; Kéfi et al. 2014). Strong 

facilitative interactions could lead to patterns of mosaicity at ecotones (discussed bellow). 

Weaker interactions, however, could simply lead to a delaying of the response of 

community types – or parts of communities – to environmental gradients (Bruno, 

Stachowicz & Bertness 2003). An increasing number of studies demonstrate that 

facilitative interactions are commonplace in most ecological communities (e.g. Maestre et 

al. 2009; Kéfi et al. 2012; Kefi et al. 2015; Kéfi, Holmgren & Scheffer 2016; Gribben et 

al. 2019). Even if only a subset of a given community would benefit from these, it may be 

enough to drive a consistent smoothing of ecotones characteristics relative to their 

corresponding environmental gradients. This explanation, however, emphasises an 

organismic view of community response to environmental gradients (considering 

communities as coherent entities in the Clementsian way, Clements (1916)). If facilitative 

interactions are indeed widespread across community types, their strength may vary 

greatly, and they may not be a sufficient driver for the observed patterns across ecosystem 

types. 

A second possible explanation may derive from a more individualistic approach to 

communities (in the Gleasonian view, Gleason (1939)), whereby individual species 
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distributions cease to overlap at the edges of community types, and disintegrate along the 

stress gradient according to each species’ physiological tolerances (Ricklefs 2008). The 

observed trends in the ecotone parameters may arise from this phenomenon (i.e. 

discrepancies in the position of the species response curves of species belonging to the 

same community, leading to decreasing AEI and MEI and increasing DEI, see Fig. 6.3). 

When compared to environmental transition parameters, it suggests that the spatial 

turnover of species was more spatially desynchronised than the changes in environmental 

variables with which the ecotones coincided. In ecological terms, this corresponds to the 

spatial asynchrony of species responses along environmental gradients.  

 

 
We cannot reject, however, the existence of possible biases. Other unrecorded 

environmental parameters, which evolution along the gradient remains unknown, could 

reduce the steepness of the actual environmental transitions, and thus buffer this trend. 

Only the main environmental gradients have been measured in this study, and 

investigations that integrate more environmental parameters are needed to confirm our 

results. The main environmental parameters that have been used in this study are 

nevertheless relevant for ecosystem classification (see chapters 3, 4 and 5), and the 

ecological interpretation of the reported discrepancies between ecotones and environmental 

parameters remains meaningful. Interestingly, these trends – of decreasing AEI and MEI 

and increasing DEI between ecotones parameters and environmental transition parameters 
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– were more pronounced in the pelagic ecosystems, which would indicate a more 

pronounced spatial asynchrony of individual bacterioplankton OTU responses to ecotones 

along the Munida transect compared to the benthic and terrestrial example systems. This 

also suggests a higher internal variability of bacterioplankton communities compared to 

benthic or terrestrial communities, which is consistent with theory (see Steele, Brink & 

Scott 2019) and with the results presented in this thesis.  

The discrepancies in the shapes and characteristics of ecotones compared to their 

corresponding environmental gradients is likely to be best explained by a mixture of both 

phenomena (stabilizing effects of species interactions and individual responses to 

environmental stressors), analogous to how they both influence community assembly 

(D'Amen et al. 2017; Vellend 2010; Ricklefs 2008). The spatial asynchrony of individual 

species response at ecotones seems a more likely candidate to account for the consistency 

of the observed trend across ecosystems, as it may impact them all in very similar ways. 

Conversely, the strength and effects of facilitative interactions are likely to be community 

dependant (i.e. idiosyncratic), and could modify the general pattern in a case-dependant 

way. It could notably drive the fine scale characteristics of ecotones, including possible 

patterns of mosaicity or asymmetry. 

 

Patterns of symmetry and mosaicity: 

Mosaicity (i.e. the alternation of community patches) was observed only once in the 

datasets analysed in this thesis (at Cavern Head, Fiordland, see chapter 4, Fig. 6.4 D.4). 

Most community edges presented disturbed shapes (i.e. irregular slopes), and regular edges 

were only recorded in the case of strong and short environmental gradients. These patterns 

may correspond to the influence of the strength of the environmental gradients on the 

causes presented above.  

A conceptual framework for the fine scale patterns of ecotone characteristics is 

proposed in Fig. 6.4 A-C, with case examples taken from the different ecosystems 

analysed in the previous chapters (Fig. 6.4 D. 1-4). In this framework, steep ecotones with 

regular edges arise in the presence of harsh environmental gradients (Fig. 6.4 A, a notable 

example being the sand to reef transition, Fig. 6.4 D.1). The representative species of each 

communities may have completely different physiological requirements, which prevent 

community overlap. It also restricts the possibility of confounding effects from biotic 

interactions, as the stress gradient is too short and severe (see Verwijmeren et al. 2013).  
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As the environmental gradient broaden (increasing DEI), or weaken (decreasing MEI, 

AEI), individual species responses may induce a more gradual disintegration of 

community types. This may create opportunities for biotic interactions to take place along 

the ecotone. Particularly, facilitative interactions may drag consistent associations of 

several species further along the environmental gradient (but possibly not of entire 

community types, e.g. in the form of nurse-protégé species associations, see Gómez-

Aparicio et al. 2004). Together, these may lead to the formation of irregular edges (Fig. 6.4 

B, with the example of progressive sand to boulder transitions, Fig. 6.4 D.3). This type of 

edge was the most commonly reported in this study.  

Finally, mosaicity (Fig. 6.4 C) was only reported once (Fig. 6.4 D.4), and coincided 

with a weak environmental gradient along which the grazing impact of the sea urchin 

Evechinus chloroticus was evident. In the absence of marked physiological limitations, 

biotic interactions may take the lead in structuring spatial community variations and 

ecotone characteristics – in turn driving the existence of consistent community patches 

along gradients (i.e. mosaicity). Mosaics of vegetation have nevertheless been commonly 

reported at the landscape level (Peterson & Bell 2018; Gastner et al. 2009; Rietkerk et al. 

2004), with sharp ecotones occurring over weak environmental gradients. These particular 

landscapes features have been attributed to the existence of threshold effects (or switch 

mechanisms), controlling the dynamic of community patches (at treelines, see Rietkerk et 

al. 2004; Oliveras & Malhi 2016; in arid ecosystems, see Kéfi et al. 2007; Verwijmeren et 

al. 2013; in coastal wetlands, see Jiang et al. 2016). In such cases, weak environmental 

gradients over landscapes may create the necessary conditions for mosaicity (general 

pattern presented in Fig. 6.4 C), while localised feedback loops in community structures 

may drive successions of abrupt community transitions (alternation of patches, successive 

peaks of Fig. 6.4 C). This strongly suggests the importance of accounting for multiple 

spatial scales (e.g. the metre scale of a treeline ecotone and the kilometre scale of 

landscape mosaics, see also Gastner et al. 2009) to reveal consistencies in ecotone 

properties. This is also consistent with the ecotone scale dependency proposed by Kolasa 

& Zalewski (1995), the first order and second order ecotones of Basset et al. (2013), and to 

the second point of the ecotone definition proposed in chapter 1 (see Fig. 1.3).  

The case of the second ecotone of the terrestrial sequence is interesting, as it is in 

disagreement with the proposed framework (Fig. 6.4 D.2). Although the environmental 

transition is sharp, the ecotone presents very irregular edges. It has been hypothesised 

above that the appearance of such edges can result from biotic interactions. Facilitation 
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exist in vegetation (Ellison 2019; Verwijmeren et al. 2013; Ellison et al. 2005), and the 

strength these biotic interactions at the forest edge may have counterbalanced the effect of 

the environmental gradient. This highlights the need to consider the strength of 

environmental gradients relatively to the strength of biotic interactions in order to explain 

fine scale ecotones characteristics.  

 

Patterns of asymmetry (i.e. discrepancies between the ecotone parameters of the 

two successive community edges of an ecotone) were common throughout the datasets. 

Adjacent communities tended to respond independently to identical environmental 

gradients. It is not possible – in the scope of this study – to disentangle the reasons for the 

asymmetric responses of adjoining communities to ecotones. However, the existence of 

communities that are more sensitive to ecotones than others have implications for 

conservation strategies and ecosystem-based management. Asymmetry at community 

edges implies that one of the two adjoining communities may require larger distances from 

edge to establish a core community, i.e. that larger patch sizes would be required for the 

effective conservation of the core community. Asymmetry has already been noted in 

different ecosystems (e.g. Barnes & Hamylton 2016; Lacasella et al. 2015; Stanton et al. 

2013), but with contrasted results as to which habitat type was penetrating deeper inside 

the other. It is likely that patterns of asymmetry depend on the type of communities that 

enter in contact at their ecotones, and on the trophic level or type of organisms under 

consideration (e.g. vegetation, grazers, secondary consumers, etc.). Each case should 

therefore be treated separately for ecosystem assessments, to produce meaningful results 

for conservation strategies. The methodological tools and integrated communities/ecotone 

framework proposed in this thesis may provide ways toward a more systematic assessment 

of core communities and ecotonal areas for ecosystem-based managements. Assessing this 

ratio (core community/ecotone area) may become critical under future scenarios of 

increased landscape fragmentation (see Peters et al. 2006; Fahrig 2017). 

 

Patterns of alpha diversity: 

The patterns presented in the previous paragraphs, and their proposed explanations, 

make it clear that there is a need to move away from the concept that alpha diversity at 

ecotones is merely the addition of the alpha diversity of each community in their overlap 

(as conceptualised by Leopold 1933, or Odum 1953). Whether communities disintegrate 
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into individual species responses along the gradient or maintain themselves in more or less 

preserved patches, they do not strictly overlap. 

Ecotones nevertheless coincided with alpha diversity changes. Diversity levels are 

an internal property of ecological communities (see Shade 2017; Sokol, Brown & Barrett 

2017; Matthews & Whittaker 2015). As such, one should expect alpha diversity to present 

patterns of patchiness over the landscape in similar ways than one expects community 

patchiness. Not surprisingly then, the most common case in this thesis was that ecotones 

were modulating the passing from the average alpha diversity level of one community to 

the average alpha diversity level of the other. As obvious as this result may sound, it 

provides additional evidences against the persisting belief that ecotones would induce the 

peaks of alpha diversity predicted by Odum (1953) or Leopold (1933). The shape of 

diversity transition may then depend on basic ecotones parameters, such as their widths 

(DEI).  

Notable increases in alpha diversity around ecotones were nevertheless recorded in 

several cases (e.g. forest edge, Ecklonia radiata community edges). They corresponded to 

edges of communities that were dominated by foundation species, and therefore facilitative 

interactions may have maintained more consistent community types along the gradient. 

This could be regarded as a particular case, where the concept of overlap between 

adjoining communities at ecotones may remain valid.  

 

Unifying ecotones and communities: 

The definitions of ecological communities and ecotones, along with community 

assembly and disassembly rules, have challenged ecologists for decades (Clements 1905; 

Tansley 1935; Gleason 1939; Odum 1953; Whittaker 1975; Ricklefs 2008; Vellend 2010; 

D'Amen et al. 2017). The definition and methodological approaches that have been used in 

this thesis attempted to pay equal attention to both ecosystems (communities and 

environment) and ecotones characteristics. Integrating them both under the same analytical 

framework may provide practical solutions toward more inclusive and realistic ecological 

representations (e.g. Bandelj et al. 2012; Olivero, Marquez & Real 2013).  

