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Abstract 

 

The Marine Environment Classification (MEC) is a hierarchical spatial framework that 

classifies a large area of ocean surrounding New Zealand into classes of similar 

environmental character. This thesis uses multivariate statistical methods to assess the utility 

of this environmental classification as a management tool for coastal ecosystems, by 

examining its correspondence to biological patterns among sites in an existing dataset of 

shallow coastal rocky reef fish communities. 

 

Overall, the relevance of the MEC to coastal biological patterns was limited and varied widely 

among its hierarchical levels of resolution. Three broad-scale biogeographic patterns in reef 

fish communities were identified in the biological data, of which the MEC reproduced only 

one. Direct, hierarchical classifications of sites in the biological dataset were built, and these 

were able to explain up to twice as much variation in fish communities than the MEC, which 

explained fifty percent of variation at maximum resolution. The inability of the MEC to 

adequately correspond to coastal biological patterns was attributed to the persistence of a 

large generic coastal class and its failure to make partitions along a strong biological 

latitudinal gradient. A likely explanation is that while the variables used may be appropriate 

for offshore oceanic areas, some of the variables used are inaccurate and inappropriate for 

classification of coastal regions.  

 

Options for the further development of spatial models for coastal management in New 

Zealand are discussed. Two primary objectives for such models are (1) to provide a basis for 

the design of a network of Marine Protected Areas (MPAs), and (2) to delineate spatial units 

for management and environmental reporting. I argue that spatial variation in coastal reef fish 

communities at scales relevant to national management is largely continuous rather than 

discrete. If this is true, a categorical model or classification provides a limited and potentially 

inaccurate reflection of real biological patterns. Two implications of this were highlighted. 

First, continuous spatial models, as opposed to categorical or classification models, should be 

developed and used for MPA design and biodiversity management more generally. Second, 

any system of boundaries for categorical spatial management is likely to be largely arbitrary. 
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Chapter 1  

 

Introduction and aims 

 

1.1 Introduction 

 

Spatial classifications that group together areas of similar biological or environmental 

character have been sought for decades, for both terrestrial (e.g. Lacate 1961, Rowe 1962) 

and marine (e.g. Moore 1949, Hedgpeth 1957) environments. The utility of such 

classifications is clear (Bailey 1984, Gonzalez 1996, Snelder et al. 2001b, Leathwick et al. 

2003a). One of the earlier purposes for classifications was to categorise land in terms of its 

economic potential for resource production (e.g. Lacate 1961, Rowe 1962, Rowe and Sheard 

1981, Bailey 1983). More recently, classifications have been developed as tools to assist the 

balance between resource use and conservation management of land and sea.  

 

Successful conservation requires careful biodiversity management over large spatial scales 

(Gonzalez 1996, Margules and Pressey 2000, Leathwick et al. 2003a, Moilanen et al. 2005). 

The classification of large areas into bioregions is an important tool for large-scale 

management with several important functions (Bailey 1983). For example, bioregional 

classifications can be used to select areas for protection in a systematic way, so that a full 

range of ecosystems is protected (Noss 1983, Belbin 1993, Pressey et al. 1993, Pressey and 

Logan 1994, Edgar et al. 1997, Allee et al. 2000). Further, bioregionalisation can provide an 

ecological basis on which to partition large areas into smaller regional management units. It 

is often the case that regional units are defined by administrative boundaries that have 

historical or political origins. These boundaries may be placed somewhat arbitrarily with 

regard to regional biological patterns, whereas specific biological classifications can provide 

a set of management units that are relatively homogeneous in terms of ecology (Snelder et 

al. 2001b). This allows a framework for management decisions to be made, and 

environmental reporting to be done, within units that are biologically and environmentally 

appropriate. These classifications can also augment research by providing a scientific basis 
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upon which to stratify sampling for large scale surveys (Bailey 1984), and identifying 

particular environments in which little research has been undertaken, thus highlighting 

priority areas for future research (Snelder et al. 2001b). 

 

Ecosystems, along with their patterns and processes, are arranged in a hierarchical manner 

with respect to space and time (Urban et al. 1987). Accordingly, many recent ecosystem 

classifications have a hierarchical structure themselves, and thereby contain a number of 

levels that collectively span several spatial scales (Klijn 1994). In addition to the large-scale 

partitioning into bioregions, smaller-scale patterns that are nested in the broader levels are 

also represented. This property makes for a particularly useful management tool, because the 

scale and resolution of the classification can be chosen to suit the application, and it allows 

for delineation of subregional units in a consistent manner across regions (Allee et al. 2000, 

Zacharias and Roff 2000, Snelder et al. 2001b).  

 

As reviewed in Snelder et al. (2001b), a wide range of approaches has been used to produce 

classifications for ecosystem management, including rule-based (e.g. Bailey 1983, Caddy 

and Bakun 1994, Udo de Haes and Klijn 1994, Zonneveld 1994), geophysical (e.g. Roff and 

Taylor 2000, Roff et al. 2003), historic (e.g. Hume and Herdendorf 1988) and the use of 

physical or environmental factors (e.g. Bunce and Heal 1984, Zacharias et al. 1998, 

Zacharias and Roff 2000). Ideally, classifications would be built using observed biological 

data that are drawn directly from the ecosystems for which the classification will be used 

(Belbin 1993). Though the classification of samples of biological communities can reveal 

important information about species assemblages and their spatial coverage (e.g. Digby and 

Kempton 1987, Francis 1996, Francis et al. 2002, Quartino et al. 2005, Shears and Babcock 

in review), observational biological datasets rarely contain sufficient spatial coverage and 

detail to be used as the sole basis for a comprehensive spatial classification (but see Quinn 

and Hickey 1990, Duffy et al. in prep.). Instead, another approach is to use environmental 

variables that have known biological relevance at the scale of interest to model biological 

data in order to interpolate to unsampled units (e.g. Leathwick et al. in review-b), or the 

environmental variables can be used themselves as surrogates for biological pattern (e.g. 

Belbin 1993, Bunce 1994, Snelder et al. in press). 

 

In New Zealand, the past few years have seen the latter of these two approaches used to 

produce a number of new environmental classifications for resource and conservation 
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management of ecosystems. These include classifications of New Zealand‘s terrestrial 

(Leathwick et al. 2003a, Leathwick et al. 2003b) and river (Snelder and Biggs 2002, Snelder 

et al. 2004b) environments. More recently, Snelder et al. (2004a, in press) turned their 

attention to the marine environment and created the New Zealand Marine Environment 

Classification (MEC, Figure 1), which was built on the basis of multivariate analysis of a 

number spatially-explicit environmental variables.  

 

Previous bioregional classification of New Zealand‘s marine environment has been done 

largely by the qualitative method of placing partitions where changes in ecosystem are 

thought to occur, based on expert opinion (Moore 1949, Powell 1961, Knox 1975, King et 

al. 1985, Nelson 1994, Walls 1995, Arnold 2004). While these qualitative bioregional-

isations can have some important applications and have done much to elucidate large-scale 

biological pattern, quantitative classifications such as the MEC are desirable because they 

are potentially more objective, explicit, repeatable, transferable and defensible (Hargrove 

and Hoffman 2004). Further, bioregionalisations of New Zealand have been restricted to 

coastal environments because relatively little is known about the biology of offshore areas. 

With an exclusive economic zone (EEZ) of almost 4.2 million km
2
, New Zealand has 

dominion over a substantial area of ocean approximately 15 times its land area (Blezard 

1980, Gordon 2000). Using a suite of environmental variables as a surrogate for biological 

pattern, the MEC was able to classify an area of ocean approximately twice the size of the 

EEZ because of the relative ease by which widely-spread, high-resolution environmental 

data can be obtained (Hadfield et al. 2002).  

 

The application of quantitative multivariate methods to physical and environmental 

variables has enabled researchers to produce classifications of a variety of locations around 

the world (e.g. Bunce and Heal 1984, Soriano and Paruelo 1992, Bunce 1994, Hargrove and 

Hoffman 1999, Jensen et al. 2001, Zhou et al. 2003, Hargrove and Hoffman 2004, Wolock 

et al. 2004). An important advantage of using quantitative multivariate classifications over 

qualitative classifications that is particularly pertinent for conservation applications is that 

they are able to identify areas of unusual biological character. In order for this and other 

benefits to be realised, rigorous evaluation of the utility of environmental classifications as a 

surrogate for biological pattern is required (Stevens and Connolly 2004). However, to date, 

little emphasis has been placed on developing methods of evaluating classifications in this 
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way, despite the widespread use of surrogate variables in the absence of sufficient biological 

data (but see Snelder et al. 2004b, Stevens and Connolly 2004, Wolock et al. 2004).  

 

The domain of the MEC covers both shallow coastal and deep offshore areas. While the 

MEC has been evaluated for its relevance to three offshore biological datasets (Leathwick et 

al. 2004), its relevance to biological pattern in near-shore environments has not yet been 

examined. This thesis makes an assessment of the relevance of the MEC to near-shore 

biological patterns, using an existing dataset of the relative abundance of numerous rocky 

reef fish species collected from coastal areas around New Zealand (C. A. J. Duffy, 

unpublished data).  

 

1.2 Aims and outline 

 

Broadly speaking, the purpose of this thesis is to inform the intended users of the MEC, 

particularly ecosystem managers and policy-makers, of its utility as a surrogate for 

biological patterns in coastal reef fish communities. This purpose is divided into three 

essential aims: (1) to examine and identify the major spatial patterns inherent in a biological 

dataset of coastal reef fish communities, (2) to establish which levels of the MEC hierarchy 

best reflect these biological patterns and (3) to make a rigorous overall assessment of 

whether the MEC adequately corresponds to patterns in coastal reef fish communities. In 

order to fulfil these aims, this thesis draws on a number of recently developed multivariate 

techniques that allowed the evaluation of the MEC to be done on the basis of community 

structure, rather than individual species, which is appropriate for testing a tool intended for 

the management of ecosystems.  

 

Chapter 2 provides detailed descriptions of the two datasets that were used in this study: the 

MEC and the coastal rocky reef fish dataset. Chapter 3 addresses aims 1 and 2. An 

evaluation of the spatial patterns in reef fish assemblages is provided, based on 

unconstrained ordination of sites. A preliminary assessment of the relevance of each level of 

the MEC is then made, including recommendations as to which levels may provide the most 

utility to managers. Chapter 4 addresses aim 3, in which the variation in reef fish 

communities that can be explained by the MEC is quantitatively compared with what can be 

explained by a number of different optimal classifications derived directly from the reef fish 
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dataset itself. This approach is augmented by a qualitative assessment of the degree of 

correspondence between the MEC and prominent national-scale spatial patterns in reef fish 

communities. Finally, Chapter 5 places the results into a wider context with further 

discussion and conclusions. The overall utility of the MEC for coastal reef fish is addressed, 

along with suggested reasons for its lack of performance. Recommendations are then 

provided regarding future directions for development of management tools for New 

Zealand‘s coastal ecosystems.  
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Chapter 2  

 

Descriptions of datasets 

 

 

2.1 The Marine Environment Classification 

 

2.1.1 Overview 

 

The Marine Environment Classification (MEC) is a hierarchical, spatially-explicit 

classification of marine environments in the New Zealand region, which groups together 

areas of similar environmental character (Snelder et al. in press). The classification has been 

developed primarily by scientists at the National Institute of Water and Atmospheric 

Research (NIWA), in consultation with a steering group with representatives from the 

Ministry for the Environment (MfE), the Department of Conservation (DOC) and the 

Ministry of Fisheries (MFish). The creation of the MEC is described in Snelder et al. (in 

press) and in a number of more detailed unpublished reports (Fenwick 2001, Snelder et al. 

2001a, Hadfield et al. 2002, Image et al. 2003, Dey and Weatherhead 2004, Leathwick et al. 

2004, Snelder et al. 2004a). The MEC product is freely available on DVD from MfE. More 

information about its use and availability can be accessed from NIWA‘s website
1
. In 

addition to the EEZ-scale classification of New Zealand waters, a regional-scale 

classification of the Hauraki Gulf was created. The present study considers only the EEZ-

scale classification.  

 

The levels of the MEC are arranged in a hierarchical framework, so it can be observed at a 

number of levels. These levels contain anywhere between two and 290 classes (Figure 1), 

with each level nested within the previous. Thus, the overall resolution of the classification  

                                                 

 

1
 http://www.niwascience.co.nz/ncco/mec 

http://www.niwascience.co.nz/ncco/mec
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Figure 1  A selection of four levels of the MEC. Plots a, b, c and d show levels 4, 10, 50 and 205 respectively. 

Each colour represents a different environmental class. Many more levels exist other than those shown here. 
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can be adjusted according to what is required by the user. On the MEC DVD, the 5-, 10-, 

20- and 40-class levels are provided as shapefiles and the 290-class level is supplied as a 

gridfile. If levels other than these are required, the user must use the 290-class gridfile and 

use the lookup tables (provided as a .mbd database file) to deduce class memberships for the 

desired level. 

 

The MEC is based on a 1 km
2
 grid that covers an area of 8.8 million km

2
 which includes the 

entire EEZ of New Zealand (Snelder et al. in press). The MEC was built using 

environmental variables that were either explicitly measured or modelled (Hadfield et al. 

2002) at each pixel of this grid. Fifteen candidate environmental variables were considered 

for building the MEC (Snelder et al. 2001a). A selection process was undertaken where the 

environmental variables were tested for their relevance to three biological datasets (Image et 

al. 2003), using an approach based on Mantel tests (Mantel 1967). This process guided the 

authors as to which variables to include, and the transformation and weighting of the 

variables, in the final product. The eight environmental variables selected were depth, mean 

annual solar radiation, winter sea surface temperature (SST), annual amplitude of SST, 

spatial gradient of SST, summer SST anomaly, mean wave-induced orbital velocity at the 

seabed, tidal current velocity and seabed slope.  

 

2.1.2 Statistical methods used to develop the MEC 

 

Using these environmental variables, pair-wise environmental similarities among cells of the 

1 km
2
 grid were calculated using the Gower metric (Gower 1971), and the MEC was built 

by applying statistical clustering methods to these similarities. The quantity of these data 

was too large for a single hierarchical algorithm, so a two-phase process was used to build 

the MEC. First, a non-hierarchical procedure known as ALOC (Belbin 1995) was used to 

classify the grid cells into approximately 300 classes. Second, these 300 classes were 

hierarchically classified using the Unweighted Pair Group Method with Arithmetic Mean 

algorithm (UPGMA, Lance and Williams 1967).  

 

Note that the geographic locations of the cells were not used in any way to build the MEC. 

Thus, the classification was based purely on environmental information with no regard for 

the spatial arrangement of its classes. After the classes were established, the classification 
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was made spatially explicit when the class membership for each cell was positioned onto the 

map. 

 

2.1.3 Previous testing of the MEC 

 

The level of concordance between the environmentally-derived MEC and biological patterns 

was tested by its creators using the following three biological datasets (Leathwick et al. 

2004, Snelder et al. 2004a, Snelder et al. in press).  

1. Chlorophyll-a concentration. This is a proxy for the concentration of surface algae. It 

was estimated from modelling remotely-sensed data that measures ocean colour (see 

O'Reilly et al. 1998).  

2. Demersal fishes. This dataset contained information on demersal fish community 

composition sourced from 19,157 research trawls in New Zealand waters since 1961 

(see Francis et al. 2002). It contained 123 species for which presence and absence 

were recorded. All trawls were from depths of less than 1600 m and were restricted 

to gently-sloping sites. 

3. Benthic invertebrates. This dataset contained approximately 10,000 sites and was 

initiated in the 1950s (Gordon 2000). It included records of 145 taxa which were 

used at the family level.  

Note that these datasets were also used to choose, transform and weight the candidate 

environmental variables in the development of the MEC in the first place. This means that 

tests of the MEC using these datasets cannot be considered a fully independent assessment, 

due to circular reasoning, which was acknowledged by the creators of MEC (Snelder et al. 

in press).  

 

The results differed among the three datasets. Using Analysis of Similarities (ANOSIM, 

Clarke 1993), statistically-significant differences at the 0.01 level were found for all levels 

tested in the demersal fish community and chlorophyll-a concentration datasets and for 

some levels in the benthic invertebrates dataset (Leathwick et al. 2004). The statistically 

significant differences that were found are perhaps not surprising considering that both 

environmental (i.e. the MEC) and biological patterns are almost certainly spatially-

structured at this large spatial scale (Clifford et al. 1989, Legendre and Fortin 1989, Lennon 

2000). 
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The data used in these evaluation studies has been from both coastal and oceanic areas 

(Fenwick 2001, Image et al. 2003). The relevance of the EEZ-scale MEC to coastal zones 

was not explicitly assessed by its creators, however, an independent evaluation of the MEC 

for coastal algal and invertebrate communities is currently in progress (Franz Smith pers. 

comm.). 

 

2.2 Coastal rocky reef fish communities 

 

2.2.1 Overview 

 

The focal data used in this thesis were collected by a single marine scientist, Clinton A. J. 

Duffy, whilst SCUBA diving around the coast of New Zealand over a period of 18 years 

from November 1986 to December 2004. The total number of sites in the original data is 

452. A number of sites were beyond the domain of the MEC (Appendix I) so a subset of 439 

sites were included in the assessment (Figure 2). The dives included were from both 

scientific and recreational diving. Maps showing the locations of places mentioned in this 

thesis are also provided in Appendix V.  

 

During each dive the relative abundance of each species of fish observed was recorded using 

the Roving Diver Technique (RDT, Schmitt and Sullivan 1996, Schmitt et al. 2002, 

Semmens et al. 2004). The RDT method uses an ordinal estimation of relative abundance 

from zero to four, designed to represent the strength of presence of each fish species. These 

abundance categories approximately correspond to orders of magnitude (Table 1). 

 

The RDT method is used extensively in the Caribbean Sea as a relatively inexpensive 

method for obtaining fish community data (Schmitt and Sullivan 1996, Schmitt et al. 2002, 

Semmens et al. 2004). When this technique was compared to the widely-used visual transect 

method, it was found that RDT provided good complementary information to transect data, 

and that rare species were more accurately recorded by the RDT method (Schmitt et al. 

2002). This method, including the scale of abundance used, was developed independently by  
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Table 1  Ordinal scale of relative abundance of fish recorded. 

    
    
 Value Name No. fish observed  
    
    
 0 absent 0  
 1 single 1  
 2 few 2-10  
 3 many 11-100  
 4 abundant > 100  
    

 

 

researchers in the Caribbean (Schmitt and Sullivan 1996) and by the collector of the present 

data, though it has only been published by the former. 

 

At each site, a thorough search for fish was undertaken on each dive. The median time spent 

per dive was 46 minutes, and the median maximum depth was 17 metres. The final dataset 

included 157 species, from 53 families and 14 orders (see Table 6, Appendix II, for a 

comprehensive list). Several species recorded were excluded for various reasons, as detailed 

in Table 7 (Appendix II). The RDT method allowed less obvious species to be included in 

the data (such as the smaller and crevice-dwelling members of Trachichthyidae, 

Tripterygiidae, Blenniidae and Gobiidae), whereas these sorts of species are usually omitted 

by transect methods (Schmitt and Sullivan 1996). Sites were only included in the data if the 

observer was satisfied that a thorough search of the site was made, to a point where the 

detection of new species ceased or became very infrequent. This provided confidence that a 

high proportion of species present at each site were included, which is subjectively and 

qualitatively analogous to saturating the species area curve (see Connor and McCoy 1979, 

Hill et al. 1994). 

 

2.2.2 Data quality 

 

There are several important potential problems with this dataset which need to be 

highlighted. First, the sites were selected opportunistically or haphazardly, i.e. not randomly. 

The data were produced from recreational and scientific dives from a number of different 

trips and projects. Consequently, their spatial placement is neither random, nor 
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Figure 2  The geographic positions of the sites at which fish abundance was recorded. Inset A shows the 

Kermadec Islands, which are approximately 800 km northeast of the North Island. Inset B shows the map of 

mainland New Zealand and Inset C shows a finer-scale close-up of the Marlborough Sounds. 
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representative nor uniform (Figure 2), with many more sites located at areas where large 

scientific surveys were conducted (e.g. Marlborough Sounds) and at popular diving 

locations (e.g. Poor Knights Islands). Nevertheless, the coverage is fairly extensive with a 

large number of mainland reefs and islands represented across a very large spatial scale. 

Second, the data were collected over a relatively long period of time (c. 18 years) and fish 

assemblages at some locations may have changed significantly through time, particularly at 

areas of high fishing pressure or where a marine reserve has been established. Finally, the 

level of effort was not standardised among dives, and the dives spanned a range of depths, 

times of day and visibility levels. Such factors are well-known to influence both the type and 

numbers of fish likely to be observed (Brock 1982, St. John et al. 1990, Watson et al. 1995, 

Edgar et al. 2004). 

 

While these issues would have provided potential sources of bias, it is also important to note 

the particular strengths of this dataset. First, it is the largest and most widespread single-

diver survey of fish abundance known to the author, and comprises a considerable 

proportion of diveable locations around mainland New Zealand and the Kermadec Islands. 

Such consistency in approach and extensive spatial coverage make these data appropriate for 

an independent assessment of the MEC.  