 

Limitations: 

The most obvious limitation encountered in this study is the requirement for 

intensive sampling, both in terms of density (spatial closeness of the sampling units) and 

extent (overall area covered by the sampling). The extent is crucial to obtain information 



 144 

on communities surrounding ecotones, and thus to set proper baseline values for the 

assessment of turnover rates in community compositions (see Ewers & Didham 2006; Ries 

et al. 2017). Sampling density is of prime importance to assess fine scale ecotones 

characteristics, such as irregularity of edges, mosaicity or asymmetry. This issue is 

apparent in the pelagic dataset used in chapter 5, for which the sampling intensity – 

although remarkable given the associated sampling constraints – did not allow for the 

exploration of edge irregularities.  

Fuzzy clusters offer a straightforward way to integrate communities and ecotones 

under the same framework, and their use has thus been prevalent in this thesis. Decisions 

regarding the optimal number of fuzzy clusters are difficult, and subject to debate and 

interpretation. It is an obvious drawback to this method. Several ways have been proposed 

in chapter 3 to guide this process, but they do not entirely solve the issue, particularly 

given the high variability often characteristic of ecological field data (see Austin 2007). 

From a different perspective, flexibility in the choice of the number of clusters – and thus 

in the number of ecological entities to be integrated in the investigation – may be useful to 

produce a series of landscape representations. These representations may support one 

another (see the example of the bog to forest sequence in chapter 3), or target separately 

the different questions asked by the investigators.  

The present study centred on the development of a robust conceptual framework, 

and on the implementation of an adapted set of methodological approaches to link this 

framework to empirical data. The examples given on the different chapters of this thesis 

hopefully demonstrated the feasibility and usefulness of integrating ecotones in ecological 

thinking, both for theoretical and applied research. The number of studied ecosystems does 

not, however, allow for definitive conclusions on ecotones properties, nor does it allow for 

the formulation of robust guidelines for conservation strategies in these environments. 

Both would require more extensive sampling. The R-package EcotoneFInder, developed in 

this thesis, is an attempt to provide the necessary tools for future research on the topic. 

  

Future directions: 

Ecotone formation is undoubtedly linked with environmental gradients, but the 

exact characteristics of ecotones are determined by a mixture of individual species 

responses and inter-specific interactions. Much remains to be investigated to unravel the 

precise responses of each species to the changes in their environments. And similarly, the 

understanding of interspecific interactions, its impact on community assembly, and its 
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variability along environmental gradients still require much attention. Further works in the 

fields of ecophysiology (for the individual species responses to stress gradients) and 

experimental ecology (e.g. for interspecific interactions) will be required to understand and 

to disentangle the fine-scale mechanisms controlling ecotonal characteristics.  

The ecotonal framework developed in this thesis may prove helpful to compare the 

response of individual species to overall community variations, and thus help the 

integration of the aforementioned investigations in spatially explicit representations.  

If extended to larger sampling areas, this framework could be used to map ecotones 

and communities over landscapes, with direct implications for conservations strategies 

(e.g. to refine the mapping of areas of interest for species displaying ecotonal preferences 

or avoidances, see Pfeifer et al. 2017; for the assessment of total ecotonal areas versus core 

communities over the landscape, for connectivity assessments, see Ortiz, Lima & Werneck 

2018, etc.). The extraction of ecotonal characteristics at the landscape scale also opens the 

path towards a quantitative approach for the calibration of ecological models that aim at 

better predicting landscape dynamics (Jacquez, Maruca & Fortin 2000; Arnot & Fisher 

2007; Jiang et al. 2016; Hou & Walz 2016). 

Producing such maps would require high-resolution data over large areas, which 

still presents important challenges. The availability of satellite imagery, or other remote 

sensing techniques, have considerably improved in recent years (Kachelriess et al. 2014; 

Krug et al. 2017; Rocchini et al. 2018), and may provide opportunities for ecotone 

mapping at regional scales, or for entire biomes. The data that can be retrieved from 

remote sensing are still restricted to a few types (e.g. Sea Surface Temperature and ocean 

colour), but the application of other landscape modelling approaches, such as gradient 

forest algorithms (Ellis, Smith & Pitcher, 2012), could be used to extrapolate additional 

biotic information over similar spatial scales. The authors of this analysis do reckon that 

“the biological space [computed by the gradient forest algorithm] can be clustered, and the 

map coloured by cluster label, which would represent the expected constrained assemblage 

patterns” (Ellis, Smith & Pitcher, 2012). Were fuzzy clusters to be used, this would also 

allow for extrapolations on ecotone characteristics over landscapes.  

 

Throughout this thesis, importance was given to patterns of landscape patchiness, 

and to changes in community composition over space. Only minor adjustment in the 

terminology would be required, however, to apply the proposed framework to changes in 

community composition through time (replacing “ecotone” by “community succession”, 
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for instance). The set of ecotone parameters used in this study is transferable to the 

description of temporal patterns in ecology. The present ecotone framework could be used 

to describe the response of communities to sets of environmental stressors (including 

anthropogenic disturbances), notably to refine the characterisation of tipping points in 

community structures. Landscapes are dynamic, and the application of the presented 

statistical approach to temporal turnover in community structure is a promising field of 

research in times of global change. 

 

Significance: 

The main findings of this PhD investigating communities and ecotones across terrestrial, 

benthic and pelagic ecosystems can be summarised as follows: 

• The positions of ecotones are coincident environmental gradients. 

• The shapes of ecotones are influenced by biotic interactions and individual 

species ecophysiology. 

• Ecotones coincide with increased rate of changes in alpha diversity. 

• Ecotones and communities can be represented with the same analytical methods, 

leading to a more integrated and inclusive approach to spatial patterns in ecology. 

 The better conceptualisation and representation of spatial patterns in community ecology, 

together with the retrieval of relevant information for the characterisation of ecosystem 

patchiness, have relevant applications for conservation strategies and ecosystem-based 

management. 
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Chapter 3 Appendices 
Appendix 3.1: Package “EcotoneFinder” 

 

Title: Methods for characterising and locating ecotones and ecosystems 

Version: 0.1.0 

Author: Antoine Bagnaro 

Maintainer: Antoine Bagnaro <antoine.bagnaro@postgrad.otago.ac.nz> 

Depends: R (>= 3.5.0) 

Imports: cluster, colorspace, corrplot, e1071, ggplot2, qgraph, igraph, methods, plyr, 

philentropy, purrr, reshape, stats, vegan, vegclust 

Description: Ecotonefinder regroups methods to locate and characterise ecotones 

ecosystems and environmental patchiness along ecological gradients. Methods are 

implemented either for isolated sampling or for space/time series. It includes DCA, 

fuzzy cluster, biodiversity indices and network analyses - as well as tools to explore the 

number of clusters in the data. Functions to produce synthetic ecological datasets are 

also provided. 

License: MIT + file LICENSE 

 

R topics documented: 

cbind.na	 	.................................................................................................................................	182	

clustergram	 	.........................................................................................................................	183	

clustergramInd	 	..................................................................................................................	185	

CommunityColor	 	...............................................................................................................	188	

DistEco	 	..................................................................................................................................	189	

EcotoneFinder	 	....................................................................................................................	191	

EcotoneFinderSeries	 	........................................................................................................	194	

ExtractCentroid	 	.................................................................................................................	195	

NetworkCommunity	 	.........................................................................................................	198	

NetworkEco	 	.........................................................................................................................	200	

NetworkEcoSeries	 	.............................................................................................................	203	
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plotEco	 	..................................................................................................................................	206	

plotEcotone	 	.........................................................................................................................	207	

plotEnv	 	..................................................................................................................................	210	

plotSlope	 	..............................................................................................................................	212	

rbindna	 	.................................................................................................................................	214	

Slope	 	......................................................................................................................................	215	

SyntheticData	 	.....................................................................................................................	217	

SyntheticDataSeries	 	.........................................................................................................	219	

	

cbind.na   qpcR cbind.na method 

 

Description: 

Implementation of the cbind.na function from the qpcR package. 

 

Usage: 

 
 

Arguments: 

...    (generalized) vectors or matrices. See base::cbind 

deparse.level integer controlling the construction of labels in the case of 

non-matrix-like arguments. See base::cbind 

 

Details: 

Binds vectors or matrices of unequal sizes and complete the shortest ones with NAs 

entries. This is a reproduction of the qpcR function, implemented here for convenience. 

 

Value: 

A matrix combining the ... arguments column-wise. 

 

See also: 

rbindna 

cbindna(..., deparse.level = 1)	
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Examples: 

 
 

clustergram	 	 	 Clustergram	plot	to	explore	data	structure		

 

Description: 

Produce clustergram graphs to visualise internal data structure and the performance of 

several clustering functions as the number of cluster increases. 

 

Usage: 

 
 

Arguments: 

Data  Should be a scales matrix. Where each column belongs to a 

different dimension of the observations 
k.range  A vector with the range of desired number of clusters. 

clustering.function  Which clustering method to be used. Default is k-means. 

Other functions have been implemented for fuzzy clustering 

methods. Can be set to “clustergram.kmeans”, 

“clustergram.cmeans” or “clustergram.vegclust”. See details 

clustergram.plot  Type of plot for the output. See details. 
line.width  Graphical parameter. Width of the lines. 

add.center.points  Logical. Should the cluster means be plotted (as points). 

...  Additional arguments to be passed to the clustering function. 

 

Details: 

### Vectors: 
a <- c(rep(1, 5), NA, seq(1:5)) 
b <- c(rep(1, 4), NA, seq(1:7)) 
 
# Complete shorter vector with NAs: 
cbindna(a,b)	

clustergram(Data, k.range = 2:10, 
            clustering.function = clustergram.kmeans, 
            clustergram.plot = clustergram.plot.matlines,  
            line.width = 0.004, 
            add.center.points = T, ...)	
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This is the clustergram function created by Matthias Schonlau. The graph that the function 

produces is meant to examine how cluster members are assigned to clusters as the number 

of clusters increases. It is a useful asset to explore the optimal number of groups in non-

hierarchical clustering algorithms.   

It is reproduced in this package for convenience and extended for fuzzy-c-means clustering 

(either performed with the cmeans function of the e1071 package or the vegclust function 

of the vegclust package). These extensions take the form of additional options to be passed 

in the clustering.function argument. These options are lower level functions that are 

internally called by the clustergram function. As such they accept a number of arguments – 

to control the exact type of clustering algorithm to be used – in a similar way than the basic 

kmeans, cmeans and vegclust functions, as follow: 

 

 

 
Where the Data and k are provided by the clustergram function (through k.range). The 

method argument will accept any methods from the cmeans or vegclust function 

(defaulted at “cmeans” and “FCM” respectively). Additional arguments for these functions 

can be passed down.  

The plotting parameters function in a similar way, through additional arguments passed 

down in the clustergram.plot.matlines internal function, as follow: 

 
The arguments are provided by the clustergram function, but COL can be modified to 

control the colour palette used in the plot. 

It is recommended to run the clustergram analysis several times and compare the obtained 

outputs, as they may vary significantly. 

 

Value: 

The function returns a clustergram plot of the inputted data. 

 

References: 

Schonlau M. The clustergram: A graph for visualizing hierarchical and nonhierarchical 

cluster analyses. The Stata Journal. 2002;2:391–402. 

clustergram.cmeans(Data, k, method = "cmeans", ...) 

clustergram.kmeans(Data, k, ...) 

clustergram.vegclust(Data, k, method = "FCM", ...) 

clustergram.plot.matlines(X, Y, k.range, x.range,  
                          y.range, COL, add.center.points,  
                          centers.points) 
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See Also: 

clustergram.cmeans.Ind, clustergram.cmeans, clustergram.vegclust, 

clustergram.vegclust.Ind, clustergram.kmeans, FuzzyIndice.plot.matlines, 

clustergram.plot.matlines, clustergramInd, cmeans, kmeans, vegclust. 

 

Examples: 

 

clustergramInd	 	 Plot	parameters	for	clustergram	with	fuzzy	indices	

 

Description: 

Extension of the clustergram function to add a plot with the evolution of fuzzy indices with 

increasing number of clusters 

 

 

 

####### Example data: 
SyntheticTrial <- SyntheticData(SpeciesNum = 100, 
                                CommunityNum = 3, SpCo = NULL, 
                                Length = 500, 
                                Parameters = list(a=c(40, 80, 50), 
                                                  b=c(100,250,400), 
                                                  c=rep(0.03,3)), 
                                dev.c = .015, pal = "terrain_hcl") 
 
######## default clustergram plots (x6) with k.means: 
for (i in 1:6) 
clustergram(as.matrix(SyntheticTrial[,2:ncol(SyntheticTrial)]), 
            k.range = 2:10,  
            line.width = .2) 
 
######## clustergram plots (x6) with vegclust: 
for (i in 1:6) 
clustergram(as.matrix(SyntheticTrial[,2:ncol(SyntheticTrial)]), 
            clustering.function = clustergram.vegclust, 
            k.range = 2:10,  
            line.width = .2) 
 
######## clustergram plots (x6) with cmeans: 
for (i in 1:6) 
clustergram(as.matrix(SyntheticTrial[,2:ncol(SyntheticTrial)]), 
            clustering.function = clustergram.cmeans, 
            k.range = 2:10,  
            line.width = .2)	
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Usage: 

 
 

Arguments: 

Data  Should be a scales matrix. Where each column belongs to a 

different dimension of the observations 
k.range  A vector with the range of desired number of clusters. 

clustering.function  Which clustering method to be used. Functions have been 

implemented for fuzzy clustering methods. Can be set to 

“clustergram.cmeans.Ind.” or “clustergram.vegclust.Ind”. See 

details. 

clustergram.plot  Type of plot for the output. See details. 

FuzzyIndice.plot  Type of plot for the fuzzy indices output. See details. 
line.width  Graphical parameter. Width of the lines. 

add.center.points  Logical. Should the cluster means be plotted (as points). 

...  Additional arguments to be passed to the clustering function. 

 

Details: 

This is an extension of the clustergram function to produce an additional plot with the 

evolution of the main fuzzy indices (normalized partition coefficient (PCN) and 

normalized partition entropy (PEN)). Maximum values of PCN or minimum values of PEN 

can be used as criteria to choose the number of clusters. 

The clustergramInd function works similarly to the clustergram function, but takes 

“clustergram.cmeans.Ind.” or “clustergram.vegclust.Ind” for the clustering.function 

argument instead. These clustering functions internally compute the fuzzy indices with the 

vegclustIndex function of the vegclust package, but are otherwise equivalent to the 

clustergram.cmeans and clustergram.vegclust functions. 

The layout of the fuzzy indices plot is controlled by the FuzzyIndice.plot.matlines 

argument. As follow: 

 

clustergramInd(Data, k.range = 2:10, 
   clustering.function = c(“clustergram.cmeans.Ind”, 
                             “clustergram.vegclust.Ind”), 
   clustergram.plot = clustergram.plot.matlines, 
   FuzzyIndice.plot = FuzzyIndice.plot.matlines,  

line.width = 0.004, 
   add.center.points = T, ...)	

FuzzyIndice.plot.matlines(Z, k.range, x.range, z.range)	
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Where Z is the fuzzy indices matrix. This can be modified to plot other indices that the 

default (set to PCN and PEN). The different ranges are provided by the clustergramInd 

function, internally. 

 

Value: 

The function returns a clustergram plot of the inputted data, together with the 

corresponding evolution of the PCN and PEN. 

 

See Also: 

clustergram.cmeans.Ind, clustergram.cmeans, clustergram.vegclust, 

clustergram.vegclust.Ind, clustergram.kmeans, FuzzyIndice.plot.matlines, 

clustergram.plot.matlines, clustergram, vegclust. 

 

Examples: 

 
 

 

####### Example data: 
SyntheticTrial <- SyntheticData(SpeciesNum = 100, 
                                CommunityNum = 3, SpCo = NULL, 
                                Length = 500, 
                                Parameters = list(a=c(40, 80, 50), 
                                                  b=c(100,250,400), 
                                                  c=rep(0.03,3)), 
                                dev.c = .015, pal = "terrain_hcl") 
 
### clustergram plots with fuzzy indices plots (x6) with vegclust: 
for (i in 1:6) 
clustergramInd(as.matrix(SyntheticTrial[,2:ncol(SyntheticTrial)]), 
               clustering.function = clustergram.vegclust.Ind, 
               clustergram.plot = clustergram.plot.matlines, 
               FuzzyIndice.plot = FuzzyIndice.plot.matlines, 
               k.range = 2:10,  
               line.width = .2) 
 
### clustergram plots with fuzzy indices plots (x6) with cmeans: 
for (i in 1:6) 
clustergramInd(as.matrix(SyntheticTrial[,2:ncol(SyntheticTrial)]), 
               clustering.function = clustergram.cmeans.Ind, 
               clustergram.plot = clustergram.plot.matlines, 
               FuzzyIndice.plot = FuzzyIndice.plot.matlines, 
               k.range = 2:10,  
               line.width = .2)	
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CommunityColor	 	 Assign	colours	to	species	given	fuzzy	clustering	results		

 

Description: 

Tool to assign colours to species distribution curves (e.g. abundances or percent cover) 

over an ecological gradient, given fuzzy clustering results. 

 

Usage:

 
 

Arguments: 

ecotonefinder  A list containing elements named in the same way than 

EcotoneFinder function outcomes. Must contain at least one 

of vegclust or cmeans results. 
method  Which fuzzy clustering to use. Either vegclust or cmeans. 

pal  Which palette to use for colour picking. Chosen from the 

colorspace package. 

 

Details: 

CommunityColor creates a colour vector that can be used by plotting functions. It assigns 

colours to species of a community matrix given the results of vegclust or cmeans analyses 

(using cmeans’ centers or vegclust’ mobileCenters). Species are assigned a colour 

according to the cluster centroid for which they have their highest membership value (see 

Bandelj et al., 2012). This function is provided to ease the interpretation of fuzzy clusters 

results and quickly visualize which species in ecological data contribute to which fuzzy 

cluster. 

The palette must be one of the colorspace package. 

 

Value: 

A vector of colour names from the palette in the pal argument, of the same length and in 

the same order than the species columns of the provided data. 

 

 

CommunityColor(ecotonefinder, method = c("vegclust", "cmeans"), 
               pal = c("diverge_hcl", "terrain_hcl", 
                       "sequential_hcl", "rainbow_hcl"))	
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See Also: 

plotEcotone, cmeans, vegclust. 

 

Examples: 

 
 

DistEco	 	 	 Exploration	of	the	internal	structures	of	data	

 

Description: 

This function performs heat-maps and network analyses on community or environmental 

datasets to reveal the internal structures of these data. It is designed as an asset for deciding 

on the optimal number of groups before applying cluster algorithms.  

 

Usage: 
DistEco(data, distance.method = "inner_product", transpose = T,  
        symm = F, plot = c("heatmap", "network"),  
        palette = "colorblind", spinglass = T, run = 10, 
        spinglass.groups = c("rounded", "raw"), ...) 
 

 

 

##### Artificial dataset & analysis: 
SyntheticTrial <- SyntheticData(SpeciesNum = 20, CommunityNum = 3, 
                                SpCo = NULL, Length = 500, 
                                Parameters = list(a=rep(60, 3), 
                                                  b=c(0,250,500), 
                                                  c=rep(0.03,3)), 
                                dev.c = .015, pal = "terrain_hcl") 
 
SyntheticEcoFinder <- EcotoneFinder(SyntheticTrial, 
                                    dist = SyntheticTrial$Distance, 
                                    method = "all", groups = 3, 
                                    standardize = "hellinger", 
                                    diversity = "all") 
 
##### Assigning colors to communities: 
SyntheticColor <- CommunityColor(SyntheticEcoFinder,  
                                 pal = "diverge_hcl", 
                                 method = "cmeans") 
 
#### Plotting: 
plotEcotone(data = SyntheticEcoFinder, plot.data = TRUE,  
            plot.method = "none", 
            col.data = SyntheticColor)	
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Arguments: 

data A community or environmental matrix, containing species or 

variables as columns and sites as rows. 

distance.method The distance method to be used for the calculation of the 

distance matrix. Must be one of philentropy::distance 

transpose Logical. If TRUE, the distance matrix is calculated between 

species. If FALSE, it is calculated between sites. 

symm Logical indicating if x should be treated symmetrically; can 

only be true when x is a square matrix. See stats::heatmap. 

plot The kind of plot produced by the function. Can be “heatmap” 

or “network”. 

palette The colour palette for the network, if spinglass = TRUE. 

Must be one of the palettes supported by qgraph. Default to 

“colorblind”. 

spinglass Logical. Whether or not to run a spinglass algorithm to 

produce statistical groups for the network. The spinglass 

algorithm is performed with the CommunityNetwork 

function. 

run Number of runs for the spinglass algorithm. Higher numbers 

produce more trustable results but rapidly increase 

computation time. Default to 10. 

spinglass.groups If spinglass = TRUE, the type of grouping to use from the 

results of the spinglass algorithm. See Details. 

 

Details: 

This function provides two types of data exploration techniques to visualise the internal 

structure of the provided data, and help decisions regarding the optimal number of groups 

(e.g. for cluster analyses).  

Distance visualisations, with heat-maps, highlights the existence of more or less 

homogeneous groups in the data by presenting squares of similar values along its diagonals 

(either high or low values, depending on the (dis)similarity calculation method). Each 

square is indicative of a candidate group in the data.  

Network visualisations may produce more or less organised outcomes. The spinglass 

algorithm is implemented to statistically compute the number of communities in the 
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obtained network. These communities can be considered as candidate groups in the data. 

The spinglass.group argument controls whether the outcomes of the spinglass algorithm 

after the chosen number of runs should be rounded (giving the number of communities as 

natural numbers) or let as they are (giving the number of communities as real numbers). 

The later gives more information about more poorly defined groups in the data, but may be 

more difficult to interpret.   

 

Value: 

Returns a plot, according to the plot argument. 

 

See Also: 

NetworkCommunity, heatmap, qgraph. 