 

Another strength is that abundances were recorded on a broad logarithmic scale and were 

not precise counts. A potential problem with precise counts is that values estimated for 

individual species (especially schooling species) can contain a high degree of noise, 

contributing to inter-site dissimilarities. The spatial and temporal extent of each dive was not 

formally standardised and, thus, the broad ordinal measurement scale is appropriate.  

 

In addition, transformation of species abundance data onto a log scale is often applied after 

the data are collected in any event, for the purposes of statistical analysis. This tends to 

stabilise the variances for univariate analysis (Box and Cox 1964, Mateu 1997, Fletcher et 

al. 2005) and to place species that occur on difference abundance scales onto similar scales 

for multivariate analysis (Clarke and Warwick 1994, Warton and Hudson 2004), and to be 

more appropriate for the analysis of count data in general (but see McArdle and Anderson 

2004).  
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Chapter 3  

 

Identifying the most relevant levels of the Marine Environment 

Classification for coastal reef fish communities 

 

 

 

3.1 Introduction 

 

The aim of this thesis is to assess the relevance of the Marine Environment Classification 

(MEC) for patterns in a dataset of shallow rocky reef fish communities. The first step in the 

assessment of the classification was to examine the degree to which the classes of the MEC 

produced groups of sites that are ecologically distinct in terms of reef fish community 

structure, and to determine the particular levels of the MEC that are most relevant to the 

classification of reef fish communities. This chapter focuses on this first step. 

 

Most classical hypothesis-testing techniques are not appropriate for these data. The response 

variables are multivariate, including abundance information on a large number of reef fish 

species. As with many ecological studies, the number of species variables and, in this case, 

their measurement on a limited ordinal scale precluded the use of traditional Multivariate 

Analysis of Variance (MANOVA), which assumes the data have a multivariate normal 

distribution (e.g. Bray and Maxwell 1985). A number of techniques have been developed to 

deal with the challenges presented by ecological data (e.g. Legendre and Legendre 1998). 

Many of these operate upon a distance or dissimilarity matrix, as opposed to the raw data, 

because it allows the flexibility to use a distance measure that is ecologically meaningful, 

instead of Euclidean distance, which is the default measure for many classical multivariate 

techniques (see McArdle and Anderson 2001). It also allows the rigorous analysis of large 

numbers of response variables simultaneously. A variety of distance-based approaches were 

used here to examine the relationship between the assemblages of fish and the groups of 

sites delineated by each level of the MEC.  
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The purpose of this chapter is to (a) provide a brief explanation of the general patterns in 

fish community structure, (b) provide a preliminary assessment of the relevance of the MEC 

to the reef fish community data and (c) identify the levels of the MEC that most successfully 

account for variation in the reef fish community data. In addition, some discussion of some 

particular various statistical methods used here, and their applicability and utility for the 

present problem, is provided. 

 

3.2 Methods 

 

A number of techniques were used to explore the relationship between the observations of 

reef fish communities and the groups of sites delineated by the levels of the MEC. Unless 

stated otherwise, all statistical and numerical analyses were carried out using the statistical 

software package R (R Development Core Team 2005). For descriptions of the field 

methods for the collection of the fish data, see Section 2.2 (page 10), and of the methods for 

extracting the MEC values for the sites, see Appendix I. 

 

3.2.1 Reef fish community structure 

 

In order to examine patterns in the ecological structure of the fish assemblages alone, the 

first step was to quantify the ecological distance between each pair of sites. For this, the 

Bray-Curtis (BC) semi-metric dissimilarity measure was used (Bray and Curtis 1957). 

Consider a data matrix Y = }{ ijy of relative abundance values (from 0 to 4) for each of j = 1, 

…, p species at each of i = 1, …, n sites. For the present dataset, there were p = 158 species 

at n = 439 sites. Then, the BC dissimilarity between sites 1 and 2 is calculated as (Bray and 

Curtis 1957): 
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Values of this dissimilarity measure range from zero (identical assemblages) to one (no 

species in common). If required, these values can be converted from dissimilarities to 

similarities by subtracting from one (Legendre and Legendre 1998). The dissimilarities 

among sites were placed in a square n × n matrix with zeros along the diagonal, and it is in 

this form that the data were used in further analyses. This matrix of dissimilarities served 

two purposes: (a) it allowed an unconstrained ordination of the sites based on the fish 

assemblages, and (b) it was used as input in further analyses as the response matrix for tests 

of association with the MEC grouping structures at different levels.  

 

Originally called the percentage difference (Odum 1950), the BC measure was chosen 

because it is considered one of the most robust and reliable measures of ecological 

dissimilarity (Faith et al. 1987) and has been used extensively in ecological studies (Gauch 

1982). In addition, it has two properties that are appropriate for these data. First, the BC 

measure does not scale the contribution of each species to the dissimilarity between two 

sites by its abundances in the entire data set. Rather, the contribution of a species depends 

only on the abundances of that species in the two sites in question (Legendre and Legendre 

1998). This property is appropriate for the current data because it means the dissimilarity 

between two sites does not depend on the rest of the dataset in any way. Second, it has the 

property of ignoring double-zeros, which means that it does not attribute any similarity to 

sites based on the mutual absences of species (Legendre and Legendre 1998).  

 

Non-metric Multidimensional Scaling (MDS, e.g. Kruskal and Wish 1978, Legendre and 

Legendre 1998), was applied to the matrix of inter-site BC dissimilarities, to allow a visual 

assessment of the similarity of assemblages among sites and to give insight into how reef 

fish community structure related to the MEC classes. MDS uses an iterative procedure 

which arranges the sites for a given number of dimensions in a way that best preserves the 

ranks of the dissimilarities, thus allowing a visual depiction of the information contained in 

the dissimilarity matrix. MDS was recommended as the most robust technique for the 

examination of ecological gradients for community data, using the BC measure, in a 

simulation study comparing methods of ordination (Minchin 1987).  

 

 

 



 

 

17 

3.2.2 Testing each level using ANOSIM and PERMANOVA  

 

The MEC is a hierarchical classification with many levels (289 levels containing 2 to 290 

classes). At each level, the MEC identifies sites belonging to particular groups, which 

corresponds to an analysis of variance (ANOVA) model. With every step from the most 

coarse levels (few groups) to fine levels (many groups), one of the existing groups is split 

into two. Because the classification is for the entire EEZ of New Zealand, and the sites 

having data for the fish assemblages are only located around the coast, many of the MEC 

classes are not represented and only a subset of the 289 levels are unique for the sites in the 

fish dataset. The MEC can be used to produce between 2 and 47 groups of sites.  

 

To clarify, the term ‗model‘ will be used to refer to one of a set of models, Mk, each of 

which is a categorical model of the fish sites delineated by the MEC. The number of groups 

of sites in these models, k, takes values from 2 to 47. The values of k to which each level of 

the MEC corresponds is presented in Table 2. The first step in this assessment was to 

independently test each of these unique MEC-derived categorical models for its association 

with fish community structure, as represented by the BC dissimilarity matrix. Two methods 

were used here.  

 

The first was Analysis of Similarities (ANOSIM, Clarke 1993). This method is non-

parametric, and is based on the difference between the average ranks of the within- and 

among-group similarities. The test-statistic for ANOSIM, R, is defined as (Clarke 1993) 

 

M

rr
R WA )(2 
  

 

where Ar  is the average rank of all among-group similarities, Wr  is the average rank of all 

within-group similarities and M is the number of pair-wise combinations of sites (i.e. the 

sample size of similarities, M = n(n – 1)/2). The statistic R takes values from -1 to +1, with 

values closer to +1 indicating greater differences among groups. The R-statistic itself is 

interpretable as an indicator of the relative strength of the relationship between the different 

levels of the MEC and the structure of the fish communities (Clarke 1993). To obtain a P-

value under the null hypothesis of no differences among groups, the group labels are 
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randomly reassigned to the sites and the test-statistic is recalculated. The P-value is the rank 

order of the observed value of R among these randomised values (Manly 1997). 

 

The second method used to quantify the association between the MEC and the matrix of 

dissimilarities in the reef fish communities was Distance-based Permutational Multivariate 

Analysis of Variance (PERMANOVA). This method was developed relatively recently, and 

is analogous to classical multivariate analysis of variance, except that it can be based on any 

dissimilarity or distance matrix (Anderson 2001, McArdle and Anderson 2001, Anderson 

2004).  

 

A key difference between ANOSIM and PERMANOVA is that ANOSIM is performed on 

the ranks of dissimilarities among sites (Clarke 1993), while PERMANOVA actually 

partitions the variation that is inherent in a dissimilarity matrix according to a design or 

linear model (Anderson 2001, McArdle and Anderson 2001). Thus, actual values of the 

dissimilarities are treated directly by PERMANOVA, whereas ANOSIM works only on 

ranks.  

 

The test statistic for PERMANOVA, a pseudo F-statistic is defined as: 

 

pseudo
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where SSR is the sum of squared inter-point dissimilarities within each group divided by the 

number of sites in that group and then summed across groups, SST is the total sum of 

squared inter-point dissimilarities divided by the total number of points (n), and g is the 

number of groups in the model. Note that with one variable and Euclidean distance, pseudo 

F is Fisher‘s original F-statistic. This statistic is then tested by permutation to obtain a P-

value, as it was for ANOSIM.  

 

This method was implemented here using the FORTRAN computer program DISTLM 

(Anderson 2004). The models that describe the group memberships of the sites in the MEC, 

Mk, were originally represented by a single column containing numbers which indicated the 

MEC group membership of each site. DISTLM required that the models were coded into 

design (or X) matrices. This was done using the program XMATRIX (Anderson 2003b). 
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Design matrices can express group membership in a number of ways, depending on whether 

the researcher wants to give equal weight to individual samples or to groups. Orthogonal 

codes giving equal weight to groups were used here because the strength of the groups of the 

classification was of greatest importance, regardless of the number of sites that happen to 

fall within each group.  

 

In general, both ANOSIM and PERMANOVA are techniques used to examine a dataset 

evidence against the null hypothesis of no difference among groups. The P-values for these 

tests are calculated from random permutations, which are done under the assumption that 

group membership is exchangeable among sites (Manly 1997, Anderson 2001). However, 

this assumption is violated here. The MEC was constructed using environmental variables 

that are structured in space, that is, they are spatially autocorrelated (Cliff and Ord 1973, 

Legendre and Fortin 1989, Legendre 1993), e.g. there is a distinct latitudinal gradient in sea 

surface temperature (e.g. Chiswell 1994). Thus, although spatial information was not used in 

the creation of the MEC, there is certainly spatial structure inherent in the classification, 

which is apparent from the spatial aggregation of the classes of the MEC. Likewise, 

variation in biological pattern will also be spatially autocorrelated, in part due to 

environmental autocorrelation, but also due to direct biological association (Koenig 1999). 

This spatial structure undermines the necessary condition of the exchangeability of group 

membership among sites, and therefore any P-value obtained in this way may be 

problematic (Clifford et al. 1989, Lennon 2000, Lichstein et al. 2002, Diniz-Filho et al. 

2003). 

 

For this reason, P-values and the identification of ―statistically significant‖ differences are 

not the focal point of the ANOSIM and PERMANOVA analyses in this thesis. Instead, 

focus will be placed on a number of indicators of discrimination strength. The first of these 

is the test statistic from the ANOSIM procedure, the R-statistic, which gives an indication of 

the difference between the average ranks of the within- and among-group similarity. This 

was examined first to give an indication of the levels of the MEC that were the most 

effective at discriminating variation in fish communities. Four indicators derived from the 

results of the PERMANOVA were also examined and compared with the ANOSIM results. 

The first of these is the test statistic, the pseudo F, which is based on the ratio of explained 

to residual variation in the data. However, unlike ANOSIM, the distribution of pseudo F 

depends on the number of groups (Anderson and Robinson 2003). The proportion of 
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variation explained by the model is calculated by dividing the explained sum of squares (SST 

– SSR) by the total (SST), providing an intuitively interpretable indication of explained 

variation in the fish community data increases as groups are added.  

 

3.2.3 Information criteria 

 

In addition to the pseudo F and R
2
, two information criteria were derived from the 

PERMANOVA output and used to indicate the levels of the MEC that produced the best 

models of the reef fish data. These were the multivariate analogues of the Akaike 

Information Criterion (AIC, Akaike 1973, Burnham and Anderson 2002) and the Bayes 

Information Criterion (BIC, also called Schwarz criterion, Schwarz 1978, Raftery 1986, 

Kass and Raftery 1995, Hoeting et al. 1999, Burnham and Anderson 2002). These criteria 

provide a comparative indication of parsimony for the MEC models of the sites, balancing 

discriminatory power with a penalty for the complexity of the model (e.g. Burnham and 

Anderson 2002). They were calculated as  
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where n is the number of sites, SSR is the residual sum of squares (provided by the 

PERMANOVA analysis) and p is the number of parameters in the model, g – 1.  

 

These two criteria were derived from information theory and are commonly used to select 

the most parsimonious model from a candidate set, with lower values indicating better 

models (e.g. Burnham and Anderson 2002). Here, the set of candidate models are the 

individual levels of the MEC, and these criteria were used to identify the levels of the MEC 

that produce the most parsimonious models of the dataset of fish communities. 

 

The information criteria are based on two components. The first is a function of the amount 

of variation not explained by the model (the residual sum of squares) for which, clearly, 

lower is better. This component is then qualified by adding a term related to the complexity 
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of the model, a function of the number of variables (p). It is in this factor that the two 

criteria differ; while the AIC uses a constant factor of two, the BIC uses a function of the 

sample size (in this case ln(439) = 6.01). The inclusion of sample size in BIC generally has 

the effect of making it more difficult to accept a more complex model when the sample size 

is large (Weakliem 1999). There is much debate as to which of these two criteria is superior 

for general use in model selection and, in view of this, both were calculated here and the 

results critically examined. The use of the AIC and BIC in combination has also been 

suggested (Kuha 2004). Accordingly, a novel graphical approach was used here to produce 

recommendations based on evidence from both criteria. 

 

3.2.4 PERMANCOVA: testing each new partition of sites 

 

The next stage of the analysis was to formally test whether each level of the MEC made a 

significant improvement over previous levels to the overall discriminatory power of the 

MEC. At each level that increases k, the number of groups of sites, a single group of sites is 

partitioned into two new groups. Distance-based Permutational Multivariate Analysis of 

Covariance (PERMANCOVA, Anderson 2001, McArdle and Anderson 2001) was used here 

to examine the degree to which each new partition of sites made by the MEC improved the 

variation explained in reef fish community structure. This analysis was implemented using 

the program DISTLM (Anderson 2004).  

 

This method is a multivariate analogue of Analysis of Covariance (ANCOVA, see Zar 1999 

and references therein). In the PERMANCOVA analysis, there is a covariate model and a 

model of interest. The sum of squared deviations in the dissimilarity matrix (SS) that can be 

explained by the covariate model (SSC) is first removed, or ‗partialled out‘. The test is 

centred around the proportion of the SS that remains, i.e. SST – SSC, that can be attributed to 

the model of interest. This is reflected in the pseudo F-test statistic, which is defined as 
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where SSF is the sum of squares attributable to the full model (the combined model of 

interest and the covariate model), SSC is the sum of squares explained by the covariate 
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model alone, SST is the total sum of squares, n is the number of sites, gV is the number of 

groups in the model of interest and gC is the number of groups in the covariate model. This 

test statistic indicates the strength of the relationship between the model of interest and the 

dissimilarity matrix, over and above that with the covariate model.  

 

Here, each model Mk was tested for its improvement over the previous model Mk-1 at 

discriminating patterns in the reef fish communities. To do this, PERMANCOVA was 

applied to each level of the MEC that made a new partition in the sites. For each value of k, 

the model Mk-1 was used as the covariate model and the new site partition in Mk as the model 

of interest.  

 

The DISTLM program required these models to be coded into design matrices, and 

orthogonal (as opposed to raw) codes were used. For the covariate models, Mk-1, design 

matrices Xk-1 were produced using the XMATRIX program (Anderson 2003b). For the 

models of interest, Mk, the design matrices were coded by hand. As a result of the nested, 

hierarchical structure of the MEC, each Mk is equivalent to Mk-1, except that one site group 

in Mk-1 is partitioned into two new groups. The only new information in Mk, that is not 

already contained in Mk-1, is the partition that produces these two new groups. This new 

partition is therefore what was needed to be coded for by the Xk. Because they each 

represented only two groups, the Xk were single-column matrices with one degree of 

freedom. If we name the two new groups of sites group 1 and group 2, the orthogonal codes 

xi for sites i = 1 to 439 that make up the Xk were given by  

 

2 or 1 group neither to belongsi siteif

2 group to belongsi siteif

1 group to belongsi siteif

n

n

xi











0

/1

/1

2

1

 

 

where n1 and n2 are the total numbers of sites in groups 1 and 2, respectively. The choice of 

which group to code as positive or negative is arbitrary. 

 

In each case, a P-value indicating the statistical significance of the pseudo F was obtained 

by 499 random permutations of the residuals of the reduced model (Manly 1997, Anderson 

and Robinson 2001). The random permutations thereby compared the rank of the real 
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pseudo F-statistic with what would be attained under the null hypothesis that the allocation 

of sites to the two new groups was random with respect to community structure.  

 

3.2.5 Indicator species 

 

Finally, a technique created by Dufrêne and Legendre (1997) was used here to identify the 

species that were most strongly associated with the two new groups produced by a selection 

of levels of the MEC. This index has an advantage over other methods of measuring the 

association a site group and a species, in that it combines two important components of a 

species association, whereas previous indices have generally used one or the other. The two 

components are specificity, the abundance of the species in the site group relative to the 

other groups, and fidelity, how widespread the species is within the site group.  

 

Let Aij quantify the specificity of species i to site group j and Bij quantify the fidelity of 

species i to site group j is quantified with Bij. The indicator value (INDVALij) of species i to 

site group j was calculated as follows (Dufrêne and Legendre 1997): 

 

Aij = µij / µi 

Bij = pij / pi 

INDVALij = Aij × Bij × 100 

 

where µij is the mean abundance of species i across sites of group j, µi is the mean 

abundance of species i across all groups, pij is the number of sites in group j where species i 

is present and pi is total number of sites in group i. The result is an index between 0 and 100, 

where a score of 0 indicates the complete absence of the species in the site group, and 100 

indicates that the species was present at every site in the group and was not found in any 

other group. The calculation was programmed and implemented in the R statistical software 

package (R Development Core Team 2005). The top five indicator species, plus any other 

species that scored an INDVAL greater than 50, were provided for a selection of new 

partitions that were most supported by the reef fish data. 
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3.3 Results 

 

3.3.1 The structure of the fish data 

 

An MDS ordination of the sites, based on fish abundance data, revealed some clear spatial 

patterns in the structure of these assemblages (Figure 3). For the bulk of the sites, variation 

appears to be continuous, in that there appears to be few distinct groups that are easily 

separable from the rest, by eye. However, three important broad-scale spatial patterns in 

community structure are noted here. 

 

First, the x-axis represents the most important direction of variation in community structure 

among sites in the dataset. This axis is highly correlated with latitude (Pearson‘s r = 0.79); 

left to right on the graph roughly corresponds to north-south. This implies that, in general, 

changes in latitude are associated with changes in reef fish community structure. This is 

consistent with the findings of a study by Francis (1996). The x-axis is also correlated with 

the maximum depth of the dive (r = 0.44). Maximum depth was also associated with 

latitude, so that the average depth of the dives decreased from north to south (r = 0.37). 

These two variables are therefore confounded.  

 

Second, there is a small but very distinctive group of sites towards the left of the graph, 

representing sites from the Kermadec Islands. Assemblages found here are known to share a 

number of subtropical species that are not found anywhere else in New Zealand (Francis et 

al. 1987, Francis 1993). 

 

Finally, there appears to be a division within the sites from mainland New Zealand (North 

and South Islands), which are represented by the main bulk of sites in Figure 3. This 

division is illustrated in the ordination by the sites indicated by Ns and those indicated by Ks 

(Figure 3). Two biogeographic boundaries are thereby suggested, occurring at East Cape on 

the east coast and between Raglan and North Taranaki on the west coast. This will be 

referred to as the ECR boundary in this thesis.  
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Figure 3  A non-metric multidimensional scaling of the fish sites based on species assemblages. The map in 

the inset shows the partitioning of the coast into three zones: K = Kermadec Islands, N = northern zone and S = 

southern-central zone, according to known biogeographical boundaries (King et al. 1985, Francis et al. 1987). 

The sites in the plot are labelled according to the zone in which they are located.  

 

 

Two broad-scale categorical models of the sites were made from the biogeographical 

patterns indicated above, to be used in further analysis. The first is a two group model that 

contains sites from the Kermadec Islands in one group and sites from the North and South 

Islands in the other. Second, a three-group model contains a Kermadec group (containing 

sites from the Kermadec Islands), a northern group (sites from the North Island occurring 

north of the ECR boundary) and a southern-central group (sites from the South Island plus 

sites from the North Island south of the ECR boundary). These models will be referred to as 

S

N

K

stress = 0.19 
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the ―KS‖ and ―KNS‖ models respectively, and collectively referred to as the ―biogeographic 

models‖.  