 

Examples: 
### 3 distinct communities comprising a total of 21 species 
SyntheticTrial <- SyntheticData(SpeciesNum = 21, CommunityNum = 3, 
                                SpCo = NULL, Length = 500, 
                                Parameters = list(a=rep(60, 3), 
                                                  b=c(0,250,500), 
                                                  c=rep(0.03,3)), 
                                pal = "terrain_hcl")	
 
# Network of species, with raw spinglass groups: 
DistEco(SyntheticTrial[,2:ncol(SyntheticTrial)], transpose = T, 
        plot = c("network"), spinglass = T, run = 10,  
        spinglass.groups = c("raw")) 
 
# Heatmap of species: 
DistEco(SyntheticTrial[,2:ncol(SyntheticTrial)], transpose = T,  
        symm = F, plot = c("heatmap")) 
	
 

EcotoneFinder	 	 Wrapper	function	for	ecological	gradient	analysis	

 

Description: 

This is a wrapper function to perform several ecological gradient analysis (DCA, Fuzzy 

clustering, diversity indices). 
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Usage:

 
 

Arguments: 

data  A dataframe containing species as columns and sites as rows. 

May also contain environmental parameters, as long as the 

parameters are as columns and the site as rows. 
dist  A vector or column containing the gradient along which the 

analysis will be done. Must be of the same length as data. 

method  One of c("dca", "fanny", "vegclust", "diver", "cmeans", 

"all"). Tell the function which analysis to perform. See 

details. 

groups  Integer. The desired number of clusters if any of the 

clustering method is selected. 
m.exp  Integer. The membership exponent for any of the clustering 

method. 

standardize  Standardize method to apply to the data before further 

analysis (for fanny and cmeans). Must be one of decostand 

methods (see decostand). 
diversity  Diversity indices to be calculated. See details. 
na.rm  Logical. Should NAs be removed. 

 

Details: 

EcotoneFinder is a wrapper function to perform multiple ecological gradient analysis at 

once. The implemented methods are Detrended Correspondance Analysis (DCA) - see 

Brownstein et al. 2013 - Fuzzy C-Means (FCM) - see DeCaceres et al., 2010 - and the 

calculation of diversity indices - see Jost, 2007. The DCA is internally performed by the 

decorana function of the vegan package. The FCM analyses can be performed by the 

fanny function (cluster package), the vegclust function (vegclust package) and the cmeans 

EcotoneFinder(data, dist, method = c("dca", "fanny", "vegclust", 
                                     "diver", "cmeans", "all"), 
              groups = NULL, m.exp = 2,  
              standardize = NULL, 
              diversity = c("shannon", "richness", "expShannon", 
                            "pielou", "all"),  
              na.rm = F) 
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function (e1071 package) - for comparison purposes as the outcomes of the analyses might 

differ. 

It is recommended to standardize data before applying fanny or cmeans analysis. See 

decostand documentation (vegan package) for information on standardisation methods. 

Must be one of: "total", "max", "freq", "normalize", "range", "pa", "chi.square", 

"hellinger", "log". 

  If "log" is chosen, the user will be asked to provide the base to be used upon launching 

the function. 

Several diversity indices have been implemented, as they are supposed to react to 

ecological gradients. It includes the Shannon index, the Pielou evenness and species 

richness - computed with the diversity function of the vegan package. “expShannon” 

corresponds to the exponential of the shannon entropy, and is expressed in effective 

number of species (see Jost, 2007). If "all" is selected, all the implemented indices will be 

calculated. If "all" is selected in the method argument, all the implemented methods will be 

applied. 

 

Value: 

Ecofinder returns a list containing the original data, the value of the main arguments used 

in the function and the outcome of the selected analyses. 

 

See Also: 

EcotoneFinderSeries. 

 

Examples: 

 

#### Artificial dataset: 
SyntheticTrial <- SyntheticData(SpeciesNum = 21, CommunityNum = 3, 
                                SpCo = NULL, Length = 500, 
                                Parameters = list(a=rep(60, 3), 
                                                  b=c(0,250,500), 
                                                  c=rep(0.015,3)), 
                                pal = "terrain_hcl") 
 
## Analyses: 
SyntheticEcoFinder <- EcotoneFinder(data = SyntheticTrial, 
                                    dist = SyntheticTrial$Distance, 
                                    method = "all", 
                                    groups = 3,  
                                    standardize = "hellinger", 
                                    diversity = "all")	
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EcotoneFinderSeries	 	 Extension	of	EcotoneFinder	for	space/time	series	

 

Description: 

This is an extension of EcotoneFinder to handle space/time series. 

 

Usage:

 
 

Arguments: 

data  A list of dataframes corresponding to the series or a single 

dataframe with a series factor. Species must appear as 

columns. 

dist  A vector or column containing the gradient along which the 

analysis will be done. Must be of the same length as data. 

series  If data is a single dataframe, must be the name or the number 

of the factor column identifying the series. 

method  One of c("dca", "fanny", "vegclust", "diver", "cmeans", 

"all"). Tell the function which analysis to perform. See 

details. 

groups  Integer. The desired number of clusters if any of the 

clustering method is selected. 
m.exp  Integer. The membership exponent for any of the clustering 

method. 

standardize  Standardize method to apply to the data before further 

analysis (for fanny and cmeans). Must be one of decostand 

methods (see decostand). 
diversity  Diversity indices to be calculated. See details. 
na.rm  Logical. Should NAs be removed. 

 

EcotoneFinderSeries(data, dist, series = NULL,  
                    method = c("dca", "fanny", "vegclust", "diver",  
                               "cmeans", "all"),  
                    groups = NULL, m.exp = 2, standardize = NULL, 
                    diversity = c("shannon", "richness",  
                                  "expShannon", "pielou", "all"), 
                    na.rm = F) 
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Details: 

EcotoneFinderSeries is a generalisation of the EcotoneFinder function to handle space/time 

series of data. If a dataframe is provided, it will convert it internally to a named list 

according to the factor provided by the series argument. The methods of analysis and 

standardizations, as well as the diversity indices are the same as those of the EcotoneFinder 

function. 

 

Value: 

A list of lists containing the outcomes of the EcotoneFinder function for each series. 

 

See Also: 

EcotoneFinder. 

 

Examples: 

 
 

ExtractCentroid	 	 Extract	species	contributions	to	centroids	

 

Description: 

Extract the species centroid composition of fuzzy clusters and plot species barcharts 

 

 

############# Synthetic time series data: 
Series <- SyntheticDataSeries(CommunityPool = 40,  
                              CommunityNum = 4, SpCo = NULL, 
                              Length = 500, SeriesNum = 5, 
                              Parameters = list(a=rep(60, 4),                                                                   
                                                b=c(0,200,350,500), 
                                                c=rep(0.03,4)), 
                              dev.c = .015, pal = "terrain_hcl", 
                              replacement = FALSE, 
                              Parameters.repl = TRUE) 
 
EcoTimeSeriesTrial <- EcotoneFinderSeries(data = Series, 
                                          dist = "Distance",  
                                          method = "cmeans", 
                                          series = "Time",  
                                          groups = 4, 
                                          standardize = "hellinger", 
                                          na.rm = TRUE)	
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Usage: 
ExtractCentroid(ecotonefinder,  
                method = c("fanny", "cmeans", "vegclust"), 
                normalized = c("species", "cluster", "none"), 
                position = "dodge", threshold = 0, plot = T,  
                col = heat_hcl(ecotonefinder$groups), 
                main = "Community composition", 
                xlab = "species", ylab = "Centroid contribution") 
 

 

 

Arguments: 

ecotonefinder  A list containing elements named in the same way than 

EcotoneFinder function outcomes. Must contain “cmeans”, 

“fanny” or “vegclust” results. 
method  The fuzzy clustering results from which the centroids will be 

extracted.  

normalized Method to normalise the centroid values, either by “species” 

or “cluster”. If “none”, the centroids are plotted without 

transformation. See details. 

position  Set the positions of the bars for the barchart. This is passed 

down to the geom_bar function of ggplot. Default is set to 

“dodge”. 

threshold Threshold centroid contribution value under which the 

species will not be plotted. Can be used to simplify plots 

containing many species. See Details. 

plot  Logical. Should the plot be displayed. If FALSE, the 

centroids matrix is returned without plotting. 
col  Colour vector for the plot. Should be of the same length that 

the number of fuzzy clusters. 

main  Main title for the plot. See plot. 

xlab  A title for the x-axis. See plot. 

ylab  A title for the y-axis. See plot. 
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Details: 

This function extracts and plots the fuzzy centroids species contributions, according to 

user-defined normalisation steps and threshold value. The contributions of the different 

species in the fuzzy centroids may be used as a proxy for community compositions. 

The cmeans function (cmeans package) and vegclust function (vegclust package) internally 

compute the centroid compositions and their outputs are directly used by the 

ExtractCentroid function. The fanny function (cluster package), however, does not provide 

internal centroids calculation. They are computed here as: 

𝐶𝑒𝑛𝑡𝑟𝑜𝑖𝑑!"#$%&' =  
𝑀𝑒𝑚𝑏𝑒𝑟𝑠ℎ𝑖𝑝!"× 𝑂𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛!"!"

𝑀𝑒𝑚𝑏𝑒𝑟𝑠ℎ𝑖𝑝!!
 

Where the centroid of a cluster is the mean of all observations, weighted by their degree of 

belonging to the cluster. 

The obtained species contributions to the centroids of the fuzzy clusters can then be plotted 

as they are, if normalised = “none”. To obtain more intuitive units for the interpretation of 

the species contributions, two normalisation methods are proposed. If normalised = 

“cluster”, the species contributions are given in percent per clusters (i.e. the sum of all 

species contributions in each cluster centroid equals 100). If normalised = “species”, each 

species has its contributions summed to 100 (i.e. each species is in percent per cluster).  

For normalised = “none” and normalised = “cluster”, a threshold value can be specified. 

Species that do not score above this threshold will not be displayed on the resulting plot. 

This can be used to simplify the outputs, for dataset containing large number of species. 

 

See Also: 

NetworkEco, NetworkEcoSeries. 

 

Examples: 
# Artificial dataset & analyses: 
SyntheticTrial <- SyntheticData(SpeciesNum = 20, CommunityNum = 4, 
                             SpCo = NULL ,Length = 500, 
                             Parameters=list(a = rep(60, 4),  
                                             b = c(0,150,350,500), 
                                             c = rep(0.015,4)), 
                             dev.c = 0.007, pal = heat_hcl) 
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EcoFinder <- EcotoneFinder(SyntheticTrial,  
                           dist = SyntheticTrial$Distance,  
                           method = "all", groups=4, 
                           standardize = "hellinger",  
                           diversity="all") 
 
# Centroid plot without normalisation: 
Centroid <- ExtractCentroid(EcoFinder, method = "fanny", 
                            normalized = "none",  threshold = 0, 
                            plot = T, position = "dodge",  
                            col = colorspace::heat_hcl(4)) 
 
# Centroid plot normalised by clusters: 
Centroid <- ExtractCentroid(EcoFinder, method = "fanny",  
                            normalized = "cluster",  threshold = 0, 
                            plot = T, position = "dodge",  
                            col = colorspace::heat_hcl(4))	
	
 

NetworkCommunity	 	 Spinglass	analyses	for	networks	

 

Description: 

Perform Spinglass algorithm to find networks communities 

 

Usage: 
NetworkCommunity(networkeco, run = 100)	
 

 

Arguments: 

networkeco  A network object (either qgraph or igraph) or a list created by 

the NetworkEco or NetworkEcoSeries functions. 
run  Number of runs for the spinglass algorithm. Computation 

may be heavy for high numbers. 

 

Details: 

The function performs spinglass algorithm on the provided network (see 

spinglass.community function of the igraph package for more details). The provided graph 

is internally transformed into an igraph object if needed. The function returns a number of 

summary statistics from the n runs of the spinglass algorithm, such as the frequencies at 

which a number of communities are recognised in the network and the average 
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assignments (rounded or not) of the nodes into these communities. The latter can help to 

statistically define groups for network graphical representations. 

 

See Also: 

NetworkEco, NetworkEcoSeries. 

 

Examples: 

 

############## Synthetic time series data: 
Series <- SyntheticDataSeries(CommunityPool = 40, 
                              CommunityNum = 4, SpCo = NULL, 
                              Length = 500, SeriesNum = 5, 
                              Parameters = list(a = rep(60, 4), 
                                                b =c(0,200,350,500), 
                                                c = rep(0.03,4)), 
                              dev.c = .015, pal = "terrain_hcl", 
                              replacement  = FALSE, 
                              Parameters.repl = TRUE) 
 
EcoSeries <- EcotoneFinderSeries(data = Series, 
                                 dist = "Distance", 
                                 method = c("cmeans", "vegclust"), 
                                 series = "Time", groups = 4, 
                                 standardize = "hellinger") 
 
## Network: 
# Creating network: 
NetworkSeries <- NetworkEcoSeries(EcoSeries, threshold = .2, 
                                  method = "cmeans",  
                                  plot.type = "network", 
                                  plot = "species", count = FALSE, 
                                  network.group = "cluster", 
                                  dist.method = "inner_product", 
                                  no.plot = FALSE,  
                                  layout = "spring", 
                                  shape = "ellipse", 
                                  palette = "colorblind") 
 
## Spinglass Communities: 
Spinglass <- NetworkCommunity(NetworkSeries, run = 5) 
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NetworkEco	 	 	 Network	and	distance	analyses	

 

Description: 

Networks and distance matrix visualisation for ecological gradient analyses 

 

Usage: 

 
 

Arguments: 

ecotonefinder  A list containing elements named in the same way than 

EcotoneFinder function outcomes. Must contain “cmeans” 

results or “vegclust” results. 
threshold  If count = T, the membership grade threshold used to sort the 

species in the different clusters. 

plot.type  Which graphical representation to be plotted. Among 

"percentage", "corrplot", "heatmap", "network". 

method  The membership computation method to be used. One of 

"cmeans" or "vegclust". Must be present in the 

EcotoneFinder list. 

dist.method  Distance method for the computation of a distance matrix, 

## Adding spinglass groups to the network: 
NetworkSeries <- NetworkEcoSeries(EcoSeries, threshold = .2,  
                                  method = "cmeans", 
                                  plot.type = "network", 
                                  plot = "species", count = FALSE, 
                                  network.group = as.factor( 
                                        Spinglass$Memberships$Mean), 
                                  dist.method = "inner_product", 
                                  no.plot = FALSE,  
                                  layout = "spring", 
                                  shape = "ellipse",  
                                  palette = "rainbow")	

NetworkEco(ecotonefinder, threshold = 0.8,  
           plot.type = c("percentage", "corrplot", "heatmap", 
                         "network"),  
           method = c("cmeans", "vegclust"), 
           dist.method = "inner_product",  
           plot = c("species", "community"), 
           order.sp = NULL, dist = c("count", "relative", "raw"), 
           no.plot = F, network.group = NULL, ...) 
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when dist = "raw" and dist = "relative". 

plot  If plot = "species", the distances are computed between the 

species in the data. If plot = "community", the distances are 

computed between the cluster centroids. 

order.sp  Vector providing the order in which to arrange the species. If 

NULL, the column order will be kept. 

dist  The type of data on which distance calculations are made 

from. If dist = "raw", the distance matrix is computed from 

the membership matrix directly. If dist = "relative", the 

distance matrix is computed from the relative memberships 

grades of each species in the clusters (between 0 and 1). If 

dist = "count", the species are assigned to clusters according 

to the threshold and the distance matrix is computed from the 

number of common species between the different clusters. 

See details. 

no.plot  Logical. Should the plot be displayed. Set to TRUE to gain 

computation time with large community matrix. 

network.group  Grouping parameter for the network. Can be user defined 

(see qgraph documentation for details) but must be a factor 

of the same length as the nodes of the graph. 
...  Additional arguments to be passed to the plotting functions. 

See details. 

 

Details: 

The NetworkEco function provides ways to explore the relations between fuzzy clusters. 

Several options are implemented. If dist = "raw", it computes a distance matrix from the 

membership grade matrix directly. If dist = "relative", the membership grades are 

standardized so that the sum of the membership grades of a given species equals to 1 for 

every points along the gradient (which corresponds to a percentage of membership in each 

cluster). If dist = "count", the standardized membership grades of the are used to assign 

species in the community to a unique cluster and the number of common species between 

pairs of clusters is counted. The assignment of species to clusters is done by listing all the 

species that score a membership grade higher than the specified threshold in a cluster. The 

resulting lists of species are then compared to one another. 
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The function also allows the computation of distances between species rather than between 

clusters, when plot = "species". This can only be done from the memberships grades (raw 

or relative) and this argument will be disregarded if dist = "count". 

Several methods of visualisation are implemented: "percentage", "corrplot", "heatmap" and 

"network". If "percentage", a barplot (using ggplot2) of the standardized memberships 

grades per fuzzy cluster is plotted. It always plot the standardized membership grades 

regardless of the chosen dist option, but if dist = "count" or dist = "raw" are chosen, the 

function still compute the corresponding distance matrices and return them in the output 

list. For time efficiency, it is not recommended to plot it when the number of species in the 

community is large (>100). "corrplot" and "heatmap" produce correlation matrix and heat 

map. The "network" is based on the qgraph function of the qgraph package. The ... 

argument may be used to pass additional arguments to the plotting functions (for graphical 

purposes). 

 

See Also: 

NetworkCommunity, NetworkEcoSeries. 

 

Examples: 

 

#### Artificial dataset: 
SyntheticTrial <- SyntheticData(SpeciesNum = 21, CommunityNum = 3, 
                                SpCo = NULL, Length = 500, 
                                Parameters = list(a=rep(60, 3), 
                                                  b=c(0,250,500), 
                                                  c=rep(0.015,3)), 
                                pal = "terrain_hcl") 
 
## Analyses: 
SyntheticEcoFinder <- EcotoneFinder(data = SyntheticTrial, 
                                    dist = SyntheticTrial$Distance, 
                                    method = "all", 
                                    groups = 3,  
                                    standardize = "hellinger", 
                                    diversity = "all") 
 
## Percentage plot: 
Percent <- NetworkEco(SyntheticEcoFinder, threshold = .3,  
                      method = "cmeans", 
                      plot.type = "percentage", dist = "count") 
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NetworkEcoSeries	 	 Extension	of	NetworkEco	for	space/time	series	

 

Description: 

Networks and distance matrix visualisation for ecological gradient analyses with 

space/time series. 

 

Usage: 

 
 

Arguments: 

ecotonefinder  A list containing elements named in the same way than 

EcotoneFinderSeries function outcomes. Must contain 

“cmeans” results or “vegclust” results. 
threshold  If count = T, the membership grade threshold used to sort the 

species in the different clusters. 

plot.type  Which graphical representation to be plotted. Among 

## Heatmap plot: 
Heatmap <- NetworkEco(SyntheticEcoFinder,  
                      plot.type = "heatmap", 
                      method = "cmeans", dist = "raw",  
                      plot = "species") 
 
## Network: 
# From raw membership grades: 
Network <- NetworkEco(SyntheticEcoFinder, plot.type = "network", 
                      method = "cmeans", dist = "raw",  
                      plot = "species") 
 
# From number of species per clusters: 
Network <- NetworkEco(SyntheticEcoFinder, plot.type = "network", 
                      threshold = .3, 
                      method = "cmeans", dist = "count",  
                      plot = "community", 
                      layout = "spring")	
	

NetworkEcoSeries(ecotonefinder, threshold = 0.8,  
                 method = c("cmeans", "vegclust"),  
                 plot.type = c("percentage", "heatmap", "corrplot", 
                               "network"),  
                 plot = c("species", "community"), no.plot = F, 
                 order.sp = NULL, dist.method = "inner_product",  
                 dist = c("count", "relative", "raw"),  
                 network.group = c("site", "cluster"),  
                 ...) 



 204 

"percentage", "corrplot", "heatmap", "network". 

method  The membership computation method to be used. One of 

"cmeans" or "vegclust". Must be present in the 

EcotoneFinder list. 

dist.method  Distance method for the computation of a distance matrix, 

when dist = "raw" and dist = "relative". 

plot  If plot = "species", the distances are computed between the 

species in the data. If plot = "community", the distances are 

computed between the cluster centroids. 

order.sp  Vector providing the order in which to arrange the species. If 

NULL, the column order will be kept. 

dist  The type of data on which distance calculations are made 

from. If dist = "raw", the distance matrix is computed from 

the membership matrix directly. If dist = "relative", the 

distance matrix is computed from the relative memberships 

grades of each species in the clusters (between 0 and 1). If 

dist = "count", the species are assigned to clusters according 

to the threshold and the distance matrix is computed from the 

number of common species between the different clusters. 

See details. 

no.plot  Logical. Should the plot be displayed. Set to TRUE to gain 

computation time with large community matrix. 

network.group  Grouping parameter for the network. Can be user defined 

(see qgraph documentation for details) but must be a factor 

of the same length as the nodes of the graph. 
...  Additional arguments to be passed to the plotting functions. 

See details. 

 

Details: 

NetworkEcoSeries is a generalisation of the NetworkEco function to analyse space/time 

series. The ... argument may be used to pass additional arguments to the plotting functions 

(for graphical purposes). 
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See Also: 

NetworkCommunity, NetworkEco. 

 

Examples: 

 
 

 

 

#### Artificial dataset: 
Series <- SyntheticDataSeries(CommunityPool = 40, 
                              CommunityNum = 4, SpCo = NULL, 
                              Length = 500, SeriesNum = 5, 
                              Parameters = list(a=rep(60, 4), 
                                                b=c(0,200,350,500), 
                                                c=rep(0.03,4)), 
                              dev.c = .015, pal = "terrain_hcl", 
                              replacement = FALSE, 
                              Parameters.repl = TRUE) 
 
EcoSeries <- EcotoneFinderSeries(data = Series, 
                                 dist = "Distance", 
                                 method = c("cmeans","vegclust"), 
                                 series = "Time", groups = 4, 
                                 standardize = "hellinger", 
                                 na.rm=TRUE) 
 
#### Network from the common number of species above membership 
#### threshold between clusters: 
NetworkSeries <- NetworkEcoSeries(EcoSeries, threshold = .2, 
                                  method = "cmeans",  
                                  plot.type = "network", 
                                  plot = "community",  
                                  dist = "count", 
                                  network.group = "cluster", 
                                  dist.method = "inner_product", 
                                  no.plot = FALSE,  
                                  layout = "spring", 
                                  shape = "ellipse", 
                                  palette = "colorblind") 
 
#### Network of relations between species from their raw membership 
#### values in each cluster: 
NetworkSeries <- NetworkEcoSeries(EcoSeries, threshold = .2, 
                                  method = "cmeans",  
                                  plot.type = "network", 
                                  plot = "species", dist = "raw", 
                                  dist.method = "inner_product", 
                                  no.plot = FALSE,  
                                  layout = "spring", 
                                  shape = "ellipse", 
                                  palette = "colorblind")	
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plotEco	 	 	 Plotting	component	for	community	data	

 

Description: 

Plotting component for the community analyses of EcotoneFinder. This function is called 

internally by plotEcotone. 