 

3.3.2 The MEC 

 

The MEC ranges between 2 and 290 levels, of which there were 46 unique models of the 

fish sites, which delineated anywhere between 2 and 47 groups (Table 2). This is mainly 

because much of the classification is concerned with partitioning classes in the open ocean, 

whereas the sites at which fish abundance were collected were only coastal. Many 

consecutive levels of the MEC are identical in terms of their classification of these sites, and 

not all of the groups of the MEC at a given level are represented in the sites. In order to 

avoid confusion, the number of groups produced in the fish data at a given level of the MEC 

will be denoted k, ―MEC level‖ will refer only to the nominal level of the classification. The 

term ―class‖ will be used for the actual spatial class of the MEC and ―group‖ will refer to the 

group of sites that is delineated by an MEC class.  

 

 

 

Table 2 The number of groups that exist in the fish data (k) for the corresponding number of classes in the 

MEC. For example, the last entry ―MEC230 – 47‖ indicates that for the 230-class level of the MEC there are 

47 groups of sites. 

    
    
 MEC2 – 2 MEC40 – 14 MEC105 – 26 MEC190 – 38 
 MEC4 – 3 MEC42 – 15 MEC106 – 27 MEC192 – 39 
 MEC6 – 4 MEC44 – 16 MEC108 – 28 MEC193 – 40 
 MEC10 – 5 MEC46 – 17 MEC111 – 29 MEC199 – 41 
 MEC12 – 6 MEC49 – 18 MEC113 – 30 MEC204 – 42 
 MEC14 – 7 MEC50 – 19 MEC115 – 31 MEC205 – 43 
 MEC15 – 8 MEC55 – 20 MEC120 – 32 MEC207 – 44 
 MEC17 – 9 MEC60 – 21 MEC125 – 33 MEC208 – 45 
 MEC18 – 10 MEC68 – 22 MEC135 – 34 MEC220 – 46 
 MEC23 – 11 MEC72 – 23 MEC150 – 35 MEC230 – 47 
 MEC27 – 12 MEC77 – 24 MEC160 – 36  
 MEC36 – 13 MEC83 – 25 MEC182 – 37  
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3.3.3 ANOSIM 

 

Significant differences in community structure were found using the ANOSIM procedure 

for all 46 different models of the fish data produced by the MEC (P = 0.001 using 1000 

permutations). The values of the ANOSIM R-statistic obtained for each value of k from 2 to 

47 groups is shown in Figure 4a. ANOSIM clearly revealed some levels of the MEC that 

were most relevant to identify distinctive groups in the fish communities. The highest value 

of R was obtained at the coarsest level of classification, k = 2 (at MEC level 2, Figure 4a). 

The next level (MEC level 4; k = 3) was similarly high. After this, R fell sharply and was at 

its lowest level in the range from 6 to 20 groups (MEC levels 12 to 55). There were then 

three levels at which the R-statistic made distinct upward steps, namely MEC levels 60, 120 

and 205 (for k = 21, 32 and 43 groups, respectively).  

 

At every step moving from low to high values of k, one group from the previous level is 

split into two new groups. The changes in the R-statistic from one level to another reflect 

how relevant that new split is for the fish data. Figure 4a shows that the changes in the R-

statistic did not occur gradually and consistently across the levels of the MEC. Instead, 

changes in R occurred very abruptly at a few distinct levels.  

 

3.3.4 PERMANOVA 

 

Like ANOSIM, PERMANOVA found significant differences among groups of sites 

produced by all levels of the MEC at the 0.001 level (for 1000 permutations). Perhaps the 

most easily interpreted criterion from PERMANOVA is the proportion of variation in the 

fish data explained by a classification, which is quantified by the cumulative R
2
 statistic 

(Figure 7). R
2
 continuously increases with increasing values of k in a cumulative fashion, 

with each step adding more to the total explained variation. The maximum variation 

explained by the MEC, at the finest level of classification (47 groups) is just over 50%. The 

models that made substantial improvement to the ANOSIM R-statistic were not quite as 

distinct here, but they do represent levels at which the gain in variation explained is 

relatively high (Figure 4b).  
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The PERMANOVA pseudo F-statistic (Figure 4b) has produced results that are in some 

ways similar and in some ways different to that of the ANOSIM procedure (Figure 4a). The 

statistics are similar in that the levels of the MEC that increased the values of the test-

statistics are the same, namely levels 10, 60, 120 and 205 (for k = 5, 21, 32 and 43 groups in 

the fish sites, respectively). Also, MEC level 2 scored the highest value using either of these 

criteria. The split that creates three groups of sites resulted in a large reduction in the value 

of the pseudo F, as opposed to a very small drop in the R-statistic. The R-statistic decreased 

sharply in the next split (k = 4) whereas the pseudo F-statistic stayed relatively similar. 

From k = 4 to k = 5 groups, both statistics increased, but this is much more marked in the 

pseudo F-statistic. Another difference is that for k > 6, the R-statistic changes very little 

between the three most influential splits (at k = 21, 32 and 43), whereas the F-statistic is 

mostly decreasing between these points.  

 

The Akaike Information Criterion (AIC) and the Bayes Information Criterion (BIC) differed 

markedly from each other in their recommendation of the most parsimonious model (Figure 

5). AIC showed a virtually continuous decrease as k increased, clearly advocating the 

maximum value of k, namely MEC level 230 with 47 groups of sites, as the best model. 

Conversely, according to the BIC, the most successful models were at k = 6, 7 and 9 (MEC 

levels 12, 14 and 17, respectively). The three high-level groups that were identified by the 

ANOSIM R-statistic as being successful, namely MEC levels 60, 120 and 205, (k = 21, 32 

and 43, respectively), were also well-supported when compared to nearby values for both 

these criteria. There is also an additional local minimum for BIC near MEC level 60, namely 

MEC level 77 (k = 24). 

 

AIC is suspected to be too liberal in the number of parameters it recommends, whereas BIC 

is believed to be conservative (Raftery 1999, Lee 2002). It was therefore of interest to 

consider which models appeared to be best when both AIC and BIC were considered 

simultaneously, as shown here in a scatterplot (Figure 6). The point closest to the origin of 

the graph is the combined minimum, which in this case was k = 43 groups (MEC level 205). 

The second best by the combined criterion is k = 24 groups (MEC level 77), thus supporting 

an additional level of interest that was not indicated by ANOSIM. 
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Figure 4  The test-statistic for (a) ANOSIM and (b) PERMANOVA indicating the ability of levels of the MEC 

to discriminate variation in the sites of fish community data. Each value of k represents the number of groups 

of sites made by a single level of the MEC, moving from the level that produced two to 47 groups of sites, 

adding one new group at a time. 
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Figure 5  Two information criteria for models of sites produced by levels of the MEC.  

 

 

 

3.3.5 PERMANCOVA: which levels improve the model? 

 

Of the 46 levels that were tested using PERMANCOVA (including the two-group level, for 

which there was no Mk-1 and thus no covariate model), 22 made a very significant (P < 0.01) 

improvement to the total amount of variation in the reef fish community structure that was 

explained by the MEC (Table 3). A further three made marginally significant improvement 

(0.01 < P < 0.05) and 21 were not significant (P > 0.05).  

 

The pseudo F-statistic for this test can be used as an indicator of the strength of the 

contribution of each level. The highest value of pseudo F was recorded by k = 43 (MEC 

level 205). The next highest-scoring levels, in order of greatest to smallest, were k = 5, 21, 

2, 24 and 32 (MEC levels 10, 60, 2, 77 and 120, respectively). These also stand out as 

making a substantial contribution to the cumulative proportion of variation explained 

(Figure 7). 
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Figure 6  A scatterplot of the values of BIC and AIC for each level of the MEC. The numbers in the plotting 

area indicate k, the number groups.  
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Figure 7  The cumulative proportion of variation in the fish community data explained by the MEC. The black 

area indicates the amount of explained variation that is added to the total by that level.  
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Table 3  This table presents the results from several PERMANCOVA analyses, using Mk-1 as the covariate 

model and Mk as the model of interest. The statistical significance levels are indicated by ** for P < 0.01, * for 

0.05 < P < 0.01, and NS for P > 0.05. The total sum of squared deviations in the response data cloud was 

1060465. 

   sum of squares  
sample sizes  

for new groups   
                

MEC 
level k  covariable (Mk-1)  variable (Mk) residuals  n1 n2 pseudo F signif. 

                      

           

2 2   50381 1010084  426 13 21.8 ** 

4 3  50381 13795 996289  8 5 6.0 ** 

6 4  64176 27960 968329  403 23 12.6 ** 

10 5  92136 66459 901870  359 44 32.0 ** 

12 6  158595 21218 880652  257 102 10.4 ** 

14 7  179813 13679 866972  40 4 6.8 ** 

15 8  193492 549 866423  7 1 0.3 NS 

17 9  194041 24209 842215  52 50 12.4 ** 

18 10  218250 5225 836990  243 14 2.7 ** 

23 11  223475 848 836142  22 1 0.4 NS 

27 12  224323 4678 831463  40 12 2.4 * 

36 13  229001 21283 810180  206 37 11.2 ** 

40 14  250284 2080 808101  11 3 1.1 NS 

42 15  252364 14631 793470  35 15 7.8 ** 

44 16  266995 1586 791884  3 1 0.8 NS 

46 17  268580 1879 790005  10 2 1.0 NS 

49 18  270460 2263 787742  35 2 1.2 NS 

50 19  272722 7098 780644  32 3 3.8 ** 

55 20  279820 2085 778560  31 9 1.1 NS 

60 21  281905 44821 733739  155 51 25.5 ** 

68 22  326726 4960 728779  41 10 2.8 ** 

72 23  331686 1874 726905  11 4 1.1 NS 

77 24  333560 26065 700840  16 16 15.4 ** 

83 25  359625 1817 699022  6 4 1.1 NS 

105 26  361442 2115 696907  3 2 1.3 NS 

106 27  363557 3478 693430  33 2 2.1 NS 

108 28  367035 2532 690898  12 10 1.5 NS 

111 29  369566 6060 684838  31 9 3.6 ** 

113 30  375626 1406 683432  8 3 0.8 NS 

115 31  377033 14173 669259  24 17 8.6 ** 

120 32  391206 22917 646342  116 39 14.4 ** 

125 33  414123 449 645893  12 4 0.3 NS 

135 34  414572 4420 641473  7 3 2.8 * 

150 35  418992 3276 638197  21 3 2.1 * 

160 36  422268 1742 636455  5 3 1.1 NS 

182 37  424010 1037 635418  11 1 0.7 NS 

190 38  425047 1911 633507  3 1 1.2 NS 

192 39  426958 4633 628874  32 7 2.9 ** 

193 40  431591 15992 612882  19 14 10.4 ** 

199 41  447583 2581 610301  14 7 1.7 NS 

204 42  450164 4899 605402  20 12 3.2 ** 

205 43  455062 60842 544560  67 49 44.2 ** 

207 44  515904 2465 542095  1 1 1.8 NS 

208 45  518369 1458 540637  2 1 1.1 NS 

220 46  519827 1842 538795  4 3 1.3 NS 

230 47  521669 13455 525340  12 5 10.0 ** 
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3.3.6 Levels of interest  

 

The levels of the MEC were deemed to be of particular interest and were examined further 

are presented in Table 4. These levels included the most successful according to the pseudo 

F-statistic in the PERMANCOVA test (MEC levels 2, 10, 77, 60, 120 and 205), plus the 

remaining three of the first five divisions (MEC levels 4, 6 and 12). The two new classes 

and the corresponding groups of sites that were produced at these levels are shown on maps 

in Figure 8, and the species that were associated with the new groups are listed in Table 5. 

 

The first level of the MEC divides coastal and offshore areas (Figure 8a). For the fish data, 

this separated all sites at the Kermadec Islands, along with some deeper water sites at the 

Poor Knights and White Islands (MEC class 12), from the rest (MEC class 1). The three-

group model (MEC level 4) then split MEC class 12, placing the Kermadec Islands sites into 

a separate group from the Poor Knights and White Islands sites (Figure 8b). The remaining 

levels of interest were associated with partitions on the mainland coast.  

 

 

 

Table 4  The levels of the MEC that were deemed of interest. The ―MEC classes split‖ shows the names (in 

the MEC) of the new classes that are formed at that level and the name of the class in the previous level from 

which they were partitioned. 

            
            
 No. of groups  No. sites     
 MEC level in the fish data R-statistic in the division MEC classes 
        
        
 2 2 0.7299 439 1 → 1+12 
 4 3 0.7283 13 1 → 1+47 
 6 4 0.1232 426 12 → 12+170 
 10 5 0.1107 403 12 → 58+130 
 12 6 0.1183 359 58 → 58+64 
 60 21 0.2304 206 64 → 64+108 
 77 24 0.2335 32 60 → 60+99 
 120 32 0.3039 155 64 → 64+86 
 205 43 0.5381 116 64 → 64+105 
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MEC4b)

 

Figure 8 (continued over page)  Pairs of maps showing the two new classes and site groups that were 

produced by a selection of levels of the MEC (Table 4). The left map shows the spatial extent of the two new 

MEC classes and the right map shows the two new site groups delineated by the new classes. 
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Figure 8 (continued) 
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Figure 8 (continued) 
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Figure 8 (continued) 

 

 

MEC level 6 delineated four groups of sites, with the new split separating the southern coast 

of the South Island, Stewart Island, and Fiordland (Figure 8c). At MEC level 10 (k = 5), the 

Catlins and some inner Marlborough Sounds sites were partitioned from the rest (Figure 8d). 

MEC level 12 splits the Three Kings, some Cook Strait and Marlborough Sounds and outer 

Hauraki Gulf off from a very widespread group (Figure 8e), and this was not especially 

successful by any of the methods of evaluation.  

 

MEC level 60 produced a primarily north-south split located in the south of the North Island 

(Figure 8f). At MEC level 77, the Three Kings Islands were placed in their own groups, 

separating them from sites at Kapiti Island. The split at MEC level 120 was contained 

almost entirely in the North Island, plus some sites from the outer Marlborough Sounds and 

Kaikoura. It mainly separates the inner areas of some large bays, such as Bay of Plenty, 

Hawke Bay and North Taranaki Bite, from the more exposed, large headland areas (Figure 

8h). Finally, MEC level 205 partitioned some northern North Island areas from primarily 

southern North Island areas, which produced the biggest increase in the R-statistic of any 

level of the MEC (Figure 4a). 

i) 
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Table 5  The species that are closely associated with the two new groups produced by a selection of MEC 

levels. Maps showing the two new MEC classes and the partitioned sites are shown in Figure 8, and the colour 

corresponding to each group is indicated in this table. See Table 6 (Appendix II) for further details of species. 

MEC level k MEC group name Indicator species and values 
    

    
2 2 1 (blue) Amphichaetodon howensis (81.6), Chromis dispilus (80.2), Seriola lalandi (80.1), 

Pseudolabrus luculentus (77.4), Scorpis violaceus (70.2), Kyphosus bigibbus 
(69.2), Girella cyanea (67.6), Pseudocaranx dentex (66.5), Parma alboscapularis 
(64.6), Scorpaena cookii (61.5), Aulacocephalus temmincki (61.5), Parupenus 
spilurus (61.5), Pempheris analis (61.5), Chrysiptera rapanui (61.5), Acanthistius 
cinctus (61.1), Anampses elegans (61), Aplodactylus etheridgii (60.6), Epinephelus 
daemelii (59.7), Atypichthys latus (59.5), Notolabrus inscriptus (59), Plagiotremus 
tapeinosoma (57.9), Carcharhinus galapagensis (53.8), Parma kermadecensis 
(53.8), Thamnaconus analis (53.7), Cheilodactylus ephippium (53.3), Trachypoma 
macracanthus (52.9) 

  12 (red) Forsterygion varium (75.8), Notolabrus celidotus (70), Notoclinops segmentatus 
(61), Notolabrus fucicola (60.1), Parapercis colias (58.2), Ruanoho whero (57.5), 
Forsterygion malcolmi (53.1) 

    

    
10 5 58 (red) Notolabrus fucicola (58.2), Pseudolabrus miles (54.8), Cheilodactylus spectabilis 

(51.9), Ruanoho whero (49.7), Obliquichthys maryannae (42.1) 

  130 (blue) Forsterygion lapillum (67.2), Notolabrus celidotus (57.2), Forsterygion varium 
(42.7), Aldrichetta forsteri (39.3), Parapercis colias (38.7) 

    

    
60 21 64 (red) Cheilodactylus spectabilis (58.9), Chromis dispilus (52.3), Scorpis lineolatus (48.6), 

Meuschenia scaber (48.5), Parablennius laticlavius (45.8) 

  108 (blue) Forsterygion varium (52), Parapercis colias (51.6), Notolabrus celidotus (50.5), 
Notolabrus fucicola (40.5), Forsterygion lapillum (38.9) 

    

    
77 24 60 (red) Caprodon longimanus (93.8), Odax cyanoallix (93.8), Scorpis violaceus (81.3), 

Chromis dispilus (81.3), Nemadactylus douglasii (81.3), Seriola lalandi (78.3), 
Suezichthys aylingi (75), Epinephelus daemelii (68.8), Centroberyx affinis (62.5), 
Pseudolabrus miles (58.2), Decapterus koheru (56.3), Notolabrus fucicola (56.2), 
Scorpaena papillosus (55.6) 

  99 (blue) Notolabrus celidotus (93.8), Ruanoho whero (82.7), Odax pullus (81.3), 
Forsterygion malcolmi (76.6), Notoclinops segmentatus (75.8), Forsterygion varium 
(66), Forsterygion flavonigrum (62.5), Parapercis colias (60.7), Obliquichthys 
maryannae (59.2), Nemadactylus macropterus (58.9), Latridopsis ciliaris (54.2) 

    

    
120 32 64 (red) Chromis dispilus (58.6), Notoclinops segmentatus (51.2), Coris sandageri (50.9), 

Bodianus vulpinus (50.9), Pempheris adspersa (47.4) 

  86 (blue) Pseudolabrus miles (47.3), Notolabrus celidotus (46.7), Forsterygion malcolmi 
(45.3), Notolabrus fucicola (44.3), Aplodactylus arctidens (42.6) 

    

    
205 43 64 (red) Bodianus vulpinus (85.5), Chromis dispilus (80), Pempheris adspersa (72.2), 

Meuschenia scaber (71), Optivus elongatus (70.5), Pagrus auratus (67.2), Coris 
sandageri (63.1), Pseudolabrus luculentus (63.1), Nemadactylus douglasii (60.9), 
Obliquichthys maryannae (60.1), Upeneichthys lineatus (58.7), Scorpaena 
cardinalis (58.2), Hypoplectrodes sp.B (57.3), Scorpis violaceus (53.2), Decapterus 
koheru (52.1), Notoclinops segmentatus (51), Gymnothorax prasinus (50.8), 
Caprodon longimanus (50.7) 

  105 (blue) Forsterygion varium (64.7), Notolabrus celidotus (51.9), Notolabrus fucicola (42.8), 
Parapercis colias (42.7), Scorpaena papillosus (40.9) 
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3.4 Discussion 

 

3.4.1 Biogeography of the reef fish data 

 

Some broad-scale patterns in reef fish biogeography were identified from an ordination of 

the sites of fish assemblages (Figure 3), and these patterns provided a useful basis on which 

to compare the MEC. However, the purpose of this thesis is to make an assessment of the 

MEC and not to produce a thorough description of reef fish biogeography. Therefore, 

descriptions on this topic will only extend as far as is useful for the assessment of the MEC.  

 

A latitudinal gradient in fish assemblages from New Zealand reefs was identified. This has 

been known for many years, and is consistent with the findings of other researchers (Francis 

1996). Latitude is clearly an important gradient for inshore reef fish communities.  

 

A distance of around 800 km separates the Kermadec Islands from mainland New Zealand, 

so it is not surprising that reef fish communities at the Kermadec Islands formed the most 

distinctive group in the dataset examined here. The differences in marine biota between the 

Kermadec Islands and the rest of New Zealand is well documented for fishes (Francis et al. 

1987, Paulin and Roberts 1992, 1993, Francis 1996) and other taxa (e.g. Schiel et al. 1986). 

A high degree of endemism is reported for the Kermadec Islands, for example, Francis et al. 

(1987) found that only 55% of coastal fish species found at the Kermadec Islands are found 

elsewhere in New Zealand and only 20% are common there.  

 

The ECR biogeographic boundary on the North Island that was included in the KNS model 

is also well supported by other studies. On the east coast, the biogeographic boundary at 

East Cape is a well-known barrier at which the distributions or abundances of many reef fish 

end or decline dramatically (e.g. Moreland 1959, Paulin and Roberts 1993, Francis 1996, 

Francis 2001), although the spatial precision of this boundary has been questioned (Roberts 

and Stewart 2006). The boundary has been clearly indicated in historic (Moore 1961, Knox 

1965) and more recent studies on distributions of marine organisms (Nelson 1994). It also 

featured in a paper by Francis (1996) on New Zealand reef fish biogeography, and is 
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supported by known changes in water temperature associated with the flow of the East 

Auckland Current along the northeast North Island (Knox 1975, Nelson 1994).  

 

On the west coast, the present dataset suggests that the west coast division is located 

between Raglan and North Taranaki. This is indicated by the ordination of reef fish 

assemblages (Figure 3), wherein sites from Raglan were clearly within the northern group, 

and those at North Taranaki sites were clearly within the southern group. Compared to the 

East Cape boundary, there is less consistent support from other biogeographic studies for the 

placement of the west coast boundary here, as some placed the boundary further south at 

Cape Egmont (e.g. Pawson 1961, Francis 1996). However, both the East Cape and Raglan 

boundaries suggested here were clearly indicated by King et al. (1985). More specifically, 

they placed the west coast boundary at Awakino River mouth and the east coast boundary at 

Matakaoa Point. They also noted that the region that is north of these boundaries contain 

―transitional warm, high salinity water originating from the East Australian Current‖ (King 

et al. 1985).  

 

3.4.2 Recommended levels of the MEC 

 

Overall, this preliminary assessment of the relevance of the MEC to fish community data 

from shallow rocky reef fish communities revealed some association between the two, in 

that all 46 unique classifications of the fish sites by the MEC produced statistically 

significant differences in community structure using two different tests. However, this in 

itself is not very remarkable or informative because variation in both the environmental 

characters on which the MEC is based, and the biological characters used here to test the 

MEC, will be spatially structured (e.g. Cliff and Ord 1973, Legendre 1993, Koenig 1999, 

Lichstein et al. 2002). Thus, any spatially-correlated classification over a large spatial scale 

is very likely to produce significant differences, because communities at the sites themselves 

are spatially autocorrelated (Clifford et al. 1989, Lennon 2000, Diniz-Filho et al. 2003).  

 

The focus of the present chapter is not to assess the classification in terms of statistically 

significant differences among the groups produced by the MEC, but to use various methods 

to identify the levels of the MEC that produce the greatest distinctions among coastal reef 

fish assemblages. The question of the overall success of the classification will be examined 
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in greater detail in the following chapter. Obviously, the answer to the present question 

depends on how ―distinction‖ is measured. Here, three methods were used to explore this 

question. The first acted upon the ranks of the among-community dissimilarities (ANOSIM) 

and the second directly partitioned the variation in the dissimilarity matrix 

(PERMANOVA). The third method directly tested whether each new partition added a 

significant proportion to the total variation explained by the MEC. The statistical 

significance of the new partitions was provided here to reveal the levels that made 

measurable improvement to the MEC, and these are to be interpreted as a comparative index 

of strength of evidence rather than correct probabilities.  

 

There was general consensus among method about which levels were most appropriate to 

the patterns in reef fish communities. The most strongly-supported levels of the MEC, levels 

2 and 4, separated the Kermadec Islands from the rest of the sites. This separation 

corresponds to one of the prominent biogeographic patterns apparent in the reef fish dataset, 

as represented by the KS model. The Kermadec Islands are known to contain a number of 

endemic reef fish species and a number of New Zealand species in higher abundance than is 

found elsewhere (Francis et al. 1987, Francis and Nelson 2003). The indicator species 

(Table 5) that were herein associated with the Kermadec Islands class were a mixture of 

mostly northern species (e.g. Amphichaetodon howensis, Chromis dispulis and Seriola 

lalandi) and some subtropical species (e.g. Aulacocephalus temmincki and Parupenus 

spilurus) (Francis 2001).  

 

While it is reassuring that the coarse levels of the MEC correspond to very distinct 

differences in fish assemblage data, these levels of the MEC are not particularly useful for 

management purposes because ecological and biogeographic differences between the 

Kermadec Islands and mainland New Zealand are already well established (e.g. Francis et 

al. 1987, Paulin and Roberts 1992, 1993, Francis 1996). It is therefore the intermediate and 

finer levels of the classification that are likely to be of greater interest to conservation 

managers, biologists and ecologists. Besides, if a broad-scale model is required, the KNS 

may be more useful as it reflects both of the biogeographic boundaries apparent in the 

present coastal reef fish dataset. 

 

Interestingly, there was some disagreement in the relative success of the coarse levels of the 

MEC between the ANOSIM and PERMANOVA test-statistics (Figure 4). The 
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PERMANOVA pseudo F-statistic is also known as the Calinski-Harabasz criterion and has 

been used as a basis for choosing the number of classes in a cluster analysis (Calinski and 

Harabasz 1974). It was even recommended as the best of such criteria for determining the 

number of clusters in a data set, in a simulation study (Milligan and Cooper 1985). 

However, a drop in this statistic at k = 4 was observed and this is somewhat inexplicable. It 

is not indicative of any trend in the proportion of variance explained (Figure 7), nor is it 

reflected in the information criteria (Figure 5). The average among- and within- group 

dissimilarities were examined (from which this statistic is derived) and compared with their 

average ranks of the dissimilarities (the R-statistic), and there was very little difference in 

the patterns. Thus, it was apparently the degrees of freedom that made the difference in 

these two values of the pseudo F in this instance. This is not surprising, as it is well-known 

that the distribution of the univariate F-statistic (of which pseudo F is a simple multivariate 

analogue) is dependent on both its numerator (g – 1) and denominator (n – g) degrees of 

freedom. However, it does call into question the utility of the Calinski-Harabasz statistic for 

making comparisons of goodness of fit across values of k. 

 

Intermediate levels of the MEC, between MEC level 12 and 55, performed fairly poorly. 

The most recommended fine-scale models produced by the MEC were levels 60, 77, 120 

and 205 (k = 21, 24, 32 and 43 respectively). The new partitions made by MEC levels 60 

and 205 were deemed very successful by all methods of analysis, and have some notable 

features in common. In general, the pattern made by the MEC as k increases is that smaller 

classes are carved off from a single, large, pervasive class which covers most of the 

coastline of the North and South Islands (named class 64 in the MEC). MEC levels 60 and 

205 both represent a partitioning of class 64 that (a) involves a large number of sites and (b) 

is latitudinally oriented (Figure 8f and i), and the indicator species for the newly-formed 

classes reflect this (Table 5). Those that indicated the more southern classes of these levels 

were the widespread species Forsterygion varium, Notolabrus celidotus and Notolabrus 

fucicola, and the predominantly southern species Parapercis colias (see Francis 1996, 

2001). The more northern class had species that are known to be associated with northern 

New Zealand as indicators, such as Chromis dispilus (Francis 1996, 2001).  

 

Like these two levels, MEC level 120 provided another large and successful partition of 

class 64 (Table 4). However, this partition was not based on latitude, but rather separated 

inner areas of North Island bays from the more exposed headlands (Figure 8h). The 
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indicator species for the inner bay class were mainly widespread species Pseudolabrus miles 

and N. celidotus. On the other hand, the headland class was associated with Chromis 

dispilus and Notoclinops segementatus, which are species that prefer steep topography 

(Francis 2001), a characteristic of headlands. The northern extent of this class also 

associated it with some species that have distributions north of East Cape, Coris sandageri, 

Bodianus vulpinus and Pempheris adspersa (Francis 2001).  

 

MEC level 77 was not associated with class 64, nor did it involve the partitioning of a large 

number of sites. Instead, it placed the Three Kings and Kapiti Islands into respective classes. 

These two island groups are at the opposite ends of the North Island and separated by nearly 

seven degrees of latitude. They were probably placed in the same class prior to this level 

because they are both areas of high water movement, but their reef fish assemblages are very 

different. The Three Kings Islands are known to have a rich and distinctive fish fauna (e.g. 

Francis 1996), including an endemic odacid, Odax cyanoallix (Ayling and Paxton 1983). 

This partition had the strongest indicator species of any (Table 5), with Caprodon 

longimanus and O. cyanoallix being closely associated with sites at the Three Kings Islands. 

The strongest indicator for the Kapiti Island sites was N. celidotus, a widespread species that 

is notably absent from the Three Kings (Francis 1996).  

 

3.4.3 Information criteria and parsimony 

 

MEC levels 60, 77, 120 and 205 were supported by ANOSIM, PERMANOVA and 

PERMANCOVA, but do these levels actually represent the ‗best‘ levels of the MEC for the 

fish community data? The more classes in a classification, the more variation in the fish data 

will be explained, so naturally the maximum value of k explains the maximum amount of 

variation in the fish data (Figure 7). However, this does not make it the ‗best‘ level, 

particularly if almost as much variation can be explained by earlier levels with fewer 

classes. The concept of parsimony must come into play here.  

 

If we think of this problem in terms of model selection (sensu Zucchini 2000, Burnham and 

Anderson 2002, Johnson and Omland 2004), then there are tools available to identify the 

most parsimonious model. According to Box and Jenkins (1970, quoted in Burnham and 

Anderson 2002), the most parsimonious model is that which uses ―… the smallest possible 
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number of parameters for adequate representation of the data‖. This fairly vague definition 

has been translated into various selection criteria which give a quantitative relative 

indication of parsimony for each model in an candidate set (e.g. Akaike 1973, Schwarz 

1978). These tools are generally called information criteria. Each level of the classification 

can be considered a candidate model of the ecological variation captured by the fish data. 

This is a useful, heuristic approach to finding the level (or levels) of the MEC that are the 

most efficient at explaining variation in the data, balancing predictive power with a modest 

number of groups.  

 

Two such information criteria were used here. The first is the Akaike Information Criterion 

(AIC, Akaike 1973). This criterion uses a function of the likelihood and the number of 

parameters in the model. It was derived as an approximation of the Kullback-Leibler (KL) 

distance, which quantified the distance between two models. For AIC, the KL distance 

between each candidate model and the true model is approximated, providing a criterion for 

choosing the correct dimension for the model (see Burnham and Anderson 2002). 

Alternatively, Bayes Information Criterion (BIC, Schwarz 1978) is purported to select the 

model that has the highest posterior probability of being true.  

 

There is much debate on the relative merits of information criteria (see Koehler and 

Murphree 1988, Zhang 1993, Shono 2000, Zucchini 2000). AIC has been criticised for its 

propensity to overfit, recommending a model that contains too many parameters (e.g. Shono 

2000), and for its failure to be self-consistent as the sample size becomes very large 

(Schwarz 1978). BIC has been criticised for its apparent assumption that the ‗true‘ model is 

contained in the candidate set (see Zucchini 2000, Burnham and Anderson 2002), though it 

is claimed that the criterion will tend asymptotically to select that which is closest to the 

truth, when the true model is absent from the set (Wasserman 2000).  

 

A philosophical point needs to be addressed here. In reality, the notion of a ‗true‘ model is 

nonsensical, even an oxymoron, because by its very nature a model is a simplification of 

reality and is therefore never true, except in special cases (Wasserman 2000). It should be 

stated that, in this context, the concept of truth does not correspond to the every-day concept 

of truth. For both the AIC and the BIC, the term ‗truth‘ is used to denote the general form of 

the best operating model, i.e. the model that provides the best fit to the data at hand. The 

difference between the frequentist AIC and the Bayesian BIC approaches then does not lie 
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in the fact that one paradigm accepts that a mathematical model can never constitute reality 

and the other does not, as has been claimed (Zucchini 2000). 

 

The real difference between the frequentist and Bayesian approaches to model selection is 

that the AIC was designed to select the best model on average, whereas the BIC was 

designed to select the model with the highest probability, given the data at hand and an 

uninformative prior (called the "unit information prior", Kass and Raftery 1995). This 

difference in philosophy is subtle, but apparently important here because the two do give 

quite different results. For the most part, the philosophical and technical arguments 

regarding the relative merits of the two criteria remain unsolved. Using a combination of 

both criteria has been advocated by Kuha (2004), and a novel graphical method of 

combining the two criteria was used here to indicate the models recommended by both 

measures simultaneously, in addition to examining the criteria individually.  

 

The present problem is a special case of model selection, and it is quite different to the 

framework for which these information criteria were specifically designed. First, the criteria 

are usually used for evaluating models that express a hypothesis of a direct causal link 

between some predictor variables and some response variables, i.e. a model that articulates 

an adequate description of the processes that produced the data at hand. The MEC is based 

on environmental variables, some of which are likely to be related to fish ecology (Image et 

al. 2003). The actual environmental model that underlies the classification was selected 

when the environmental variables, with their transformations and weightings, were chosen. 

This model was then used to create an environmental distance matrix, from which the 

classification was finally derived. The classification itself is a series of nested categorical 

models. The conversion from a continuous model into categorical models represents a 

significant loss in the resolution of the variation in the environmental data. Any direct causal 

link that existed between the environmental variables and the test data was almost certainly 

removed when the environmental variables were combined and translated into a 

classification. Thus, surely none of the categorical models that constitute the MEC is 

essentially ‗correct‘, which contrasts sharply with the situations for which information 

criteria were designed and are usually applied.  

 

Second, the test data used here are in a form that is very different to the usual form of a 

response variable in model selection. Information criteria were derived to evaluate 
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competing models on the general basis of finding the model that is most likely to have 

produced the data at hand. In the usual case, a model being considered is an articulation of a 

parametric probability process that is capable of producing the values of the data. Here, the 

data are not in the form of actual values; rather, the relationships among sites are provided in 

a dissimilarity matrix. So the models are not competing for which is more likely to have 

produced the original relative abundance values of the data points, but for which is more 

likely to have produced data with this dissimilarity structure. This is a step removed from 

the usual case, and the ramifications of using information criteria in this context have not 

been fully explored, as the direct modelling of dissimilarity structure is a relatively recent 

development. Nonetheless, it was useful to evaluate the strength of the evidence for each 

level of the MEC formally as a series of competing models.  

 

AIC indicated that the MEC shows almost continual improvement as k increases, 

recommending the very finest level of classification (MEC levels 230 and above; k = 47). 

BIC‘s recommendations were more conservative than those of AIC, as expected (Schwarz 

1978, Sclove 1987, Koehler and Murphree 1988, Burnham and Anderson 2002), supporting 

levels 10, 12 and 14 (k = 6, 7 and 9 respectively). These are not levels that were strongly 

supported by the other methods, but BIC did agree with regard to the most successful finer 

levels (namely 60, 77, 120 and 205, k = 21, 24, 32 and 43, respectively). From a pragmatic 

point of view, BIC proved more useful here than AIC for identifying parsimonious levels of 

the MEC, simply because it produced results that are more interpretable. However, the 

graphical method that combined AIC and BIC made recommendations most consistent with 

the other results, advocating MEC levels 77 and 205. This gives strength to this approach, 

which balances the purported tendencies of the AIC and BIC to overfit (Shono 2000) and 

underfit (Raftery 1999) the data, respectively. In conclusion, the combined results from a 

number of different analyses examined in this study gave the most overall support to MEC 

levels 60, 77, 120 and 205, if the MEC is to be used for coastal regions. 

 

As an added note, it is possible that the paradigm underlying the AIC is inappropriate for the 

present situation. Apart from a two biogeographic boundaries, the spatial variation in rocky 

reef fish assemblages is appears to be largely continuous at large spatial scales, as opposed 

to naturally clustered, because of the large number of widespread species and high degree of 

overlap of species distributions (Paulin and Roberts 1992, 1993, Francis 1996). This 

continuous nature means that categorical models such as the MEC, which are inherently 
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suited to phenomena that are naturally clustered, is not the ideal framework for describing 

such biological patterns. However, the purpose of the MEC is to provide a tool for 

management, not to accurately describe the reality of spatial ecological patterns, and 

classifications are well suited to many management applications. The aim of the AIC, in 

contrast, is to find the model that is closest to ‗truth‘ in terms of the Kullback-Leibler 

distance, may be problematic here because the MEC is confined to categorical models. It is 

probable that there exists no categorical model with a modest number of parameters that is 

likely to generate the structure of these data. Therefore, in the absence of clear grouping 

structure, any hierarchical series of categorical models (such as the MEC or one produced 

by hierarchical cluster analysis) may fail to find any local minima for the AIC. The criterion 

may continue to fall as more parameters are added, to the point where each site is in its own 

category. The idea that when the model set is confined to categorical models and the 

variation in the data is largely continuous (i.e. no natural clusters), AIC will always favour a 

categorical models with increasing numbers of parameters, is addressed further in the 

following chapter. 

 

3.4.4 Conclusions 

 

1. The MEC shows some limited overall relevance to variation in fish assemblages. 

This relevance is not consistent across spatial scales, and may be due in part to 

spatial autocorrelation. Fewer than half of the levels made significant improvement 

to the variation in reef fish communities explained by the MEC. 

2. MEC levels 2 and 3 were, by the ANOSIM R criterion, the most successful at 

identifying distinctions in fish assemblages. They separated the Kermadec Islands 

and some offshore islands off the northern North Island. However, these areas have 

known ecological and biogeographic differences, these models may not be 

particularly useful for the purposes of coastal management. Further, the KNS model 

may be a better broad-scale model if one is required. 

3. The middle range (MEC levels 12 through 55, which delineate 6 to 20 groups in the 

fish data) appeared to be particularly poor at discriminating important variation in 

fish assemblages. 

4. Some finer levels were notably more successful than the others (MEC levels 60, 77, 

120 and 205) and these are the most recommended levels of the MEC. 
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5. At each level of the MEC that affected the classification of the sites in the reef fish 

dataset, a single class is partitioned into two new classes. Many of the above 

recommended levels produced partitions that were spatially extensive and associated 

with latitude. The species that were associated with the classes that were newly-

formed at these levels was consistent with the known distributions of these species 

from the literature.  

6. Information criteria were used to examine the most parsimonious levels of the MEC. 

The Bayesian Information Criterion (BIC) favoured the levels of the MEC between 

12 and 17 (producing 6 to 9 groups of sites in the fish data). The Akaike Information 

Criterion (AIC) showed more and more support for models as the number of groups 

increased, which was not very useful (this will be discussed further in Chapter 4). 

When the AIC and BIC were combined, they advocated levels 77 and 205, and this 

was most consistent with the other methods. 
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Chapter 4  

 

Comparison of the Marine Environment Classification with 

direct classifications of shallow reef fish communities 

 

 

4.1 Introduction 

 

Chapter 3 made a preliminary assessment of the relationship between the Marine 

Environment Classification (MEC) and coastal rocky reef fish communities, and revealed 

some of the levels of the MEC that performed relatively well. The primary aim of the 

present chapter is to build on these results by providing a more rigorous assessment of the 

overall success of the classification for discriminating shallow rocky reef fish assemblages. 

 

Rigorous assessments of classifications at this scale cannot be made by simple hypothesis-

testing for statistically-significant differences among the groups of sites. In a classification 

that covers a large spatial scale, significant differences will almost certainly be found due to 

spatial autocorrelation alone (Clifford et al. 1989, Lennon 2000, Lichstein et al. 2002, Diniz-

Filho et al. 2003). The MEC is built from environmental variables, many of which will be 

spatially autocorrelated. Likewise, fish communities at sites that are in close proximity will 

tend to be more similar than those further away. This will be due to a combination of (a) 

biological factors, such as species interactions or historical and ongoing dispersal of larvae 

and juveniles among sites (e.g. Connell 1985, Menge 1991, Caley et al. 1996) and (b) 

environmental factors, i.e. the tendency of neighbouring sites to be similar in environmental 

character and habitat (e.g. García-Charton et al. 2004). Methods of teasing apart the external 

and intrinsic components of biological spatial autocorrelation is the subject of ongoing 

research and methodological development (e.g. Legendre and Fortin 1989, Legendre 1993, 

Koenig 1999, Ferrier et al. 2002). However, these sorts of analyses were not attempted here 

because, although it is of ecological interest, the understanding of these processes is not a 

central concern of the task at hand, which is to make an assessment of how optimal the MEC 

is at representing patterns in coastal rocky reef fish communities.  



 

 

51 

 

The approach taken here was to assess the MEC by comparison with classifications that may 

be considered optimal for these sites. To do this, optimal classifications were created using a 

variety of cluster analysis techniques applied directly to the biological data themselves. In 

this thesis, these will be referred to as biological classifications. Using the biological 

classifications as a benchmark, a rigorous assessment of the MEC was made by comparing 

its success at discriminating patterns in reef fish communities with direct classifications for 

these data. In addition, the MEC and biological classifications were compared with two 

broad-scale biogeographic (KS and KNS) models that were derived in Chapter 3. 

 

Care had to be taken to make the comparison of the MEC with the biological classifications 

as fair as possible. The MEC was built on a 1 km
2
 grid of cells and is therefore restricted to 

this spatial scale. In the comparisons with the biological classifications, this represented a 

way in which the MEC was at a potential disadvantage, because no group of sites is able to 

be separated into different classes by the MEC if they are located within the same grid cell, 

whereas groups of a cluster analysis are allowed to form regardless of their geographic 

position. To control for this, the same spatial constraint was also applied to the biological 

classifications. Groups of sites that were located in the same grid cell of the MEC were 

grouped together prior to undertaking the cluster analyses to produce the biological 

classifications.  