 

Usage:

 
 

Arguments: 

ecotonefinder A list containing elements named in the same way than 

EcotoneFinder function outcomes 
plot.data  Logical. Should the data be plotted. 
plot.method  Analysis method to be plotted from the EcotoneFinder 

analyses. Must be one or several of "none", "dca", "fanny", 

"vegclust", "cmeans" or "diver". 
axis.number  Number of axis to plot from the DCA. 
magnification  Magnification coefficient for the method. Useful if the data 

are being plotted. 
magnification.diver  Particular magnification for the diversity indices. 

col.data  Colours to be used for the data. See CommunityColor 

function. 

col.method  Colours to be used for the methods. 

title  An overall title for the plot. See plot. 
ylab  A title for the y-axis. See plot. 

xlab  A title for the x-axis. See plot. 

na.rm  Logical. Should NAs be removed. 

alone  Logical. If FALSE, lines are added to an existing plot. 

...  Additional argument to be passed to the plot function. 

plotEco(ecotonefinder, plot.data = F,  
        plot.method = c("none", "dca", "fanny", "vegclust", 
                        "cmeans", "diver"),  
        axis.number = 1, magnification = 20,  
        magnification.diver = 5, col.data = "black", 
        col.method = c("red", "blue"), title = NULL,  
        ylab = "Species", xlab = "Gradient", na.rm = F,  
        alone = T, ...) 
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Details: 

This function is an internal component of the plotEcotone function for the plotting of the 

EcotoneFinder analyses on community data. It allows for the layering of the plotEcotone 

function outputs, to compare the spatial coincidence of environmental and species 

clustering, for instance. Use plotEcotone directly for more options. 

 

Value: 

A plot with the EcotoneFinder results along the gradient, and optionally, the data. This is 

intended to constitute one of the possible layers of the plotEcotone function. 

 

See Also: 

plotEcotone, plotSlope, plotEnv, CommunityColor. 

 

Examples: 

 
 

plotEcotone	 	 	 Plot	method	for	EcotoneFinder	outputs	

 

Description: 

General plot method for the outcomes of the EcotoneFinder analyses.  

######## Artificial dataset & analysis: 
SyntheticTrial <- SyntheticData(SpeciesNum = 20, CommunityNum = 3, 
                                SpCo = NULL, Length = 500, 
                                Parameters = list(a=rep(60, 3), 
                                                  b=c(0,250,500), 
                                                  c=rep(0.03,3)), 
                                dev.c = .015, pal = "terrain_hcl") 
 
SyntheticEcoFinder <- EcotoneFinder(SyntheticTrial, 
                                    dist = SyntheticTrial$Distance, 
                                    method = "all", groups = 3, 
                                    standardize = "hellinger", 
                                    diversity = "all") 
 
### Plot: 
require(colorspace) 
plotEco(SyntheticEcoFinder, plot.data = FALSE, 
        plot.method = c("cmeans", "dca"), 
        axis.number = 2, col.method = terrain_hcl(3))	
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Usage:

 
 

Arguments: 

data  A list containing elements named in the same way than 

EcotoneFinder function outcomes 
slope  A list containing elements named in the same way than Slope 

function outcomes 
env   A list containing elements named in the same way than 

EcotoneFinder function outcomes. Useful if EcotoneFinder 

has been run on environmental data and the outcomes are to 

be compared with the outcomes from the community matrix. 

Can also be used to compare results from two different 

community matrices, if the x-axes are similar. 

plot.data  Logical. Should the data be plotted. 
plot.method  Analysis method to be plotted from the EcotoneFinder 

analyses. Must be one or several of "none", "dca", 

"dca_slope", "fanny", "fanny_slope", "vegclust", 

"vegclust_slope", "cmeans", "cmeans_slope", "diver", or 

"diver_slope". 

axis.number  Number of axis to plot from the DCA. 
magnification  Magnification coefficient for the method. Useful if the data 

are being plotted. 
magnification.diver  Particular magnification for the diversity indices. 

magnification.slope  Magnification coefficient for the Slope. 

col.data  Colours to be used for the data. See CommunityColor 

function. 

plotEcotone(data = NULL, slope = NULL, env = NULL, plot.data = F, 
            plot.method = c("none", "dca", "fanny", "vegclust", 
                            "cmeans", "diver", "dca_slope", 
                            "fanny_slope", "vegclust_slope", 
                            "cmeans_slope", "diver_slope"), 
            axis.number = 1, magnification = 20, 
            magnification.diver = 5, magnification.slope = 500, 
            col.data = "black", col.method = c("red", "blue"), 
            col.slope = c("darkgreen", "green"),  
            col.env = c("orange", "gold"), title = NULL,  
            ylab = "Species", xlab = "Gradient",  
            na.rm = F, ...) 
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col.method  Colours to be used for the methods. 

col.slope    Colors to be used for the methods (for slope). 
col.env  Colors to be used for the methods (for env). 

title  An overall title for the plot. See plot. 
ylab  A title for the y-axis. See plot. 

xlab  A title for the x-axis. See plot. 

na.rm  Logical. Should NAs be removed. 

alone  Logical. If FALSE, lines are added to an existing plot. 

...  Additional argument to be passed to the plot function. 

 

Details: 

The plotEcotone function is intended for easy visualisation of the results of the 

EcotoneFinder function and the Slope function along the sampling gradient. It also 

provides a way to plot the original species data – for comparison – along with 

magnification coefficients for the different methods or slopes, in order to facilitate 

visualization. Please note that large sets of species may produce confusing plots. The 

CommunityColor function is also provided to help with data colouring and easy 

visualisation. 

 

Value: 

A plot with the EcotoneFinder results along the gradient, and optionally, the data, 

accordingly to the inputted arguments.  

 

See Also: 

plotEnv, plotSlope, plotEco, CommunityColor. 

 

Examples: 

 

######## Artificial dataset & analysis: 
SyntheticTrial <- SyntheticData(SpeciesNum = 20, CommunityNum = 3, 
                                SpCo = NULL, Length = 500, 
                                Parameters = list(a=rep(60, 3), 
                                                  b=c(0,250,500), 
                                                  c=rep(0.03,3)), 
                                dev.c = .015, pal = "terrain_hcl") 
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SyntheticEcoFinder <- EcotoneFinder(SyntheticTrial, 
                                    dist = SyntheticTrial$Distance, 
                                    method = "all", groups = 3, 
                                    standardize = "hellinger", 
                                    diversity = "all") 
 
##### Assigning colors to communities: 
SyntheticColor <- CommunityColor(SyntheticEcoFinder,  
                                 pal = "diverge_hcl", 
                                 method = "cmeans") 
 
###### Computing the derivatives: 
SyntheticSlope <- Slope(SyntheticEcoFinder, method = "all", 
                        axis.number = 2, diversity = "all") 
 
####### Plot the derivative of the FCM with the synthetic species data: 
require(colorspace) 
plotEcotone(slope = SyntheticSlope, plot.data = TRUE, 
            plot.method = c("cmeans_slope"), axis.number = 2, 
            col.method = terrain_hcl(3), col.data = SyntheticColor) 
 
####### Plot the derivative and the FCM: 
require(colorspace) 
plotEcotone(data = SyntheticEcoFinder, slope = SyntheticSlope, 
            plot.data = TRUE, 
            plot.method = c("cmeans", "cmeans_slope"), 
            axis.number = 2, col.method = terrain_hcl(3), 
            col.data = SyntheticColor) 
	
  

plotEnv	 	 	 Plotting	component	for	environment	data	

 

Description: 

Plotting component for the environmental analyses of EcotoneFinder. This function is 

called internally by plotEcotone. 

 

Usage:

 
 

plotEnv(env, plot.data = F,  
        plot.method = c("none", "dca", "fanny", "vegclust", 
                        "cmeans", "diver"),  
        axis.number = 1, magnification = 20, 
        magnification.diver = 5, col.data = "black",  
        col.method = c("red", "blue"), title = NULL,  
        ylab = "Species", xlab = "Gradient", na.rm = F,  
        alone = T, ...) 
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Arguments: 

env   A list containing elements named in the same way than 

EcotoneFinder function outcomes 
plot.data  Logical. Should the data be plotted. 
plot.method  Analysis method to be plotted from the EcotoneFinder 

analyses. Must be one or several of "none", "dca", "fanny", 

"vegclust", "cmeans" or "diver". 
axis.number  Number of axis to plot from the DCA. 
magnification  Magnification coefficient for the method. Useful if the data 

are being plotted. 
magnification.diver  Particular magnification for the diversity indices. 

col.data  Colours to be used for the data. See CommunityColor 

function. 

col.method  Colours to be used for the methods. 

title  An overall title for the plot. See plot. 
ylab  A title for the y-axis. See plot. 

xlab  A title for the x-axis. See plot. 

na.rm  Logical. Should NAs be removed. 

alone  Logical. If FALSE, lines are added to an existing plot. 

...  Additional argument to be passed to the plot function. 

 

Details: 

This function is an internal component of the plotEcotone function for the plotting of the 

EcotoneFinder analyses on environmental data. It allows for the layering of the 

plotEcotone function outputs, to compare the spatial coincidence of environmental and 

species clustering, for instance. Note that this function is perfectly usable for the plotting 

of a second set of community data analyses to be compared with the one used in plotEco. 

Use plotEcotone directly for more options. 

The "diver" method is still implemented, but will send a warning, as it may not be relevant 

for environmental data. 

 

Value: 

A plot with the EcotoneFinder results along the gradient, and optionally, the data. This is 

intended to constitute one of the possible layers of the plotEcotone function. 
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See Also: 

plotEcotone, plotSlope, plotEco, CommunityColor. 

 

Examples: 

 
 

plotSlope	 	 	 Plotting	component	for	slope	calculations	

 

Description: 

Plotting component for the results of the Slope function (notably for first and second 

derivatives). This function is called internally by plotEcotone. 