 

Despite the steps taken to ensure that this comparison was as fair as possible, there is a 

conceptual issue with the general approach taken here that needs to be raised. Deriving a 

classification from a set of data and then assessing its relevance to those data is circular. The 

reason why this is a problem for this method is that the relevance of a classification 

produced by other means is at a serious disadvantage to one derived from the data 

themselves. All of the random and sampling error in the fish data (e.g., chance failure to 

sight an individual species when it was present), which are properties of almost any dataset, 

is included in the building of the biological classifications, whereas the MEC can only hope 

to represent broader ecological patterns. Nonetheless, it is useful to compare the MEC with 

direct classifications to clarify the relationship between the MEC and the spatial patterns of 

reef fish assemblages. 
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4.2 Methods 

 

4.2.1 Producing the biological classifications 

 

The biological dissimilarity among each pair of sites in the fish community data was 

quantified using the Bray-Curtis (BC) semi-metric dissimilarity measure (Bray and Curtis 

1957). The calculation of the BC measure is described in more depth in the Methods section 

of Chapter 3. The pair-wise BC dissimilarities among sites were placed in a matrix, which 

was used as the basis of subsequent analyses and classifications. 

 

For the biological classifications, sites that inhabited the same grid cells of the MEC were 

placed into corresponding groups prior to the cluster analyses. To achieve this, the centroids 

of the groups of sites within the same MEC grid cell were calculated in Bray-Curtis 

principal coordinate space, using a FORTRAN program named PCO (Anderson 2003a). 

These centroids were then treated as a single unit for the clustering algorithms. The sites that 

were grouped together in the same grid cells were then assigned the group membership 

(from the cluster analyses) of their respective centroids.  

 

It is well-known that different methods of cluster analysis can produce different results, and 

that subjective decisions are required as to which algorithm to use (e.g. Milligan and Cooper 

1985, Cao et al. 1997, Anderson and Clements 2000, Stein et al. 2003). For this reason, four 

different methods of cluster analysis were used here to produce the direct biological 

classifications with which to compare the MEC. The selected clustering algorithms cover a 

range of different approaches, and were all available (and were carried out) in the R program 

(R Development Core Team 2005). The first two methods are variants of an agglomerative 

technique that is commonly used in ecology (Cao et al. 1997) and other disciplines (e.g. 

Everitt 1979). The second two methods represent somewhat different approaches to cluster 

analysis, and include one divisive method and one non-hierarchical method. Further 

descriptions of these methods follow. 
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HAVE - Hierarchical agglomerative cluster analysis with AVErage linkage 

Also known as UPGMA, this agglomerative hierarchical method begins with all sites 

separated. A classification is created by moving from minimum to maximum dissimilarity. 

First, the two most similar sites are joined to form a group, followed by the next most 

similar sites (or groups of sites). The algorithm proceeds in this way, joining sites and 

groups of sites together until eventually there is only a single group. Within this general 

framework there are a number of different algorithms for the joining of groups of sites. 

Average linkage joins groups at the average of the dissimilarities of all between-group pairs 

of sites.  

 

HCOM - Hierarchical agglomerative with COMplete linkage  

This method uses the same system of agglomerative hierarchical cluster analysis as above 

with a different group-joining algorithm. Complete linkage, also known as furthest 

neighbour, joins groups at the maximum of the pair-wise between-group dissimilarities, as 

opposed to averages. 

 

DIANA - Hierarchical DIvisive ANAlysis 

This method is also hierarchical, but it is divisive as opposed to agglomerative. It was used 

here to provide a comparison between divisive and agglomerative approaches. As described 

by Kaufman and Rousseeuw (1990), DIANA works top-down, starting with all sites 

contained in one group which is then split into smaller and smaller groups until all sites are 

separate. At each step, the group that contains the largest, maximum, within-group 

dissimilarity is selected for partitioning. In that group, the site with the largest mean 

dissimilarities with other sites in its group is chosen as the first member of a ‗splinter‘ 

group. In an iterative procedure, all the other sites in that group are then evaluated for their 

average proximity to the splinter group or the remaining sites, and assigned accordingly 

until equilibrium is reached.  

 

PAM - Partitioning Around Medoids 

Also called k-medoids, this method was used because, unlike the other methods, it is not 

hierarchical. This means that each level of classification (choices of k; number of groups) is 

independent of the others; each level is calculated individually the groups of one level are 

not nested within that of the previous. The use of this method gave an indication of the 

extent to which the limitation of imposing a hierarchical structure limits the flexible 
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classification of these data. Also detailed by Kaufman and Rousseeuw (1990), this is similar 

to the well-known k-means method, except that instead of using the mean dissimilarity, 

groups are clustered around actual sites called ‗medoids‘. First, the k medoids are selected to 

be representative members of k clusters using an optimisation routine (see Kaufman and 

Rousseeuw 1990). Sites are then assigned to the medoid to which they are most similar.  

 

In addition to the direct biological classifications, two biogeographical models were also 

evaluated, which represent known biogeographic patterns that were apparent in a qualitative 

assessment of the biological ordination of the reef fish dataset (Figure 3). A two-group 

model named KS makes one partition of the sites into a Kermadec group and a mainland 

group. A three-group model named KNS divides takes this model and then makes another 

partition in the North Island at the ECR boundary, thus creating a Kermadec, a Northern and 

a Southern-central group. These models and their derivation are described in more detail in 

Chapter 3. 

 

4.2.2 Comparing the classifications 

 

Non-metric multidimensional scaling (MDS, see Chapter 2 and Kruskal and Wish 1978 for 

explanation) of the sites of fish assemblage data was done to give a visual depiction of the 

structure of the variation in reef fish community. The groups produced by the MEC and the 

biological classifications, at a selection of levels, were then presented on MDS ordination 

plots and on site location maps, using different colours and/or symbols. 

 

The relevance of the MEC and biological classifications to patterns in fish community 

structure were first evaluated and compared using two methods: ANOSIM (Clarke 1993) 

and PERMANOVA (Anderson 2001). Detailed descriptions of these methods are provided 

in Chapter 3. The models that were examined with these methods were those of the MEC, 

the biological classifications and the KS and KNS biogeographic models. Each was 

converted into an ANOVA design matrix using the program XMATRIX (Anderson 2003b), 

as described in Chapter 3. The values of the ANOSIM R-statistic and R
2
, pseudo F, AIC and 

BIC from the output of PERMANOVA were plotted and compared among classifications. 

The AIC and BIC were also plotted in a scatterplot to identify models performing well 

according to both criteria simultaneously.  
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In addition to the biological classifications that match the levels of the MEC, extended 

classifications using every 20th level between 10 and 450, inclusively (i.e., k = 10, 30, 50, 

…, 450), were made of the sites of fish communities. This served to investigate whether 

minima existed for the two information criteria beyond the range of k covered by the MEC. 

This also addresses the question raised in Chapter 3 of whether the value of AIC continues 

to favour ever-increasing values of k for classification of these data. 

 

In addition to the straight comparison of the classifications by way of their relative success 

for the ANOSIM and PERMANOVA methods, the program DISTLM was used again to 

carry out a Distance-based Permutational Analysis of Covariance (PERMANCOVA, 

Anderson and Clements 2000). This approach is generally used to examine the extent to 

which a particular model of interest has explanatory power over and above a covariate 

model. This is tested using a pseudo F-statistic, the calculation of which is provided in 

Chapter 3. In that chapter, PERMANCOVA was also used to compare the additional 

variation explained by each level of the MEC over the previous level. Here, it is used to 

compare the MEC with a direct, biological classification of the reef fish dataset.  

 

In order to resolve an environmental dispute problem, Anderson and Clements (2000) were 

the first to apply the PERMANCOVA method to compare competing classifications of 

biological samples. While they compared a number of two- and three-group models, here 

the method is used to compare each level of one classification with each equivalent level of 

the other, with respect to the number of groups (k). Each level of the MEC was first used as 

the models of interest with the biological classifications as the covariate models, and then 

the roles were reversed. 

 

Unless stated otherwise, all statistical analyses were carried out using the statistical program 

R (R Development Core Team 2005). 
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4.3 Results 

 

4.3.1 Partitioning of sites by the MEC and clustering methods  

 

The ways in which the MEC and biological classifications partitioned the sites of reef fish 

data, at some selected values of k, were examined using MDS ordinations and associated site 

maps in Figure 9 to Figure 13. 

 

MEC   As discussed in the previous chapter, the initial split made by the MEC concerned 

the separation of a group containing sites at the Kermadec Islands, plus a number of far 

offshore island sites including three at White Island and two sites at the Sugarloaf Islands 

near the Poor Knights Islands, from the rest of the sites (Figure 9a). At k = 5, the MEC 

delineated a southern group and a group containing the inner Marlborough Sounds and 

Catlins sites (Figure 9c). At k = 10, 15 and 20, although many of the smaller groups that 

were formed show a good degree of aggregation on the ordination and map, there was a 

large, pervasive group (named class 64 for many levels of the MEC) that spanned a broad 

range of latitudes, containing sites from the north of the North Island to the south of the 

South Island (Figure 9d-f). A biogeographical boundary at East Cape on the east coast and 

Raglan on the west coast of the North Island was noted in Chapter 3 (the ECR boundary, 

Figure 3). While all biological classifications picked up this split prior to the 10 group level, 

and most before the 5 group level, groups made by the MEC continued to span this 

boundary even at the maximum number of classes (290). This seems to be a serious 

limitation of the MEC in intermediate and later levels.  

 

HAVE   Like the MEC, at k = 2 the HAVE method separated the Kermadec Islands from 

the rest of the sites, but included a single site from White Island with the Kermadec group 

(Figure 10a). As k increased, a series of very small groups were ―carved‖ off the largest 

group until, at k = 8, a split roughly located at the ECR boundary occurred. At 15 and 20 

groups, there were a number of medium-sized groups that appeared to be well-aggregated 

both biologically and geographically, according to visual assessments of the ordinations and 

maps, respectively (Figure 10e and f).  
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Figure 9 (continued over page)  Paired MDS plots (left) and site maps (right) of the classification of sites by 

the MEC, of a selection of levels (k = 2, 3, 5, 10, 15 and 20). The inset shows the Kermadec Islands.  
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Figure 10 (continued over page)  Paired MDS plots (left) and site maps (right) of the classification of sites by 

the HAVE method, of a selection of levels (k = 2, 3, 5, 10, 15 and 20). The inset shows the Kermadec Islands.  

a 

b 

HAVE 
k=2 

 

HAVE 
k=3 

 



 

 

61 

c HAVE

k=5

 

d HAVE

k=10

 

Figure 10 (continued) 

d) 

c 

d 

HAVE 
k=5 

 

HAVE 
k=10 

 



 

 

62 

e HAVE

k=15

 

f HAVE

k=20

 

Figure 10 (continued) 

e) e 

f 

HAVE 
k=15 

 

HAVE 
k=20 

 



 

 

63 

a HCOM

k=2

 

b HCOM

k=3

 

Figure 11 (continued over page)  Paired MDS plots (left) and site maps (right) of the classification of sites by 

the HCOM method, of a selection of levels (k = 2, 3, 5, 10, 15 and 20). The inset shows the Kermadec Islands.  
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Figure 12 (continued over page)  Paired MDS plots (left) and site maps (right) of the classification of sites by 

the DIANA method, of a selection of levels (k = 2, 3, 5, 10, 15 and 20). The inset shows the Kermadec Islands.  
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Figure 15 (continued) 
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Figure 15 (continued) 

e 

f 

DIANA 
k=15 

 

DIANA 
k=20 

 



 

 

69 

a PAM

k=2

 

b PAM

k=3

 

Figure 13 (continued over page)  Paired MDS plots (left) and site maps (right) of the classification of sites by 

the PAM method, of a selection of levels (k = 2, 3, 5, 10, 15 and 20). The inset shows the Kermadec Islands.  
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HCOM   At k = 2, HCOM separated a small group of three sites (two in the Hauraki Gulf 

and one in Croiselles Harbour, Marlborough Sounds) from the rest (Figure 9a). Next, it 

distinguished a group of far-inner Marlborough Sounds sites (Figure 9b). The first major 

north-south split occurred at k = 4, and at k = 5 sites on either side of the ECR boundary 

were completely separated (Figure 9c). The Kermadec Islands were included with the Three 

Kings Islands until these two island groups were split apart at k = 10 (Figure 9d). Like 

HAVE, the later groups appeared to be well-separated (Figure 9e and f). 

 

DIANA   The initial DIANA split separated northeast North Island sites, with the exception 

of White Island and some inner Hauraki Gulf sites, from the rest (Figure 12a). Quite 

surprisingly, this put the Kermadec Islands, White Island and the Three Kings Islands in the 

more southern group, rather than with sites in the NE of the North Island. At k = 3, White 

Island and the Three Kings Islands were put in their own group, while the Kermadec Islands 

were still grouped with the southern sites (Figure 12b). This is rectified by the allocation of 

the Kermadec Islands to their own group at k = 4. At k = 5 a split in the southern sites is 

made (Figure 12c). At the later stages of classification, the groups do not appear to be as 

geographically defined as for the other methods, but are well-clustered in the ordination 

(Figure 12d to f).  

 

PAM   This method first split off a group of sites that were generally more sheltered than 

the others, many of which were in the Marlborough Sounds, with others from Stewart 

Island, Fiordland, elsewhere around the South Island and some inner Hauraki Gulf sites 

(Figure 13a). At k = 3, the ECR boundary was almost perfectly reproduced, although it was 

placed slightly further south (Figure 13b). All the major divisions were south of the ECR 

boundary until k = 5, when the Kermadec, Poor Knights Islands and most White Island sites 

were placed into their own group (Figure 13c). The Kermadec Islands were only separated 

from this group at k = 8. At the finer levels of classification, there was a relatively high 

degree of overlap of groups on the ordination plot and on the map. Much of the partitioning 

of this method appears to occur in the Marlborough Sounds (Figure 13d to f). 
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Figure 14  The ANOSIM R-statistic calculated on groups of sites created by the MEC, biological and 

biogeographic classifications. 

 

4.3.2 Classification success according to ANOSIM 

 

All levels of the MEC and biological classifications were significant at the 0.1% level using 

1000 permutations. Unsurprisingly, the MEC did not perform as well as the biological 

classifications, in terms of the ANOSIM test statistic, across most values of k (Figure 14). 

 

However, there was substantial variation in the relative performance of the MEC across 

levels of classification. At k values of 2 and 3, the MEC out-performed all biological 

classifications, except for HAVE, according to this criterion. After this, the statistic for the 

MEC dropped immediately and was relatively low for the rest of the values of k. Then there 

was distinct improvement at a few particular levels, as discussed in Chapter 3. 

 

HAVE was the most successful of the biological classifications, for the smaller values of k 

(2 to 7), according to the R-statistic. At k = 8, the method dropped and became one of the 

poorest for the rest of the range. DIANA was generally the most successful at the 

intermediate and fine levels of classification. PAM and HCOM were fairly similar in 

performance, which was around the middle of the range for the biological classifications.  
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The two-group KS model, which separates the Kermadec Islands from the rest of the sites, 

scored the highest R-statistic of all the models examined, attaining a value of 0.876. The 

three-group KNS model (Figure 3) also performed well, proving to be a superior 

classification to those produced by HCOM, DIANA and PAM. However, KNS was not as 

successful as either the MEC or HAVE.  

 

4.3.3 Classification success according to PERMANOVA 

 

Contrary to the ANOSIM results, the pseudo F criterion from PERMANOVA indicated the 

MEC to be relatively poor at the early levels of classification (Figure 15, Figure 16). At k = 

2, the MEC performed better than only the HCOM method, which at this level separated 

only three inner Hauraki Gulf sites. The MEC scored similarly to the HAVE method for 

both two and three groups. The PAM and DIANA methods scored much higher than the 

MEC, and the two agglomerative methods, at these early levels. In the middle range of 

levels, the biological classifications explained up to twice the amount of variation as the 

MEC (Figure 16). At the finer levels (20+ groups), the pseudo F for the MEC stayed 

relatively constant as k increased, whereas the biological classifications were constantly 

decreasing, creating a gradual convergence in their relative performance. 

 

The PERMANOVA results also differed to those from ANOSIM with regard to the relative 

performance of the biological classifications. This was particularly true of the HAVE 

method at coarser levels. For PERMANOVA, HAVE was the poorest performer between 

three and seven groups, whereas for ANOSIM it was the best in this range. At k = 8, a sharp 

increase in the pseudo F-statistic occurred, compared to a marked decrease in the ANOSIM 

R-statistic. Also, the pseudo F-statistic for HAVE remained lower than for the other 

biological classifications across all levels whereas, according to the R-statistic, the 

performance of HAVE was similar to the other methods from around k = 14.  
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Figure 15  The pseudo F-statistic from the PERMANOVA procedure for the MEC, biological and 

biogeographic classifications 
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Figure 16  The proportion of variance explained by each level of the MEC, biological and biogeographic 

classifications 
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Other results from PERMANOVA also contrasted with those of ANOSIM. First, PAM and, 

to a lesser extent, DIANA were the favoured methods for the majority of the range 

according to PERMANOVA, especially at the coarser levels of classification. Second, the 

KS model was the best model these data according to the ANOSIM statistic, but was rated 

poorly by PERMANOVA. The KNS model, by contrast, was very successful according to 

PERMANOVA but according to ANOSIM.  

 

4.3.4 Information Criteria 

 

BIC indicated that the most parsimonious of the models proposed were produced by the 

PAM method, specifically those in the range from 16-18 groups (Figure 17). The lowest 

BIC scores for the other methods were 21 groups for HAVE and HCOM and 25 groups for 

DIANA. The most parsimonious of the MEC models was for 9 groups.  

 

BIC and AIC combined recommended higher values of k than for BIC alone. This was to be 

expected because AIC is known to favour more complex models than BIC. The 

recommendations for the best models using both criteria were the 32- and 39-group level of 

HCOM (Figure 23). This is near the equivalent of the finer levels of the MEC, at which the 

MEC makes some considerable improvement to its discrimination of reef fish communities. 

These levels of the HCOM classification explain 65% and 67% of variation in reef fish 

community structure, whereas this figure is 39% and 49% for the best of the MEC levels in 

the same neighbourhood as these HCOM levels (at k = 32 and 43).  

 

The observation in Chapter 3 that AIC would simply increase as the value of k increased, for 

the whole range of possible values, was again obtained for the biological classifications as k 

approached its maximum (Figure 19). The decline in AIC was particularly strong as k 

approached the number of sites, n. On the other hand, the BIC suggested that a local 

minimum exists somewhere between 10 and 50 groups, when it then rises before exhibiting 

the same sharp decline as the AIC for when k approaches n (Figure 20). This sharp decline is 

associated with a sharp increase in the pseudo F-statistic (Figure 21) and the R
2
 (proportion 

of variation explained) asymptotically approaches one (Figure 22). It appears to occur as a 

result of the ratio of model to residual sums of squares becoming extremely large. 

 



 

 

77 

3100

3150

3200

3250

3300

3350

3400

3450

0 5 10 15 20 25 30 35 40 45

number of groups in fish sites (k )

B
IC

 .

MEC

HAVE

HCOM

PAM

DIANA

KS/KNS

 

Figure 17  The Bayesian Information Criterion for each level of the MEC, biological and biogeographic 

classifications. 
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Figure 18  The Akaike Information Criterion for each level of the MEC, biological and biogeographic 

classifications. 
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Figure 19  The Akaike Information Criterion for biological classifications across a wide range of k. 
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Figure 20  The Bayesian Information Criterion for biological classifications across a wide range of k. 



 

 

79 

0

20

40

60

80

100

120

140

160

0 50 100 150 200 250 300 350 400 450

number of groups (k )

p
s
e

u
d

o
 F

 .
HAVE

HCOM

PAM

DIANA

 

Figure 21  The pseudo F for biological classifications across a wide range of k. 

 

 

 

 

0.2

0.4

0.6

0.8

1

0 50 100 150 200 250 300 350 400 450

number of groups (k )

R
-s

q
u

a
re

d
  
  
 .

HAVE

HCOM

PAM

DIANA

 

Figure 22  The R
2
 for biological classifications across a wide range of k. 
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Figure 23  A plot of AIC against BIC for the MEC and biological classifications. The level of classification (k) 

is indicated by the number of the point. Graph b corresponds to an expansion of the dotted box in graph a.  
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4.3.5 Permutational Multivariate Analysis of Covariance 

(PERMANCOVA) 

 

A decision was made to use the classification produced by HAVE for this analysis. HAVE 

was chosen over the other methods because it produced groups that were biologically and 

geographically well-clustered (Figure 10) and is intuitively appealing. It is also one of the 

most commonly used methods for ecological classifications (Clarke 1993), and was one of 

the methods used to build the MEC itself (Snelder et al. 2004a). 

 

This analysis examined the ability of a given model classification to explain variation in the 

fish community data over another, for each value of k, the number of groups. For two to 

seven groups, a larger improvement in variation explained was made by adding the MEC 

models to the HAVE classification models than vice versa (Figure 24 and Figure 25). This 

was clearly indicated by the pseudo F-statistic, which indicates the strength of the 

classification of interest for explaining variation in fish communities that is not explained by 

the covariate classification (Figure 26). However, from k = 8 and higher, HAVE was clearly 

making more improvement to the MEC model. The highest overall value for the pseudo F-

statistic was 18.3, and was achieved by adding the eight-group model of HAVE to that of 

the MEC. The pseudo F for adding HAVE to the MEC was consistently high over the 

intermediate 14- to 20-group range (MEC levels 40 to 55), where another peak of 17.9 was 

reached at k = 17. Between 21 and 47 groups, the pseudo F for the biological classification 

over the MEC showed an almost continuous decline. 

 

For adding the MEC to the HAVE classification, the pseudo F began at 4.3 for k = 2. This 

showed a dramatic increase at k = 5 and remained high for the next two levels. At k = 8 the 

MEC became inferior to the HAVE classification, and the pseudo F continued to decline for 

the MEC for the most part over the rest of the levels of classification. However, the 

difference between the pseudo F values for the MEC over HAVE and HAVE over the MEC 

decreased from k = 20 onwards.  
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Figure 24  This illustrates, across values of k, the amount of variation in the fish data explained by a biological 

classification (HAVE method) as a covariable, shown in white. Once this variation is removed, the additional 

variation that can then be explained by the MEC as the variable of interest is shown in grey.  
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Figure 25  This illustrates, across values of k, the amount of variation in the fish data explained by the MEC as 

a covariable, shown in white. Once this variation is removed, the additional variation that can then be 

explained by a biological classification (HAVE method) as the variable of interest is shown in grey. 
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Figure 26  The values for the pseudo F-statistic for PERMANCOVA. For each value of k, one classification 

was used as covariables and the other as the variables of interest. This test statistic indicates the strength of the 

classification of interest at explaining variation that is not accounted for by the covariable classification. The 

red line represents the pseudo F produced when using a biological classification (HAVE) as the classification 

of interest and the MEC as the covariables, and the blue line is the reverse. 

 

 

4.4 Discussion 

 

4.4.1 A comment on methods 

 

The results for the ANOSIM and PERMANOVA tests show large discrepancies in their 

assessment of the relative performance of classifications of the fish community data, despite 

the fact that both test-statistics were designed to test the same general hypothesis. In 

particular, the test statistics for the two methods tell different stories about the relative 

success of the selection of clustering algorithms used to create the biological classifications 

and also, within each clustering algorithm, across different numbers of groups, i.e. values of 

k (Figure 14 and Figure 15). Different results were also given by the two methods for the 

relative performance of the MEC and biological classifications.  
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These differences are exemplified by the results for the coarse levels of the HAVE 

biological classification, for which the discrepancy was most acute. According to the 

ANOSIM R-statistic, HAVE was the most successful of the biological classifications at 

discriminating fish communities for k = 2 to 7 groups (Figure 14). However, it was the least 

successful in this range according to the PERMANOVA pseudo F-statistic (Figure 15). At k 

= 8, there was marked improvement by HAVE according to the PERMANOVA test, 

whereas this was precisely the point at which a marked decrease in the ANOSIM test 

statistic occurred. These results are not only different, they are completely contradictory. In 

fact, a post-hoc analysis revealed that the R- and pseudo F-statistics are negatively 

correlated (Appendix IV, Figure 31), with Pearson correlation coefficients (e.g. Zar 1999) of 

-0.85, -0.12, -0.50, -0.89 and -0.95 for MEC, HAVE, HCOM, PAM and DIANA 

respectively, and a pooled coefficient of -0.61. For the finer levels of classification, this 

negative correlation is probably due to different ways that the two methods weight the 

degrees of freedom of the models. It is the early levels which show the strikingly 

contradictory results and are of most concern. 

 

There are several possible reasons for the inconsistencies between the two methods. The 

ANOSIM test statistic is a standardised measure of the difference between the average rank 

of the within-group similarities versus the average rank of the among-group similarities 

(Clarke 1993). On the other hand, the PERMANOVA method does not use ranks, but rather 

acts upon the actual dissimilarities (Anderson 2001). So perhaps the difference lies in the 

use of ranks. For the HAVE levels two to eight (i.e. the case described above), identical 

patterns were observed in average within- and among-group similarities as was seen for the 

averages of their ranks (see Appendix III, Figure 29 and Figure 30). Thus, it is not the use of 

ranked values which caused these discrepancies. 

 

The difference then appears to come down to the structure of the test statistics themselves. 

ANOSIM subtracts the average rank of the within-group similarities from the average rank 

of the among-group similarities, whereas PERMANOVA partitions variation in a 

dissimilarity matrix to a design model (Anderson 2001, McArdle and Anderson 2001), and 

evaluates the ratio of the sum of squared dissimilarities attributable to the model versus that 

which remain unexplained. The models that produced the greatest discrepancy were those 

with few groups. Models with groups having very highly-skewed sample-sizes tended to do 
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well by the ANOSIM test, but not the PERMANOVA test. On the other hand, models with 

more evenly-sized groups tended to do well by PERMANOVA, but not by ANOSIM.  

 

This may be because overall averages of the ranks of the dissimilarities are used to calculate 

the ANOSIM R-statistic. This means that the relative sample sizes of the groups may not 

have a direct impact on the ANOSIM test statistic. On the other hand, the central principle 

of the PERMANOVA analysis is the proportion of the total variation in the data that can be 

attributed to a model. A model that is very unbalanced in terms of group size has little power 

to explain a significant proportion of the total variation in a dataset, even if some of the 

groups are fairly distinct. Take, for instance, the KS model used here. This model delineates 

a Kermadec group and a mainland group a model that places most sites in one group and a 

small cluster of quite similar sites in another. This model does very well by the ANOSIM 

method (Figure 14) because the Kermadec group has a high overall average within-group 

similarity among its sites. The model performs poorly by PERMANOVA, however, because 

such an unbalanced model can only explain a small proportion of the total variation in the 

data. The vast majority of the variation in the dataset exists within the large mainland group. 

Using orthogonal codes in the ANOVA design matrices, as opposed to raw codes, goes 

some way to counter this imbalance by putting equal weight on the groups rather than on 

individual observations
2
. However, there is still a limit on the ability of such an unbalanced 

model to account for a major proportion of the variation, and so unbalanced designs will be 

at a disadvantage over balanced ones. This is the case even when the smaller group is 

obviously distinctive, such as the case with the Kermadec Island group of sites (Figure 3).  

 

On the other hand, the two-group classification by DIANA places most of the sites from the 

northeast of the North Island in one group and the rest, including the southern-most sites and 

the Kermadec Islands sites, are placed in another single group (Figure 9a). The Kermadec 

Islands sites are clearly less similar to southern sites than the NE North Island sites from the 

ordination (Figure 3), so it seems counter-intuitive for them to be grouped together. Indeed, 

                                                 

 

2
 In orthogonal coding for unbalanced designs, sites belonging to a relatively small group are weighted higher 

than sites in a large group. Some groups contain only a single site, and so these singletons are weighted as 

highly overall as a large group of many sites. This alters the amount of variation that the model parameters can 

explain, but does not alter the total amount of variation in the data. 
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it appears that the most appropriate two-group classification is the KS split (see below). 

However, according to the PERMANOVA results, the two-group DIANA classification is 

not only superior to the KS split, but it is the best of all the methods of biological clustering 

used here. The potential issues regarding of unbalanced designs in traditional ANOVA have 

been highlighted elsewhere (e.g. Shaw and Mitchell-Olds 1993). 

 

Likewise, the KNS model is a three-group biogeographic model that delineates a Kermadec, 

a northern and a southern-central group of sites, effectively adding to the KS model a 

northern-southern mainland partition. The groups have no geographical overlap and almost 

no overlap in the ordination (Figure 3). The sizes of the groups are more balanced in the 

KNS model than in the KS model, and so this model is far more successful in terms of the 

PERMANOVA test (Figure 14) and far less successful by the ANOSIM test (Figure 15). 

The addition of the ECR boundary to the KS model allowed it to explain more variation in 

the data, although this partition is less distinct than the Kermadec-mainland one according to 

the ordination. 

 

The reliance of the PERMANOVA method on the proportion of total variation that can be 

attributed to a model may result in its failure to favour models that are highly unbalanced 

but which may be nonetheless, ecologically appropriate, such as the KS model. On the other 

hand, ANOSIM may tend to favour unbalanced designs more than what most researchers 

may be comfortable with. For example, the HAVE classification for k = 5 separated only a 

very few small groups of sites from the rest, making no major divisions in the majority of 

the sites (Figure 10c). This model may not portray the broader biological patterns in these 

data, but ANOSIM indicated it to be the best five-group model of those tested (Figure 14). 

Broader-scale patterns were finally recognised by the HAVE classification at k = 8 with a 

major latitudinal division (Figure 10d). This is the point, however, HAVE lost its rank as the 

best of the biological classifications for the ANOSIM test.  

 

In summary, at coarse levels of classification, ANOSIM may give disproportionate favour to 

unbalanced models, whereas PERMANOVA may give disproportionate favour to balanced 

models. As a consequence of these inconsistencies and caveats about the potential 

performance of both test criteria for small values of k, the interpretation of these results must 

be made with great care. Clearly, further research needs to be undertaken to examine these 

differences, especially using simulated data (see Legendre et al. 2005).  
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4.4.2 MEC performance 

 

The overall performance of MEC was very good at very coarse levels (k = 2 to 3; i.e. MEC 

levels 2 to 4), fair at coarse levels (k = 4 to 5; i.e. MEC levels 5 to 10), poor at the 

intermediate levels (between k = 6 to 31; MEC levels 12 to 115), and then showed some 

improvement towards the finer end of the scale. 

 

Biogeographic models named KS and KNS were presented in Chapter 3 (Figure 3) and, for 

this discussion, I will assume that these are the most ecologically-appropriate two- and 

three-group models of these sites and the classifications at this level are evaluated in part by 

comparison with these two models. The assumption that KS and KNS models are a fair 

portrayal of major broad-scale biological patterns in these data is justified, because they 

represent clear patterns observed in the ordination plot and they performed relatively well in 

the quantitative assessments of the classifications, though this did vary between the two 

methods (see above).  

 

Having made this assumption, the coarse levels of the MEC reproduced one of the two 

important biogeographical patterns in the reef fish communities sampled here. To its credit, 

the two- and three-group MEC models closely resembled the KS model, although, as 

mentioned in Chapter 3, these initial levels are not the levels of the MEC that will be of 

most use to managers, as these broad-scale patterns are generally well-known already. It is 

noteworthy that only one of the direct biological classifications, namely HAVE, emulated 

the KS model in their very first divisions, though most of the biological classifications had 

more or less reproduced both the KS and KNS partitions in these models at five groups or 

less.  

 

On the other hand, the East Coast-Raglan (ECR) biogeographical boundary delineated by 

the KNS model was not reproduced by the coarse levels of the MEC, despite being an 

important feature in these data (Figure 3). In fact, MEC classes continued to span this 

biogeographical boundary throughout the entire classification, whereas all of the biological 

classifications had partitioned around this boundary prior to the ten-group level, and most 

before the five-group level. This appears to be a major limitation to the ability of the MEC 
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to explain broad-scale pattern in fish community structure beyond the separation of the 

Kermadec Islands and other more oceanic sites. 

 

The failure of the MEC at intermediate levels can be linked to the persistence of a large 

coastal class that spans the ECR boundary well into the finer levels of classification (named 

class 64 in many levels of the MEC; see the group indicated by red circles in Figure 9e-f, 

and Figure 27). Many of the finer levels that were recommended in Chapter 3, are associated 

with latitude and the division of class 64.  

 

The persistence of class 64 and the associated failure, for the most part, of the MEC to 

partition classes on the basis of latitude may be a result of the variable depth having a 

disproportionate influence on the MEC. Eight environmental variables were used to produce 

the MEC, but none had an influence as great as depth. There are two reasons for this, the 

main one being that depth was intentionally double-weighted in the classification because it 

was found to correlate very strongly with other biological patterns across the EEZ 

(Leathwick et al. 2004, Snelder et al. in press). Second, some of the other environmental 

variables used were modelled rather than being measured directly, and depth is used as an 

input variable for these models. Consequently, I suggest that while the double-weighting of 

depth in the MEC may increase its discriminatory power on the scale of the entire EEZ, this 

may be a major limiting factor for its relevance to coastal ecology. 

 

Disproportionately high weighting of depth may decrease the overall strength of the MEC 

for the present dataset for three primary reasons. First, the depth range for the reef fish 

dataset, and thus the domain for which the present evaluation is valid, was restricted to 

SCUBA diving depths, i.e. mostly from zero to 30 m. The depth range of the MEC domain, 

however, covers thousands of metres. Therefore, when compared to the full range of depths 

on the scale of the entire EEZ, very little discrimination can be made in shallow coastal 

regions by this variable. This will be countered to some degree by the fact that depth was 

square-root transformed prior to the environmental distance being calculated. This means 

that differences in shallower areas contribute more to the overall distance than the same 

absolute difference in deeper areas, but this is a relatively moderate transformation 

compared to, say, log-transformation (Snelder et al. in press). Second, the depth layer that 

was used as input for the MEC is fairly inaccurate for depths less than 50 m (Clinton A. J. 

Duffy pers. comm.). Finally, the MEC was based on a 1 km
2
 grid and, while this may be 
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adequate for capturing the patterns in bathymetry on the scale of the entire EEZ, the 

variation and relevant features of habitat heterogeneity in depth for shallow coastal regions 

occurs on a much finer scale than this.  

 

While the weighting of depth may improve the relevance of the classification to biological 

patterns in the open ocean, it is likely to be a limiting factor for its relevance to shallow 

coastal environments at finer levels of classification because it comes at the expense of other 

variables used in the classification, such as sea surface temperature, which may have greater 

relevance here. The north-south gradient is perhaps the most important gradient in the reef 

fish data, evidenced by the high correlation between with the first MDS axis (Figure 3), and 

other environmental variables that were used to build the MEC are more closely associated 

with latitude and therefore reef fish patterns. 

 

That being said, depth is known to have a strong influence on the abundance and 

composition New Zealand reef fish, but at much smaller spatial scales than the resolution of 

the MEC (Meekan and Choat 1997, Brook 2002). Thus, given that the variable depth has a 

strong influence on the MEC and that there are several reasons why bathymetry may have 

limited discriminatory power for coastal regions, the fact that the MEC is not very relevant 

for discriminating variation for near-shore coastal reef fish communities is not surprising. 

 

4.4.3 The most parsimonious models 

 

BIC indicated that the ideal number of groups in the models differed among the different 

biological classifications. PAM had the strongest models overall by this criterion, and the 

models for k around 16 to 18 were recommended (Figure 17). The other biological 

classifications had minima of k = 21 (HAVE and HCOM) and 25 (DIANA). This suggests 

that the ideal categorical models for these data would contain between approximately 16 and 

25 classes. 

 

Chapter 3 revealed that AIC simply showed continual decrease in value as the number of 

parameters increased. This was further explored in the present chapter by applying the AIC 

to the biological classifications, and examining the models beyond the range of the MEC 

and to the point where k approached n. It was found that this pattern of increasing favour 
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continued for the entire range of possible categorical models, without showing any sensible 

local or global minima. This result was completely uninformative, and brings into question 

the use of AIC for this situation. The AIC is known to favour overparamaterised models 

(Shono 2000). This is clearly the case here because it advocates the model with the 

maximum number of classes possible, which is nonsensical. These results imply that the 

‗best‘ model in terms of the paradigm underlying the AIC, i.e. the model with the smallest 

Kullback-Leibler distance to the model from which the data were generated (e.g. Burnham 

and Anderson 2002), is the model that places each site in its own group. Such a model is 

perhaps the most accurate in the situation where the variation in the data is largely 

continuous and we are restricted to categorical models, but such a model can never be 

useful. 

 

These results have raised some interesting general questions about the use of a classification, 

essentially a series of nested categorical models, for data that contains variation that is 

largely continuous. Continuous models would almost certainly have much more power to 

describe variation in these data, but the MEC was restricted to a classification framework 

because it is a management tool and that was what was required by its users. Management 

often requires classifications for practical reasons, such as the delineation of management 

units, and a continuous model clearly cannot be used for this purpose. The fact that a 

categorical framework may not give the best, or even accurate, description of the patterns 

and processes in the biological system is something that must be addressed by management. 

Further discussion on this point is provided in Chapter 5. 

 

4.4.4 Comparing the clustering methods 

 

There were major inconsistencies in the groups of sites produced by the different clustering 

methods, particularly at coarse levels of classification (i.e. classifications into few groups). 

In fact, none of the methods were in general agreement about their two- or three-group 

models of these data (Figure 9 to Figure 13), and it was not until around the five-group level 

that common themes emerged among the methods.  

 

The tendency for different methods of cluster analysis to produce different results is well-

known, as is the fact that subjective decisions about which methods to employ and report on 
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are then required (e.g. Milligan and Cooper 1985, Cao et al. 1997, Anderson and Clements 

2000, Stein et al. 2003). While these broad-scale differences ultimately come down to the 

algorithms responding to different aspects of the structure inherent in these data, the general 

lack of clear grouping structure in the data itself is likely to be responsible, in part, for the 

lack of consistency among methods. The following is a discussion of the performance of the 

methods and how their algorithms related to their performance and the idiosyncrasies of the 

data at hand.  

 

For broad-scale classification (i.e. few groups), the HAVE method was the most successful 

at reproducing the two major structural attributes of the reef fish dataset into its divisions 

(represented by the KS and KNS models). This method is agglomerative, and thus it begins 

with all sites separated and then forms groups in stepwise fashion, placing the most similar 

sites together first, and proceeding until the all groups are joined at maximum dissimilarity. 

The average linkage criterion for joining groups together does not make it more or less 

difficult for large groups of sites to be joined, as is the case for complete linkage (see 

Legendre and Legendre 1998). This method has intuitive appeal here because the clustering 

occurs independently of the number of sites in a cluster, because the criterion averages 

across group dissimilarities.  

 

This independence of the HAVE method is perhaps appropriate here because of the high 

degree of bias in the placement of the sites in the fish community dataset. Take, for instance, 

the Marlborough Sounds. A very large number of observations were made here because a 

large and intensive survey of the region was made in the past (Duffy et al. in prep.). If there 

is a very large number of sites which are very similar to each other, the HAVE method will 

tend to simply place them in a single group, regardless of the number of sites which that 

group contains. Other methods, such as HCOM, are not independent of the number of sites 

(Lance and Williams 1967, Legendre and Legendre 1998). HCOM uses the same 

agglomerative algorithm as HAVE, except that it uses the complete linkage as its group-

joining criterion. A problem with this method is that as the algorithm proceeds and groups 

get larger, it becomes more difficult for other sites and groups to join them (Lance and 

Williams 1967). This is because the dissimilarity of an object to a group is taken to be the 

maximum of all possible pair-wise combinations. HCOM placed the most similar 

Marlborough Sounds sites into a group in the early stages of the algorithm. As this group 

became larger, it became more difficult for sites to join it. Thus other Marlborough Sounds 
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sites may begin to make joins with sites from other regions. Because of this, the inner 

Marlborough Sounds group in the HCOM classification is generally smaller than this group 

in the equivalent levels of the other classifications, because this happens to be a well-

sampled area. Another way to put this is that the reference space around larger groups is 

effectively dilated (Lance and Williams 1967, Kaufman and Rousseeuw 1990). This 

property is desirable in some circumstances, such as when one wants to avoid ‗chaining‘. 

The fact that the HAVE method does not distort the reference space around groups in this 

way, and clustering therefore occurs independently of the size of the groups means that it is 

more suitable to this application, because of the heavy biases in site placement. This is 

further reason for HAVE being an appropriate choice for comparison with the MEC by the 

PERMANCOVA method. 

 

DIANA is a divisive method, which means that it begins with all sites contained in a single 

group and proceeds by making a single division at each step (Anderson 2001, McArdle and 

Anderson 2001). Because it is divisive, this approach could be expected to perform better 

than agglomerative methods at coarse levels of classification (i.e. few groups). However, 

there was a shortcoming in its classification of the present data. At k = 2, the method 

separated sites from north-eastern North Island (NI) from the rest (Figure 12a). In this 

division, the Kermadec and Three Kings Islands were included in the larger southern group. 

It is clear that the assemblages are more similar to the north-eastern NI group than the 

southern group. This was somewhat rectified at k = 4 and higher, where the Kermadec and 

Three Kings Islands were placed in their own separate groups. 

 

Finally, the PAM method was the only non-hierarchical algorithm that was used here. This 

method was the last to allocate the Kermadec Islands to its own group, despite the fact that 

this was an undeniably important aspect of the structure of the data. PAM was the best 

performer according to the PERMANOVA test (Figure 15), but was among the poorest by 

the ANOSIM test (Figure 14). This may be due to the fact that both the PAM and 

PERMANOVA methods are essentially based on a least-squares algorithm. Using an 

iterative procedure, PAM finds an optimal solution that effectively minimises the sum of 

squared distances between sites and their medoids; PERMANOVA partitions variation using 

sums of squared dissimilarities to group centroids. 
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It is clear that researchers should be careful in their choice of clustering algorithm when 

applying cluster analyses to data where the spatial allocation of observations is unbalanced. 

Methods that distort the clustering space as groups grow in size, such as HCOM, should be 

avoided because this may cause misclassification of sites from heavily-sampled areas. 

Likewise, methods based on least-squares solutions, such as PAM, may be inappropriate for 

data from biased sampling regimes because they might favour evenly-sized groups in the 

face of otherwise clear structure. Of the methods examined here, the HAVE method appears 

to produce the most intuitively-appealing groups in this dataset of samples that are 

distributed unevenly in space. This is supported by its success in reproducing the Kermadec-

mainland and ECR divisions, and its algorithm also holds intuitive appeal because the 

criterion for joining groups is not as dependent on group size as other methods.  