 

Usage:

 
 

Arguments: 

ecotoneslope  A list containing elements named in the same way than Slope 

######## Artificial dataset & analysis: 
SyntheticTrial <- SyntheticData(SpeciesNum = 20, CommunityNum = 3, 
                                SpCo = NULL, Length = 500, 
                                Parameters = list(a=rep(60, 3), 
                                                  b=c(0,250,500), 
                                                  c=rep(0.03,3)), 
                                dev.c = .015, pal = "terrain_hcl") 
 
SyntheticEcoFinder <- EcotoneFinder(SyntheticTrial, 
                                    dist = SyntheticTrial$Distance, 
                                    method = "all", groups = 3, 
                                    standardize = "hellinger", 
                                    diversity = "all") 
 
### Plot: 
require(colorspace) 
plotEnv(SyntheticEcoFinder, plot.data = FALSE, 
        plot.method = c("cmeans", "dca"), 
        axis.number = 2, col.method = terrain_hcl(3))	

plotSlope(ecotoneslope, plot.data = F,  
          plot.method = c("none", "dca_slope", "fanny_slope", 
                          "vegclust_slope", "cmeans_slope", 
                          "diver_slope"),  
         axis.number = 1, magnification = 500,  
         col.data = "black", col.method = c("red", "blue"),  
         title = NULL, ylab = "Species", xlab = "Gradient",  
         na.rm = F, alone = T, ...) 
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function outcomes 
plot.data  Logical. Should the data be plotted. 
plot.method  Analysis method to be plotted from the EcotoneFinder 

analyses. Must be one or several of "none", "dca_slope", 

"fanny_slope", "vegclust_slope", "cmeans_slope" or 

"diver_slope". 

axis.number  Number of axis to plot from the DCA. 
magnification  Magnification coefficient for the method. Useful if the data 

are being plotted. 
magnification.diver  Particular magnification for the diversity indices. 

col.data  Colours to be used for the data. See CommunityColor 

function. 

col.method  Colours to be used for the methods. 

title  An overall title for the plot. See plot. 
ylab  A title for the y-axis. See plot. 

xlab  A title for the x-axis. See plot. 

na.rm  Logical. Should NAs be removed. 

alone  Logical. If FALSE, lines are added to an existing plot. 

...  Additional argument to be passed to the plot function. 

 

Details: 

This function is an internal component of the plotEcotone function for the plotting of the 

Slope analyses. It allows for the layering with the plotEcotone function outputs, to plot 

together the original analyses and its first or second derivatives. Use plotEcotone directly 

for more options. 

 

Value: 

A plot with the Slope function results along the gradient, and optionally, the data. This is 

intended to constitute one of the possible layers of the plotEcotone function. 

 

See Also: 

plotEcotone, plotEnv, plotEco, CommunityColor. 
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Examples: 

 
 

rbindna	 	 	 qpcR rbind.na method	

 

Description: 

Implementation of the rbind.na function from the qpcR package. 

 

Usage: 

 
 

Arguments: 

...    (generalized) vectors or matrices. See base::rbind 

deparse.level integer controlling the construction of labels in the case of 

non-matrix-like arguments. See base::rbind 

 

Details: 

Binds vectors or matrices of unequal sizes and complete the shortest ones with NAs 

entries. This is a reproduction of the qpcR function, implemented here for convenience. 

######## Artificial dataset & analysis: 
SyntheticTrial <- SyntheticData(SpeciesNum = 20, CommunityNum = 3, 
                                SpCo = NULL, Length = 500, 
                                Parameters = list(a=rep(60, 3), 
                                                  b=c(0,250,500), 
                                                  c=rep(0.03,3)), 
                                dev.c = .015, pal = "terrain_hcl") 
 
SyntheticEcoFinder <- EcotoneFinder(SyntheticTrial, 
                                    dist = SyntheticTrial$Distance, 
                                    method = "all", groups = 3, 
                                    standardize = "hellinger", 
                                    diversity = "all") 
 
### Derivatives: 
SyntheticSlope <- Slope(SyntheticEcoFinder, method = "all", 
                        axis.number = 2, diversity = "all") 
 
### Plot: 
require(colorspace) 
plotSlope(SyntheticSlope, plot.data = FALSE, 
          plot.method = c("cmeans_slope", "vegclust_slope"), 
          col.method = terrain_hcl(3))	

rbindna(..., deparse.level = 1) 



 215 

Value: 

A matrix combining the ... arguments by rows. 

 

See also: 

cbindna 

 

Examples: 

 
 

Slope	 	 	 	 Compute	the	slope	of	irregular	functions	

 

Description: 

Method to calculate the derivatives of irregular functions. 

 

Usage: 

 
Arguments: 

ecotonefinder  A list containing elements named in the same way than 

EcotoneFinder function outcomes 

method  The name of the method for which the slopes should be 

calculated. Correspond to the names of the list. 

window  Must be an odd number. The interval to be used for slope 

calculation. The bigger the window, the more averaged the 

slope will be. 

axis.number  If "dca" is chosen, indicate the number of axis over which to 

calculate the slope (first axis, first and second axis,...) 

groups  If any clustering method is chosen, corresponds to the index 

### Vectors: 
a <- c(rep(1, 5), NA, seq(1:5)) 
b <- c(rep(1, 4), NA, seq(1:7)) 
 
# Complete shorter vector with NAs: 
rbindna(a,b)	

Slope(ecotonefinder,  
      method = c("dca", "fanny", "vegclust", "cmeans", "diver", 
                 "all"),  
      window = 3, axis.number = 1, groups = ecotonefinder$groups,  
      diversity = c("shannon", "richness", "expShannon", "pielou", 
                    "all")) 
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of the cluster for which the slope should be calculated. If 

"all", the slope will be calculated for all the clusters. 

diversity  If "diver" is chosen in the method argument, define the 

diversity index for which to calculate the slope. "all" can be 

chosen. 

 

Details: 

Slope calculations are done by following a similar process than a moving window analysis. 

The width of the windows is defined by the window argument. For each window, the slope 

coefficient of a linear model (lm function of the stat package) is stored and used to draw 

the general slope along the gradient. The wider the window, the more points will be used 

to compute the linear models, meaning the obtained slopes will be smoother. This also 

results in the addition of NAs at both ends of the gradient. 

The first axis of DCA has been used as a beta-diversity index, and its derivative as a 

method to locate ecotones (see Brownstein et al., 2013). The Slope function provides the 

possibility of computing the slope of the other axis, to avoid the loss of information 

induced by the reduction of the dimensionality of the original data. Similarly, the slopes of 

the fuzzy clusters can be used to pinpoint the transitions between them. The value of the 

slopes can be an indicator of the relative sharpness of the transition area. Particularly, as 

the memberships of the fuzzy clusters range between 0 and 1, these values can readily be 

compared between studies and datasets. These values vary depending on the window width 

and can be very sensible to noise in the original data. A reliable method to mathematically 

identify breaks is still needed and careful interpretation by the user is still required. 

 

Value: 

The function returns a list of dataframes containing the slope values for the specified 

methods and the original data. 

 

See also: 

EcotoneFinder, EcotoneFinderSeries, PlotEcotone. 
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Examples: 

 
 

SyntheticData		 	 Synthetic	Gaussian-shaped	species	abundance	data	

 

Description: 

Creates artificial Gaussian-shaped species abundance data 

 

Usage: 

 
Arguments: 

SpeciesNum  An integer giving the total number of species in the synthetic 

data. 
CommunityNum  An integer giving the number of communities to be 

synthetized. 
Length  The length of the gradient. Corresponds to the x-axis in a 

plot. 
SpCo  The ratio of species per communities. If NULL, species will 

#### Artificial dataset: 
SyntheticTrial <- SyntheticData(SpeciesNum = 21, CommunityNum = 3, 
                                SpCo = NULL ,Length = 500, 
                                Parameters = list(a=rep(60, 3), 
                                                  b=c(0,250,500), 
                                                  c=rep(0.015,3)), 
                                pal = "terrain_hcl") 
 
## Analyses: 
SyntheticEcoFinder <- EcotoneFinder(data = SyntheticTrial, 
                                    dist = SyntheticTrial$Distance, 
                                    method = "all", groups = 3, 
                                    standardize = "hellinger", 
                                    diversity = "all") 
 
## Slope calculation: 
SyntheticSlope <- Slope(SyntheticEcoFinder, method = "all", 
                        axis.number = 2, diversity = "all") 

SyntheticData(SpeciesNum, CommunityNum, Length = 100, SpCo = NULL, 
              Parameters = list(a = NULL, b = NULL, c = NULL),  
              dev.a = 10, dev.b = 10, dev.c = 0, down.limit = 1,  
              pal = c("diverge_hcl", "terrain_hcl", 
                      "sequential_hcl", "rainbow_hcl"),  
              xlab = "Gradient", ylab = "Synthetic species",  
              title = "Synthetic data") 
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be spread evenly between communities with additional 

species in the last community if the quotient is not an integer. 

When specified, SpCo must be a vector of length equal to 

CommunityNum and whose sum is equal to SpeciesNum 
Parameters  A list containing the parameters (a, b and c) for the 

Gaussians. Each parameter must be specified for each 

community. See Details. 

dev.a  The deviation around parameter a for the Gaussian in a 

community. If 0 all species curve in the community will have 

the same a parameter. 
dev.b  The deviation around parameter b for the Gaussian in a 

community. If 0 all species curve in the community will have 

the same b parameter. 

dev.c  The deviation around parameter c for the Gaussian in a 

community. If 0 all species curve in the community will have 

the same c parameter. 
down.limit  The limit under which the Gaussian curve will be rounded 

down to 0. The default is 1. 

pal   The colour palette to be used. Species curves are coloured 

according to communities. 

xlab  A title for the x-axis. See plot. 

ylab  A title for the y-axis. See plot. 

title  An overall title for the plot. See plot. 

 

Details: 

The SyntheticData function is intended for the creation of artificial dataset to test 

ecological patterns along gradients. The Gaussian curves that it computes are of the form: 

𝑎 × 𝑒 − !!! !

!!!
. 

The parameters can be interpreted as follow: 𝑎 is the maximum height of the Gaussian on 

the y-axis, 𝑏 is the centre of the Gaussian on the x-axis and 𝑐 is the steepness of the slopes 

on each side of the maximum. The Gaussians create a set of continuous data that are akin 

to abundances. As Gaussians of this type cannot reach 0, any value that is below the 

down.limit (default is 1) is rounded down to 0. 
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The Gaussian generation is performed by an internal curve function that is equivalent to 

the curve function of the graphics package (with modified graphical outputs).  

Value: 

SyntheticData returns a dataset with “Distance” and numbered species (sp.1, sp.2...) as 

columns. It also plots the obtained data. 

 

See also: 

SyntheticDataSeries, curve. 

 

Examples: 

 
 

SyntheticDataSeries	 	 Extension	of	SyntheticData	to	produce	space/time	series	

 

Description: 

Creates a series of artificial Gaussian-shaped species abundance data 

 

Usage: 

 

### 3 distinct communities with 21 species: 
SyntheticTrial <- SyntheticData(SpeciesNum = 21, CommunityNum = 3, 
                                SpCo = NULL, Length = 500, 
                                Parameters = list(a=rep(60, 3), 
                                                  b=c(0,250,500), 
                                                  c=rep(0.03,3)), 
                                pal = "terrain_hcl") 
 
### 3 distinct communities with uneven species numbers 
SyntheticTrial <- SyntheticData(SpeciesNum = 21, CommunityNum = 3, 
                                SpCo = c(5, 10, 6), Length = 500, 
                                Parameters = list(a=rep(60, 3), 
                                                  b=c(0,250,500), 
                                                  c=rep(0.03,3)), 
                                pal = "terrain_hcl")	

SyntheticDataSeries(CommunityPool, CommunityNum, Length = 100, 
                    SpCo = NULL, SeriesNum, replacement = T, 
                    range.repl = as.integer(CommunityPool/5), 
                    Parameters = list(a = NULL, b = NULL, c = NULL),  
                    Parameters.repl = T, dev.a = 10, dev.b = 10, 
                    dev.c = 0, Parameters.range = 10,  
                    pal = c("diverge_hcl", "terrain_hcl", 
                            "sequential_hcl", "rainbow_hcl"),  
                    xlab = "Gradient", ylab = "Synthetic species", 
                    title = "Synthetic data") 
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Arguments: 

CommunityPool  Total number of species per series. Must either be of length 1 

(if the pool of species is of the same length for all 

communities) or of length equal to CommunityNum 

(specifying the species pool for each community). 
CommunityNum  An integer giving the number of communities. 
Length  The length of the gradient. Corresponds to the x-axis in a 

plot. 

SpCo  The ratio of species per communities. When replacement = T, 

SpCo is computed from CommunityPool and range.repl. 

SeriesNum  The number of series to be synthetized. 
replacement  Logical. Should the species of a community in a given series 

be a sample of the possible number of species in this 

community. See Details. 
range.repl  An integer. Gives the possible range of species turnover in a 

community. 

Parameters  A list containing the parameters (a, b and c) for the 

Gaussians. Each parameter must be specified for each 

community. See Details. 
Parameters.repl  Logical. Should the parameters vary between series. 
dev.a  The deviation around parameter a for the Gaussian in a 

community. If 0 all species curve in the community will have 

the same a parameter. 
dev.b  The deviation around parameter b for the Gaussian in a 

community. If 0 all species curve in the community will have 

the same b parameter. 
dev.c  The deviation around parameter c for the Gaussian in a 

community. If 0 all species curve in the community will have 

the same c parameter. 
Parameters.range  An integer. Gives the possible range of the parameter 

variations between two series. The range of variation is the 

parameter divided by the parameters range. Default is 10. 

pal   The colour palette to be used. Species curves are coloured 

according to communities. 
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xlab  A title for the x-axis. See plot. 

ylab  A title for the y-axis. See plot. 

title  An overall title for the plot. See plot. 

 

Details: 

SyntheticDataSeries is an extension of the SyntheticData function and intended to produce 

easy and consistent space/time series of artificial ecological community datasets. The 

series of dataframes are stored in an object of class list. The replacement and 

Parameters.repl arguments allow the user to choose whether or not the number of species 

and their distribution curves should vary among the different series. range.repl is an integer 

that define the boundaries  of the interval in which the number of species can vary - such 

as the number of species per community is: 

 
CommunityPool
CommunityNum− range. repl ;  

CommunityPool
CommunityNum+ range. repl  

 

The number it takes is then used to define SpCo. Given the difference of scales between 

the 3 parameters a, b and c, the Parameters.range argument controls the variations of the 

parameters by division so that they correspond to: 

 Parameters−  
Parameters

Parameters. range  ;  Parameters+  
Parameters

Parameters. range  

 

The obtained parameters are then used by the internal SyntheticData function as base 

parameters for a given series on which dev.a, dev.b and dev.c will apply. The other 

arguments are equivalent to those of SyntheticData. 

 

Value: 

SyntheticDataSeries returns a list of datasets with numbered species (sp.1, sp.2...) as 

columns. The list has length = SeriesNum. It also plot the obtained data. 

 

See also: 

SyntheticData. 
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Examples: 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

## 5 datasets of 40 species spread on 4 communities without turnover 
#  on the number of species nor variations in their distribution: 
 
Series <- SyntheticDataSeries(CommunityPool = 40, 
                              CommunityNum = 4, SpCo = NULL, 
                              Length = 500, SeriesNum = 5, 
                              Parameters = list(a = rep(60, 4), 
                                                b =c(0,200,350,500), 
                                                c = rep(0.03,4)), 
                              pal = "terrain_hcl",  
                              replacement = FALSE, 
                              Parameters.repl = FALSE) 
 
## 5 datasets of 40 species spread on 4 communities with species 
#  turnover and variations in their distributions along the 
#  gradient: 
 
Series <- SyntheticDataSeries(CommunityPool = 40, 
                              CommunityNum = 4, SpCo = NULL, 
                              Length = 500, SeriesNum = 5, 
                              Parameters = list(a=rep(60, 4), 
                                                b=c(0,200,350,500), 
                                                c=rep(0.03,4)), 
                              pal = "terrain_hcl",  
                              replacement = TRUE, 
                              Parameters.repl = TRUE)	
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Appendix 3.2: Code examples 

 

Section 1: 

Generation of artificial data: 
# 2 Communities scenario: 
Community2 <- SyntheticData(SpeciesNum = 26, CommunityNum = 2,  
                            SpCo = NULL ,Length = 500, 
                            Parameters = list(a=c(60, 60),  
                                              b=c(0, 500),  
                                              c=c(0.009, 0.009)), 
                            dev.c = .0024, dev.a = 25, dev.b = 30,  
                            pal = divergingx_hcl) 
 
# 3 Communities scenario: 
Community3 <- SyntheticData(SpeciesNum = 39, CommunityNum = 3,  
                            SpCo = NULL ,Length = 500, 
                            Parameters = list(a=c(60, 60, 60),  
                                              b=c(0, 250, 500),  
                                              c=rep(0.015, 3)), 
                            dev.c = .0024, dev.a = 35, dev.b = 25,  
                            pal = divergingx_hcl) 
	
 
# 4 Communities scenario: 
Community4 <- SyntheticData(SpeciesNum = 52, CommunityNum = 4,  
                            SpCo = NULL, Length = 500, 
                            Parameters = list(a=c(60, 60, 60, 60),  
                                              b=c(0, 166, 333, 500),  
                                              c=rep(0.023, 4)), 
                            dev.c = .0020, dev.a = 25, dev.b = 25,  
                            pal=divergingx_hcl)	
 

Section 2: 

Internal structure of the data: 
# Heat-maps (2-communities example): 
DistEco(Community2[,2:ncol(Community2)], transpose = T, symm = F, 
        plot = c("heatmap"))	
 

 
# Network of species, with rounded spinglass groups: 
DistEco(Community2[,2:ncol(Community2)], transpose = T, 
        plot = c("network"), spinglass = T, run = 10, 
        spinglass.groups = c("rounded"))	
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Section 3: 

Main gradient analyses and their visualisation: 
# Fuzzy clusters (2-communities): 
EcoFinder <- EcotoneFinder(Community2, dist = Community2$Distance, 
                           method = "cmeans", groups = 2, 
                           standardize = "hellinger")	
 
# Plot - fuzzy clusters (Fig. 3.3 A): 
plotEcotone(data=EcoFinder, plot.data = F,  
            plot.method = c("cmeans"), 
            col.method = c("#008585","#B8CDAE"), 
            title = "Fuzzy clusters on /n 2-communities data")	
 
# Detrended Correspondance Analysis (2-communities): 
EcoFinder <- EcotoneFinder(Community2, dist = Community2$Distance, 
                           method = "dca",  
                           standardize = "hellinger")	
 
# Derivatives of the DCA axes: 
Slope <- Slope(EcoFinder, method = c("dca"), axis.number=1)	
 
# Plot - DCA + slope (Fig. 3.4 C): 
plotEcotone(data = EcoFinder, slope = Slope, plot.data = F, 
            plot.method = c("dca", "dca_slope"), axis.number = 1, 
            col.method = "#26A63A", col.slope = "#8E063B", 
            magnification.slope = 5000, 
            title = "DCA on /n 2-communities data")	
 

Section 4: 

Community composition: 
# Centroids - by species (Fig. 3.5 B): 
Centroids <- ExtractCentroid(EcoFinder, method = "cmeans",  
                             normalized = c("species"), 
                             position = "dodge", 
                             col = c("#008585","#B8CDAE"))	
 

 
# Centroids - by clusters (Fig. 3.5 C): 
Centroids <- ExtractCentroid(EcoFinder, method = "cmeans",  
                             normalized = c("cluster"), 
                             position = "dodge", 
                             col=c("#008585","#B8CDAE"))	
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# 2-communities - with 2 or 3 fuzzy clusters (for Fig. 3.5 D & E): 
EcoFinder2 <- EcotoneFinder(Community2, dist = Community2$Distance, 
                           method = "cmeans", groups = 2, 
                           standardize = "hellinger")	
 

 
EcoFinder3 <- EcotoneFinder(Community2, dist = Community2$Distance, 
                            method = "cmeans", groups = 3, 
                            standardize = "hellinger")	
 
## Colours (same code for EcoFinder2): 
Colours <- CommunityColor(EcoFinder3, method = "cmeans", 
                          pal = c("#008585", "#E6C186", "#B8CDAE"))	
 

 
#### Plot - identical for 2 or 3 clusters (Fig. 3.5 F): 
plotEcotone(data=EcoFinder3, plot.data = T, plot.method = c("none"), 
            col.data = Colours, magnification = 80, 
            title = "Gradient with 2 communities \n (coloured by  
                     clusters)")	
 

Alpha Diversity Indices: 
# Diversity indices - 2-communities (Fig. 3.6): 
EcoFinder <- EcotoneFinder(Community2, dist=Community2$Distance, 
                           method = "diver", diversity="all")	
 

Section 5: 

Data series and beta diversity:  
# Displacement matrix: 
disp <- matrix(data=c(0,50,0, 
                      0,50,0), nrow = 3, ncol = 2)	
 
# Graphical parameters: 
par(cex.lab = 1.2, cex.main = .7) 
par(mfrow = c(5,1)) 
par(mar=c(4,4,1,1))	
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# Artificial time series (Fig. 3.7 A): 
Series <- SyntheticDataSeries(CommunityPool = 80, CommunityNum = 2,  
                              Length = 500, SeriesNum = 5,  
                              replacement = F, SpCo = c(40,40), 
                              Parameters = list(a = c(60,60), 
                                                b = c(-100,400), 
                                                c = c(0.01, 0.01)), 
                              dev.a=10, dev.b=1, dev.c=0, 
                              displacement = disp, 
                              pal = c(rep("#008585",40),  
                              rep("#C7522B",40)), 
                              title = NULL) 
	
# Fuzzy clusters for the series (for Fig. 3.7 B): 
EcoSeries <- EcotoneFinderSeries(data = Series, dist = "Distance", 
                                 method = "cmeans", series = "Time", 
                                 cluster.groups = 2, 
                                 standardize="hellinger")	
 
## Network analyses (Fig. 3.7 C): 
# And Fig. 3.7 D. if network.group = "cluster" 
NetworkSeries <- NetworkEcoSeries(EcoSeries, method = "cmeans",  
                                  plot.type = "network", 
                                  plot = "community", dist = "raw", 
                                  network.group = "site",  
                                  layout ="spring", 
                                  palette ="colorblind")	
 
# Distance matrix visualisation (Fig. 3.7 E): 
NetworkSeries <- NetworkEcoSeries(EcoSeries, method = "cmeans", 
                                  plot.type = "corrplot",  
                                  plot = "community", 
                                  dist = "count", threshold = 0.5, 
                                  diag=F, is.corr = F, 
                                  method.corr = "number",  
                                  type = "upper")	
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Chapter 4 Appendices 
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Chapter 5 Appendices 
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Chapter 6 Appendices 
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