 

4.4.5 Conclusions 

 

1. Inconsistencies in the results for PERMANOVA and ANOSIM were noted for 

models containing few groups. In this instance, PERMANOVA tended to favour 

models with groups that have more balanced numbers, and ANOSIM tended to 

favour models with unbalanced groups. This may be because PERMANOVA 

evaluates models on the basis of the sum of squared dissimilarities, whereas 

ANOSIM evaluates models on the basis of averages of rank similarities. 

2. Two important broad-scale properties of the fish community structure were captured 

by two biogeographic models. The first was the separation of the Kermadec Islands 

and the mainland, and the MEC succeeded in reproducing this pattern. The first two 

levels of the MEC were consequently very successful, even bettering the 

classifications derived directly from the biological data. The second property was a 

biogeographic boundary at East Cape and Raglan (ECR), which the MEC failed to 

reproduce at any level. This failure of the MEC to recognise the ECR boundary and, 

more generally, its failure to make divisions associated with the clear latitudinal 

gradient, caused the success of the MEC to fall rapidly at intermediate levels of 

classification. Thus, between MEC levels 12 to 55 (k = 6 to 20) the biological 

classifications explained up to twice as much variation as the MEC.  

3. Information criteria applied to the biological classifications suggested that the most 

parsimonious biological models of these data were in this intermediate level of 
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classification. From level 60 (k = 21) and higher, the discrimination of reef fish 

communities by the MEC improved and became closer to the optimal classifications. 

This improvement occurred mostly at a few distinct levels. In particular, a large class 

(often called class 64) that spanned a wide range of latitudes was partitioned at MEC 

level 205 (k = 43).  

4. The reason suggested here for the failure of the intermediate levels of the MEC at 

discriminating shallow coastal reef fish communities is because the MEC was 

optimised for the scale of the entire EEZ. The result of this optimisation is that depth 

was given much greater weight than other variables in creating the MEC, because it 

was the best of the variables at discriminating EEZ-scale biological patterns. Depth 

adds little to the discriminatory power of the MEC in shallow coastal regions 

because (a) the range of depths covered by the sites from the fish dataset is 

insignificant on the scale of the EEZ, (b) the depth variable used was not very 

accurate for depths less than 50 m and (c) the important variation in relative depth 

and other relevant habitat variables in shallow coastal regions is likely to occur at a 

much finer scale than the 1 km
2 

grid on which the MEC, and the depth variable, were 

based.  
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Chapter 5  

 

Discussion and Conclusions 

 

5.1 Introduction 

 

The Marine Environment Classification (MEC) was created as a framework for the 

ecological management of a very large area of ocean surrounding the New Zealand 

archipelago (Snelder et al. 2004a, Snelder et al. in press). The MEC was built using 

environmental variables as surrogates for biological data, because biological data were not 

available with sufficient coverage to be used alone. This thesis presents an evaluation the 

MEC for coastal regions, using a widespread dataset of shallow coastal rocky reef fish 

communities. 

 

To make an evaluation of the MEC for shallow rocky reef fish communities, this thesis used 

some existing multivariate techniques in novel ways. The multivariate approach allowed this 

evaluation to be made at the community level, rather than at the level of individual species, 

which is more appropriate for a tool to be used for ecosystem management. Permutational 

Multivariate Analysis of Variance (PERMANOVA, Anderson 2001, McArdle and Anderson 

2001), applied to a matrix of ecological dissimilarities (Bray and Curtis 1957) among sites, 

proved to be a method that could be implemented in a number of different ways in order to 

test a number of specific hypotheses. These analyses clearly illustrate the flexibility of this 

method. PERMANOVA represents an important step for hypothesis testing in ecology, as it 

allows variation in any dissimilarity matrix to be attributed to any ANOVA or linear model, 

including designs that include interaction terms and covariates. Further, the output from the 

method allows calculation of multivariate analogues of two commonly used information 

criteria, AIC and BIC. 

 

The following is a discussion of the results of this evaluation and their implications. I begin 

by indicating as to whether I believe the MEC should be used for shallow coastal regions 

and a discussion as to why the MEC performed as it did. I will then talk about the factors 
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that are known to influence rocky reef fish communities, and formulate a hypothesis 

regarding the nature of spatial variation in these communities at various spatial scales. I will 

then conclude with a discussion of the management implications and a summary of future 

directions for coastal models. 

 

5.2 Overall relevance of the MEC 

 

Three specific biogeographic features were identified in the dataset of rocky reef fish 

assemblages (Figure 3). One of these features, namely the separation of the Kermadec 

Islands from mainland New Zealand reef fish communities, was successfully picked up by 

the broadest-scale level of the MEC. It was clearly represented by the very first two-group 

division of the MEC. However, the distinctiveness of reef communities at the Kermadec 

Islands is well known (Schiel et al. 1986, Francis et al. 1987, Paulin and Roberts 1992, 

1993, Francis 1996), and therefore the usefulness of this division by the MEC is very 

limited.  

 

Beyond this level, the MEC failed to emulate the other two important national-scale patterns 

in reef fish communities identified in the biological data. First, it was clear that a latitudinal 

gradient was the most important direction of variation in reef fish community structure, but 

the MEC, for the most part, did not make partitions along this gradient. Second, a 

biogeographic boundary at East Cape on the east coast of the North Island and south of 

Raglan on the west coast (referred to herein as the ECR boundary) was clearly important for 

reef fish communities. Classes continued to span this boundary for the entire MEC. 

Consequently, after the success of the first few levels, the relevance of the MEC to reef fish 

communities decreased markedly. Thus, the conclusion here is that overall the MEC failed 

to make spatial divisions that, collectively, had strong associations with national-scale 

patterns in shallow coastal reef fish communities.  

 

To elucidate the reasons for the inability of the MEC to identify relevant biological patterns 

in coastal zones, we must examine the methods and the data that were used to build it. The 

New Zealand government contracted the National Institute of Water and Atmospheric 

Research (NIWA) to create the MEC, specifying a multivariate, environment-based 

approach following similar classifications of the river (Snelder and Biggs 2002) and land 
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environments of New Zealand (Leathwick et al. 2003a). Methods for creating classifications 

were reviewed by Snelder et al. (2001b), who concluded that the quantitative, multivariate, 

environment-based required fewer subjective decisions than other methods and provided a 

useful hierarchical framework. These views are shared by Hargrove and Hoffman (2004), 

who used a similar method to classify land environments in the United States.  

 

I suggest the main reason for the MEC lack of concordance with coastal reef fish patterns 

was that some of the data layers used to represent environmental patterns were inappropriate 

for inshore areas. First, as discussed in Chapter 4, the bathymetry layer used to represent 

depth was the most heavily-weighted variable in the environmental dissimilarity matrix with 

which the MEC was built, and therefore has a strong influence on the final classification. In 

a recent analysis of a dataset of demersal fish trawls, which was one of the datasets used to 

select the environmental variables in the MEC, Leathwick et al. (in press) reported that the 

species richness of demersal fish in the New Zealand EEZ was very strongly associated with 

depth, showing its highest values at around 900-1000 m. Indeed, in general terms, depth is 

undoubtedly associated with changes in fish communities in both shallow (Francis 1976, 

Donovan 1998, Brook 2002) and deepwater (Jacob et al. 1998, Francis et al. 2002) 

environments, at a variety of spatial scales, in New Zealand and elsewhere (e.g. Meekan and 

Choat 1997). Depth tends not to have a direct, mechanistic effect, but rather affects 

organisms indirectly through its clear associations with factors such as light, temperature, 

pressure, salinity and the supply of organic matter (e.g. Snelder et al. 2004a, Snelder et al. in 

press).  

 

However, as discussed in Chapter 4, the bathymetry layer used for the MEC may be of an 

inappropriate scale and resolution for the coastal dataset used here. First, all observations in 

this dataset were made using SCUBA and taken mostly from depths shallower than 30 m. 

Incremental changes in depth in inshore areas will therefore be insignificant when compared 

to the magnitude of change that occurs on the scale of the whole EEZ, so that the divisions 

made on the basis of this variable are likely to be unrelated to coastal areas. This is 

countered somewhat by the fact that the variable was square root transformed, though this is 

a relatively mild transformation. Second, depth tends to vary at a much finer spatial scale in 

inshore than in offshore areas. The grid of 1 km
2
 on which the MEC was built has a much 

coarser grain than much of the variation in depth among the sites where the fish assemblages 
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were observed. Finally, there are some inaccuracies in the data used to generate the 

bathymetry layer, particularly in coastal zones (Clinton A. J. Duffy pers. comm.).  

 

In addition, two of the other variable layers, tidal current and orbital velocity, were 

estimated using models with this bathymetry layer as an input. This means that any 

inaccuracies in depth would have been transferred to these other variables. Further, some of 

the other variables used are also known to be inaccurate in shallow coastal areas (Hadfield et 

al. 2002). For example, the model used to produce the variable wave climatology, which 

was also used to model orbital velocity, is an open ocean model and is thought to be 

inaccurate at depths shallower than 50 m. Also, remotely sensed sea surface temperatures 

(SST) may be inaccurate within 1.5 km from the coast due to interference of heat from the 

land. Even so, the general latitudinal gradient in SST, which corresponds to an important 

direction of variation for reef fish assemblages, is clearly evident in the SST variables, 

though this variable may have been overshadowed by the bathymetry layer.  

 

These problems with the data layers are perhaps responsible for the prevalence in the MEC 

of a single, persistent class that spanned a wide range of latitudes. This class was named 

―class 64‖ in many levels of the MEC, and is clearly illustrated in Figure 27. The persistence 

of this class, and the lack of divisions along the latitudinal gradient, may be due to the strong 

influence of depth on the MEC. This meant that across much of the hierarchy of the MEC, 

divisions were made largely on the basis of depth at the expense of other layers. Some of 

these other layers may be more closely related to biological variation in shallow rocky reef 

fish communities, such as SST, which is largely correlated with latitude. 

 

The relative importance of environmental factors for determining biological patterns in 

inshore and offshore waters are likely to be different. For example, Francis (1996) reported 

that latitude was the most important explanatory variable for inshore fish assemblages at 

depths of 0-60 m, but also stated that latitude becomes less important for assemblages as 

depth increases. This is directly relevant to the present evaluation. The variables used in the 

MEC were selected and weighted on the basis of their ability to discriminate biological 

pattern across a large area of ocean surrounding New Zealand (Snelder et al. in press), an 

area far greater than the shallow coastal region that was examined here. Indeed, the primary 

objective of the MEC was to provide a classification for use on the scale of the entire EEZ. 

If the relative importance of physical factors for driving biological pattern in inshore and  
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Figure 27  MEC level 18, showing the prevalence of MEC class 64 which covers the majority of coastal areas, 

shown here in red. 
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offshore waters is different, then one should be extremely wary of generalising an offshore 

classification to inshore areas. The results of this thesis suggest that the variables selected, 

and their weights, severely limit the ability of the MEC to relate to biological patterns in 

coastal rocky reef fish communities.  

 

In sum, Stevens and Connolly (2004) observed that ―little confidence can be placed in 

marine habitat classifications based solely or largely on abiotic surrogates without 

calibration by rigorous biological surveys at the appropriate scale‖. Calibration of the MEC 

was done for a large area of ocean, of which shallow coastal regions are a small and distinct 

subset, and the MEC was built using environmental variables that were not accurate, nor 

perhaps appropriate, for coastal environments. Consequently, it appears that little confidence 

can be placed in this classification for shallow coastal reef fish communities and, perhaps, 

for coastal biota in general. This is true despite the fact that the intended purpose of the 

MEC was indeed for management of all marine environments within its scope, due to its 

hierarchical nature. 

 

If the MEC were to be used for shallow coastal regions, then the levels of the MEC that are 

best supported by the present reef fish dataset are 2, 10, 60, 77, 120 and 205 (number of 

groups of sites, k = 2, 5, 21, 24, 32 and 43, respectively). These classification levels were 

consistently recommended as being more informative than other levels within the MEC 

hierarchy by a variety of different analyses presented in this study.  

 

5.3 Spatial patterns in reef fish communities 

 

This thesis focused on the evaluation of the MEC. Exploration of the spatial patterns in the 

reef fish data was done in order to aid this evaluation, but an examination of the factors that 

drive these patterns is not provided here. This will be the focus of future work. I will outline, 

however, the major patterns in rocky reef fish communities revealed in this dataset, at 

various spatial scales, in order to make some recommendations for the classification of 

coastal systems.  

 

Last century, there was debate on whether variation in biological communities is discrete, 

where communities are spatially distributed together as units, or whether it is continuous, 
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where the distributions of individual species vary more independently of each other (e.g. 

Braun-Blanquet 1932, Hanson 1958, Whittaker 1972). On the subject of continuous 

patterns, Whittaker (1975) wrote that ―the broad overlap and scattered centres of species 

populations along a gradient imply that most communities intergrade continuously along 

environmental gradients, rather than forming distinct, clearly separated zones‖ (quoted in 

Austin 1985).  

 

Continuous variation implies that the points or boundaries to which the spatial distribution 

of species is constrained are highly variable among species, whereas discrete variation 

implies that many species share common boundaries. At discrete boundaries, a sharp 

transition zone, or ―ecotone‖ (di Castri et al. 1988, Ray 1991), exists between adjacent 

communities. As noted by Wright and Li (2002), the degree to which variation in a group of 

community samples is discrete or continuous can be appreciated from the degree to which 

samples are aggregated into groups in an ordination of the communities.  

 

This concept of a dichotomy between continuous and discrete spatial variation has been 

discussed extensively in relation to vegetation patterns (e.g. Austin 1985, Shipley and 

Keddy 1987, Austin and Smith 1989, Scott 1995). However, few studies explicitly address 

how these patterns might change with the scale of observation (but see Wright and Li 2002). 

Further, there has been very little discussion on this topic by reference to marine 

communities. Some exceptions are the studies of small-scale vertical zonation in intertidal 

communities (e.g. Connell 1972, Lubchenco 1980, Santelices 1990, Peterson 1991, Dethier 

1994), although many of these focus on a few, dominant species.  

 

The observation of sharp ecotones is dependent on the scale of observation; in a single 

ecosystem, compositional variation can be continuous at some spatial scales and discrete at 

others. This was acknowledged by Wright and Li (2002) in a study of environmental 

gradients in streams: ―different factors, perhaps influencing stream communities, may be 

continuous or patchy depending on spatial scale‖. From this viewpoint, I will now discuss 

the structure of the variation in reef fish communities at three spatial scales.  

 

In coastal reef systems, some distinct ecotones may exist at fine spatial scales, of between 

one and tens of metres, due to marked changes in microhabitat (see Jones 1988). For a start, 

the transition between hard rocky reefs and soft sandy substrates often occurs at very distinct 
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locations in space, and these support different floras and faunas. Rocky reef systems contain 

a number of microhabitats exhibiting small-scale patchiness, attracting descriptors such as 

―mosaic‖ (Sousa 1979, 1984, Underwood et al. 1991). For example, the strong presence of 

two types of microhabitat on temperate rocky reefs, those dominated by macroalgae (kelp 

forests) and those dominated by mobile invertebrates and crustose red algae (urchin 

barrens), is well established (Choat and Ayling 1987, Jones and Andrew 1990, Underwood 

et al. 1991, Anderson and Millar 2004). A wealth of studies link reef fish communities to 

habitat type in New Zealand (e.g. Choat and Ayling 1987, Jones 1988, Anderson and Millar 

2004, Roberts et al. 2005) and on temperate reefs elsewhere (Underwood et al. 1991, Levin 

1993, Tupper and Boutilier 1997, García-Charton and Pérez-Ruzafa 1998, Aburto-Oropeza 

and Balart 2001, García-Charton et al. 2004). Although the resolution of the reef fish dataset 

used in this thesis was too coarse to examine variation at small spatial scales (because 

observations were pooled across each individual dive), habitat differences are very likely to 

create small-scale ecotones (at the scale of metres to hundreds of metres) in reef fish 

assemblages.  

 

On the other hand, variation in the reef fish dataset appears to be mostly continuous at 

intermediate scales of hundreds of metres to hundreds of kilometres. This is evidenced by 

the general lack any obvious aggregations of sites into clusters in the ordination of reef fish 

communities, within the broad-scale groups delineated by the KNS model (Figure 3). This 

suggests that the distributions and boundaries of each species may vary more independently 

of one another at these scales, creating a gradient of community change with few distinct 

ecotones. Note that this does not imply that community structure is necessarily 

homogeneous among areas at this spatial scale; many studies, including this one, indicate 

the contrary (e.g. Choat and Ayling 1987, Jones 1988, Francis 1996). Rather, I suggest that 

changes in community structure occur gradually, rather than abruptly, at this spatial scale. 

Exceptions to this include two offshore island groups, the Poor Knights and Three Kings 

Islands, whose assemblages appeared fairly distinct in the present dataset, as has been noted 

elsewhere (Brook 2002). Habitat may also be important at this intermediate spatial scales, as 

reef fish distributions have been linked to the prevalence of particular habitat types at 

locations (Choat and Ayling 1987, Jones 1988). In addition, important environmental factors 

include water temperature, exposure and salinity (Brook 2002), plus biotic factors such as 

the distribution of prey populations and recruitment and dispersal processes (Jones 1988).  
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Two recent regional studies of New Zealand reefs explicitly sought evidence of particular 

biogeographical boundaries at intermediate scales. First, a study by Roberts et al. (2005) 

examined fish assemblages across a 500 km stretch of the west coast of the South Island. 

They found a ―broad region of biogeographic transition, rather than sharp discontinuity or 

boundary‖ in southern Westland. Second, a study which covered 300 km of coast in the East 

Cape region (Roberts and Stewart 2006), which is a known biogeographical boundary 

(Moreland 1959, Moore 1961, Knox 1965, Paulin and Roberts 1993, Nelson 1994, Francis 

1996, 2001), failed to detect a distinct boundary at this scale. This further illustrates the 

dependency of spatial pattern on the scale of observation.  

 

At large spatial scales, a discrete biogeographic boundary at East Cape is clear in the reef 

fish data in the context of national-scale patterns, as illustrated by the ordination plot (Figure 

3). The boundary is also clear between Raglan and northern Taranaki. These boundaries 

have been used in other biogeographic papers (e.g. King et al. 1985) to define the Aupourian 

province. On the east coast, waters north of East Cape are influenced by the East Auckland 

Current, which carries waters from the Tasman Front (Stanton 1981) that are warmer than 

those south of East Cape. The biogeographic boundary at East Cape, which Roberts and 

Stewart (2006) failed to locate in an intermediate-scale study, is relatively discrete in the 

present dataset. This suggests that this boundary is only well-defined when compared to the 

spatial gradients of community change across the whole country, illustrating the point that 

perception of boundaries is scale-dependent. On the west coast, the biogeographic boundary 

of the Aupourian province is less clearly defined and is probably more of a gradual 

transition. The local current systems do not offer a clear boundary, with the East Auckland 

Current from the north and the Westland Current from the south converging somewhere on 

the western side of the Auckland Peninsula (Knox 1960).  

 

Large-scale biogeographic boundaries also separate communities of reef fish on different 

island groups in the New Zealand archipelago. The main island groups of New Zealand are 

separated by hundreds of kilometres (see Figure 33 in Appendix V). With regard to coastal 

biogeography, this separation is associated with very distinct changes in fauna and flora. 

While there is a large area of space between these groups, there are no transitional 

communities between them because of the absence of shallow reef between islands, 

resulting in clear, spatially discrete changes in community structure. 
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Changes in communities among island groups can be caused by variation in environmental 

conditions, particularly when the separation is across a wide latitude. This is particularly 

true of the Kermadec Islands. Waters here are much warmer than those of the North and 

South Islands, ranging from 18°C in winter to 24°C in summer (Francis and Nelson 2003). 

Reefs here maintain communities that are very different to other parts of the country, with a 

high degree of endemism and a mixture of temperate, subtropical and tropical species 

(Francis et al. 1987, Paulin and Roberts 1992, 1993, Francis 1996, Francis and Nelson 

2003). 

 

The biota found on reefs at the Chatham Islands is considered to be strongly affected by the 

geographic isolation of this group (Schiel and Hickford 2001). The biota is characterised by 

southern and northern species because of its position on the subtropical convergence (Schiel 

and Hickford 2001). Reef fish assemblages here are not very distinctive in composition 

(Francis 1996), but distinctive and diverse communities for other taxa are reported (Schiel et 

al. 1995, Schiel 2003). 

 

Generally speaking, the diversity of reef fish fauna decreases from north to south (Francis 

1996) and, in accordance with this, reef communities found at the subantarctic islands 

contain few species. Most of the species that are found at the Auckland and Campbell 

Islands are a subset of subantarctic species that are found elsewhere in New Zealand 

(Kingsford et al. 1989, Francis 1996). These reef fish communities can be considered 

relatively distinct from those of southern South and Steward Islands, due to their relatively 

depauperate status (Kingsford et al. 1989). Other taxonomic groups, however, are diverse 

and distinct in the subantarctic islands. For example, the diversity of subtidal invertebrate 

assemblages are reported to be around 25% higher there than in the Hauraki Gulf 

(Department of Conservation 2006). Accordingly, Dell (1962) remarked that ―there seems 

little doubt that there is a well-defined faunal break between the southern islands of New 

Zealand (Campbell, the Aucklands, Bounties and Antipodes) and the New Zealand mainland 

(including the Snares)‖.  

 

In summary, the nature of the spatial variation in biological communities depends on the 

spatial scale of observation. In shallow rocky reef fish assemblages in New Zealand, I 

suggest that variation occurs in a continuous fashion at intermediate spatial scales of 

hundreds of metres to hundreds of kilometres. At scales finer than this, fish communities 
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may show discrete patterns of variation related to small-scale habitat selection. Abrupt 

changes in community structure occur at broader scales, such as those between island groups 

that are geographically and environmentally separated. In addition, there is evidence for at 

least one large-scale biogeographic boundary along a contiguous coastline due to 

oceanographic influences, located at East Cape.  

 

5.4 Categorical and continuous models 

 

This project raises some interesting questions about the use of spatial classifications for 

large-scale management of communities. In particular, the concept of discrete and 

continuous spatial pattern has direct and important implications for the creation and use of 

classifications for coastal conservation management.  

 

Ecosystems contain almost infinite variation, arranged in a hierarchy of spatial and temporal 

scales from microscopic to global (Urban et al. 1987). A model is a simplification of reality, 

and no model can fully explain all of the inherent variation in an ecosystem. Nevertheless, it 

is important that a classification, as a spatial model of an ecosystem, provides a simplified 

but adequate and accurate description of the key spatial patterns that are important for the 

scale at which it is intended to be used. 

 

As discussed in the previous section, the spatial patterns in an ecosystem can vary according 

to the spatial scale of observation. I have described how the spatial variation in coastal reef 

fish communities can change gradually at some scales and more discretely at others. In the 

present context, a classification is a spatially-explicit categorical model of an ecosystem. In 

such a model, change occurs only at the boundaries between classes, and no distinction is 

made within classes, i.e. they are treated as homogeneous (e.g. Faith and Walker 1996). 

Applying such a model to ecosystems at scales where variation occurs gradually will not 

provide an accurate picture of the true patterns.  

 

In the present case, variation of the reef fish communities was predominantly continuous at 

the scale examined. At very large scales, some boundaries were noted and almost certainly 

exist, such as those between island groups and the ECR boundary. However, there was little 

evidence for the presence of other distinct boundaries along the coast of the North and South 
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Islands. Indeed, Dell (1962) questioned the distinctiveness of some of the earliest 

biogeographic boundaries used to divide the New Zealand coast into provinces (Moore 

1949, Powell 1961). Therefore, one should not view a classification of New Zealand 

coastline at this scale as the recognition of truly distinct and homogeneous groups; rather, it 

is a partitioning of a continuum of community variation. If this is the case, then both the 

number of partitions and their placement around the coast is somewhat arbitrary.  

 

A problem with classifications in this context is that they are easily misunderstood or 

misinterpreted. Multivariate classifications are generally built using some method of cluster 

analysis. Most of these methods produce groups of objects even if such groups are not 

actually distinct from one another (Gordon 1994, Pillar 1999, Hunter and McCoy 2004). In 

other words, they partition a continuum. In some cases, each class can be mistakenly 

considered to be internally homogeneous and distinct from other classes, a view which may 

simply be incorrect. Therefore, if a classification is to be used, particularly in the absence of 

true grouping structure, then it is essential that the users have an understanding of its origin 

and how it relates to the underlying distinctiveness (or not) of community pattern. This will 

also help users have a more realistic expectation of the utility of a classification (Snelder et 

al. 2001b). 

 

The alternative to a categorical model is a continuous model. Continuous models are not 

restricted by boundaries or categories, and every observational unit is allowed to vary 

independently of the others. Using relevant environmental variables, this framework applied 

to the coastline could provide a much more accurate description of coastal biological 

patterns at relevant scales. Faith and Walker (1996) favoured continuous models for 

biodiversity applications, and commented that the use of categorical classifications results in 

important information being lost because the model makes no distinction within classes. 

Accordingly, Somerfield et al. (2002) recently reported a large increase in power when 

using regression models as opposed to categorical ANOVA models along ecological 

gradients.  

 

While a continuous model has more power to describe biological pattern in the presence of 

real gradients, its utility as a management tool is also limited. One of the major functions 

that is required of a marine classification is to provide spatial units for management and 

state of environment reporting (Snelder et al. 2004a). This cannot be done on the basis of a 
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continuous model. However, another major intended function for the MEC was to assist 

with establishing a network of Marine Protected Areas (MPAs), specifically to protect a full 

range of representative ecosystems and also areas of unique biological character (see 

Anonymous 2005). A continuous model is not only compatible with this purpose, it is more 

appropriate than a classification with arbitrarily-placed boundaries (Faith and Walker 1996). 

For instance, if the classes of a given level of a classification are assumed to be internally 

homogeneous, only one area from each class needs to be protected, even though the number 

of classes and the placement of the boundaries can be entirely arbitrary (Orians 1993). For 

this and other reasons, the use of continuous models as opposed to classifications for the 

purposes of reserve selection, and biodiversity protection in general, was advocated by Faith 

and Walker (1996).  

 

Therefore, the two objectives require two different modelling frameworks: one categorical 

model based on biogeographic provinces for management units, and one continuous model 

to describe biological pattern more accurately for biodiversity applications. For the former, 

the island groups and the ECR boundary provide a biologically meaningful basis for broad-

scale bioregions. The difficulty is that biological variation in reef fish communities appears 

continuous at intermediate spatial scales, and this includes the regional scale at which 

management units are required. Managers may have to accept that any regional-scale 

division of the coastline will generally, perhaps unavoidably, be arbitrary.  

 

5.5 Potential for coastal classifications 

 

It is clear that the EEZ-scale MEC is not appropriate for coastal zones. It seems unlikely that 

a classification produced by a single process can adequately describe both coastal and 

offshore biological pattern, given that the factors driving biological patterns are likely to be 

very different for coastal versus offshore zones. For example, depth was the most important 

explanatory variable for predicting demersal fish assemblages on the scale of the EEZ 

(Francis et al. 2002), whereas a latitudinal gradient appears to be the most important 

predictor for reef fishes, as indicated by the present dataset and a study by Francis (1996), 

who also pointed out that latitude becomes less important as depth increases. Also, spatial 

biological patterns are likely to vary at entirely different scales in inshore and offshore 

zones. Therefore, a separate spatial model of coastal New Zealand is required. 
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Accordingly, work is underway by the Department of Conservation (DOC) and the Ministry 

of Fisheries (MFish) to produce a qualitative, rule-based classification scheme for the New 

Zealand marine environment (Ann McCrone pers. comm.), as prescribed by the Marine 

Protected Areas (MPA) Policy and Implementation Plan (Anonymous 2005). The scheme 

divides the environment into inshore and offshore zones, according to the 12 nautical mile 

limit or 200 m depth (whichever is furthest from shore). In the offshore zone, the 20-class 

MEC is used. For inshore, a hierarchical, rule-based classification was created on the basis 

of expert opinion. It first divides the coast into biogeographic regions. These regions are 

then partitioned according to three qualitative ‗environmental drivers‘, and then within this 

on habitat factors. This approach has the advantage of simplicity and thus is easily 

communicated to users. However, the disadvantage is the degree of subjectivity, and that it 

does not use quantitative information known to correlate with biological pattern. For 

example, latitude is a close correlate with coastal reef fish community structure, but is not 

explicitly used in this scheme. Nonetheless, the resulting classification will certainly be a 

useful tool, particularly for (a) providing a comprehensive inventory of a variety of coastal 

habitats, including estuaries, and (b) filling the role of a framework for the delineation of 

management units and state of environment reporting. Once complete, the utility of this 

qualitative classification for explaining biological pattern needs to be evaluated and the 

results compared with any other proposed classifications. 

 

The MEC also included a separate, regional-scale classification of the Hauraki Gulf with a 

finer resolution of 200 m
2
 pixels (Snelder et al. 2004a). The creators tested this classification 

using two datasets: one of fish trawls and one of invertebrate samples (Leathwick et al. 

2004). The results for this test indicated that this regional scale was a fairly poor surrogate 

for biological patterns, attaining ANOSIM global R values that did not exceeded 0.25 and 

0.35, respectively. A test of environmental variables as surrogates for biological patterns at a 

similar spatial scale to this in Morton Bay, Australia, indicated that less than 30% of 

biological pattern could be explained in this way (Stevens and Connolly 2004).  

 

This does not necessarily imply that the general approach used to produce the MEC cannot 

be successful for coastal regions at the national scale. Indeed, this method coupled with 

more appropriate variables and a finer resolution than the 1 km
2
 grid could potentially 

produce successful classifications for coastal zones. The approach of using multivariate 
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analyses of biologically-significant variables has a significant advantage over other more 

qualitative methods in that it is more objective, requiring fewer assumptions about the 

relative importance of different factors (Snelder et al. 2001b). The difficulty is sourcing 

accurate and relevant variables, though some recent progress has been made on this front. 

Two current reports by Leathwick et al. (in review-a, in review-b) outline two new 

developments regarding the MEC. These new developments are centred around the 

production of four new environmental data layers with particular relevance to demersal fish 

distributions, namely dissolved organic matter, suspended particulate matter, estimated 

temperature at the sea floor and estimated salinity at the sea floor (Pinkerton et al. 2005, 

Pinkerton and Richardson 2005). These variables are either known or suspected to be 

associated with fish distributions (Leathwick et al. in review-a).  

 

The first report describes the addition of these new variables to the original variables to 

build a revised version of the MEC at the EEZ scale, which is specifically optimised for 

demersal fish and excludes coastal zones. A large dataset of research trawls for demersal 

fish on the continental shelf, upper slope and seamounts surrounding New Zealand, at 

depths shallower than 1950 m exists (Francis et al. 2002). Like the original MEC, this 

dataset was used to both tune and test new version of the MEC (Leathwick et al. 2004, 

Snelder et al. 2004a, Snelder et al. in press). Perhaps not surprisingly, the newer version that 

included the new variables was considerably more successful than the original at 

discriminating variation in demersal fish communities.  

 

The second step was more interesting, and used the demersal fish dataset more directly 

(Leathwick et al. in review-b). The catch probability and weight of 122 species were 

modelled individually using the environmental variables. These models were then used to 

create predicted distribution maps for each species. Combining the species maps gave a 

predicted community for each pixel of the 1 km
2
 grid. Finally, a classification was built by 

calculating a Bray-Curtis dissimilarity matrix for the predicted communities and applying a 

cluster analysis to this matrix. This model-based method produced a classification that 

performed better at discriminating patterns in the same demersal fish communities than both 

the original and subsequent versions of the MEC.  

 

This method shows strong potential as a more direct way to utilise biological and 

environmental data. It could be used to combine environmental variables with coastal rocky 
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reef fish datasets (such as the one used in this thesis) to produce a more robust coastal 

classification, provided that the predictor variables had sufficient coverage, accuracy and 

relevance to biological patterns. The models could also be combined to provide a continuous 

spatial model of fish communities that could be used for biodiversity management. If this 

approach was successful for the classification of coastal regions, it would be highly 

defensible – basing a classification on explicit models of mensurative biological data is a 

scientifically attractive method. In addition, there would be a significant incidental benefit of 

improved understanding of the patterns and processes underlying the distributions of 

important individual reef fish species. Note that use of the present dataset alone would be 

limited by the fact that the Chatham and subantarctic islands, along with large portions of 

the coastline, are not represented. The islands represent important and distinct environments 

(Paulin and Roberts 1993, Department of Conservation 2006), although the reef fish fauna at 

the subantarctic islands is known to be relatively depauperate, they include some endemic 

species and is dominated by a family of fishes (the Notothenids) that are rare or uncommon 

around mainland New Zealand. 

 

In conclusion, if the goal is to classify the New Zealand marine environment to assist with 

biodiversity management, then ensuring that such a classification adequately represents 

biological patterns is imperative. The current EEZ-scale MEC is clearly an insufficient 

framework for the classification of New Zealand‘s coasts, and a separate inshore framework 

is required. I have discussed three potential ways by which this void can be filled. The first 

is a qualitative classification that is currently in production by DOC and MFish. Second, the 

original environmental data layers of the MEC plus four new layers may be used to create a 

new quantitative coastal classification. Third, predictive spatial models of individual reef 

fish distributions can be used to predict community-level spatial patterns, which can then be 

used to build a classification that is biologically more robust (sensu Leathwick et al. in 

review-b).  

 

Reef fish should be a central consideration for any coastal classification, because 

populations of a number of large reef fishes have been depleted by over-fishing by humans 

(e.g. Turner et al. 1999), and reef fish are a central component of the marine ecosystem as 

herbivores and predators (Jones 1988, Cole 1999, Shears and Babcock 2002). Due to their 

broad spatial coverage and the consistent method used to obtain them, the reef fish data used 
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in this thesis are a useful resource which may be further used to guide and evaluate future 

coastal models and explore national-scale biological patterns.  

 

5.6 Conclusions 

 

1. The MEC showed little relevance to patterns in coastal reef fish communities. A likely 

explanation is that the classification was based on variables that are inaccurate and 

inappropriate for coastal regions.  

2. The nature of spatial variation in community structure and, in particular, whether it be 

discrete or continuous, is scale-dependent. Discrete patterns may exist for reef fish 

communities at fine spatial scales, due to mosaic-like patterns of habitats. Discrete 

biogeographical boundaries exist between island groups that are widely separated, and at 

the East Coast-Raglan boundary. At intermediate spatial scales (hundreds of metres to 

hundreds of kilometres), community change appears to occur gradually. This is 

potentially problematic because these are precisely the spatial scale at which bioregional 

categories are most required for management purposes.  

3. We should be wary of using categorical models for data that does not contain clear 

grouping structure, as the number and placement of partitions is largely arbitrary. 

Categorical models are generally necessary as a framework for management units. 

However, continuous models can provide a better description of reef fish community 

patterns at relevant spatial scales, and should therefore be used for purposes of the 

selection of Marine Protected Areas (MPAs) and management of reef fish biodiversity. 

Such models may also be used as the basis upon which to develop more meaningful 

classifications. 

4. Models of New Zealand‘s coastal environment with biological relevance are required. 

Three approaches were identified here: (1) a qualitative classification, as is currently in 

production by the MPA Policy Implementation Team, (2) new environmental variables 

can be added to the original variables to produce a new, coastal MEC, and (3) these new 

variables may be used to make predictive models of the distributions of individual reef 

fish species, overlay them, and produce a more robust biological classification and a 

continuous community model. 

5. The reef fish dataset used in this thesis is a useful resource that can be used to evaluate 

newly-proposed classifications and models of New Zealand‘s coastal environment. 
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Appendix I   

 

Extracting MEC values for sites 

 

Overlaying the data 

 

Extracting the values of the Marine Environment Classification (MEC) data, both the 

classification itself and the underlying variables, for the positions of the fish sites was an 

essential first step for all analyses in this thesis. The process was not straightforward, and 

many problems were encountered on the way.  

 

The first step was to put the two datasets, i.e. the MEC and the fish sites, into a GIS software 

package. The MEC data in which I was most interested was supplied as grid files, in both 

ESRI and ASCII format. A grid file is where a geographic area is partitioned into equal-

sized squares, and each of these squares is assigned a value. In the case of the exclusive 

economic zone-scale MEC, the squares are 1 km × 1 km in size. I used the ESRI grid files 

and the program ArcView 3.3 with the extension Spatial Analyst to access the spatial 

information of the MEC and fish data.  

 

Several coordinate systems (projections) exist for encoding geographic information and, 

because the two data were provided to me in different projections, I had to convert them to 

the same system so that they were superimposed before the extractions could be made. The 

projection used for the MEC data was the following (Dey and Weatherhead 2004): 

Projection = Mercator  

Central Meridian = 100 

Standard Parallel = -46 

False Easting = 0 

False Northing = 0 

Spheroid/Datum = Clarke 1866,  

The fish sites were provided in the New Zealand Transverse Mercator Projection (NZTM), 

which had the following attributes:  

Datum = New Zealand Geodetic Datum 2000 
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Origin Latitude = 0South 

Origin Longitude = 173East 

False Northing = 10 000 000m N 

False Easting = 1 600 000m E 

Scale Factor = 0.9996 

 

To convert the coordinates of the sites so that they matched the MEC projection, I used the 

ArcView 3.3 Geoprocessing Wizard extension. This program did not contain the 

information for the NZTM projection, so two steps had to be used. First, the coordinates 

were converted from NZTM to ―UTM zone 58 S on World Geodetic System 84‖ using the 

open source program Concord2 (Cook 2005). Using the resulting coordinates, the sites were 

entered into ArcView 3.3 and converted into a shapefile. ArcView‘s Geoprocessing Wizard 

was then used to convert this shapefile into the Clarke 1866 datum projection. Having 

completed these steps, the fish sites could be overlaid upon the MEC grids, the new 

coordinates could be ascertained and the extractions could begin.  

 

The extraction process 

 

The extractions were made using an extension to ArcView called SPAS, written by Price 

and Overton (unpubl. software), which has a function that returns the values for positions in 

a file that contains XY coordinates. The first attempt at extracting the values of the 290-class 

MEC grid for the fish sites returned a large proportion of missing values. It appeared that 

due to the relatively coarse grain of the MEC (1 km
2
) and since most of the sites are very 

close to the shore, the MEC coverage missed a large proportion of them. Of the 452 sites, 

234 (52%) were assigned values directly from the grid.  

 

I used two methods to populate some of the missing values. The first was to convert the grid 

into a shape file, which essentially smoothes the grid file into polygons. Using the join table 

function in ArcView, I then extracted the MEC values for those sites that did overlay on the 

shape file and not the grid file. This added values for a further 29 sites. For the remaining 

unpopulated sites I assigned to them the grid value of the grid cell that was closest, provided 

that (a) the grid cell was not more than 1000 metres across water from the site and (b) there  
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Figure 28  Showing the coarse grain of the MEC and demon- 

strating how sites can be missed, resulting in missing values. 

 

was not a significant land mass between them. This method brought the overall coverage to 

439 sites (97%). The 13 remaining sites were considered too far removed from the 

classification by the above criteria, and were excluded from the analysis.  

 

Once the values for the 290-class level of the classification were extracted, the values for all 

subsequent levels, i.e. from 289 to 2 classes, were able to be determined from lookup tables 

provided with the classification. 

 

This study evaluates the MEC only for coastal fish ecology, and thus all the sites are in 

shallow coastal environments. This, and the fact that the coastal coverage of the fish data is 

not comprehensive, only a fraction of the classes are represented in the fish data at any given 

level of the MEC. For the whole MEC, there are 290 different levels at which the 

classification can be observed. Many of these levels of classification are exactly the same 

for the fish sites, as a result of their limited coverage. When the redundant levels of 

classification are removed, a subset of 46 remain. The largest number of MEC classes that 

are represented by the fish sites is 47 by MEC level 230. 
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Appendix II     

 

Species included in and excluded from the reef fish data 

 

 

Table 6 (continued over page) The species included in the fish community data, with order, family, common 

name and the number of sites out of 439 at which it was observed. 

    
 
    No. sites 
Order Family Species Common name occupied 

   

  
     
Myxiniformes Myxinidae Eptatretus cirrhatus Hagfish 8 
     
Squaliformes Squalidae  Squalus acanthias Spiny dogfish 4 
     
Carcharhiniformes Scyliorhinidae Cephaloscyllium isabellum Carpet shark 5 
Carcharhiniformes Triakidae Galeorhinus galeus School shark 3 
Carcharhiniformes Carcharhinidae Carcharhinus brachyurus Bronze whaler shark 3 
Carcharhiniformes Carcharhinidae Carcharhinus galapagensis Galapagos shark 7 
     
Rajiformes Dasyatidae Dasyatis brevicaudata Short-tailed stingray 35 
Rajiformes Dasyatidae Dasyatis thetidis Long-tailed stingray 13 
Rajiformes Myliobatidae Myliobatus tenuicaudatus Eagle ray 31 
     
Anguilliformes Muraenidae Enchelycore ramosa Mosaic moray 14 
Anguilliformes Muraenidae Gymnothorax nubilus Grey moray 35 
Anguilliformes Muraenidae Gymnothorax obesus Speckled moray 14 
Anguilliformes Muraenidae Gymnothorax prasinus Yellow moray 44 
Anguilliformes Muraenidae Gymnothorax porphyrus  4 
Anguilliformes Muraenidae Gymnothorax prionodon Mottled moray 2 
Anguilliformes Congridae Conger verreauxi Common conger eel 80 
Anguilliformes Congridae Conger wilsoni Northern conger eel 12 
     
Aulopiformes Synodontidae Synodus doaki Red lizardfish 3 
Aulopiformes Synodontidae Synodus similis Lavender lizardfish 4 
     
Gadiformes Moridae Lotella phycis Beardie 1 
Gadiformes Moridae Lotella rhacinus Rock cod 143 
Gadiformes Moridae Pseudophycis bachus Red cod 6 
Gadiformes Moridae Pseudophycis barbata Southern bastard cod 21 
Gadiformes Moridae Pseudophycis breviuscula Northern bastard cod 2 
     
Beloniformes Hemiramphidae Hyporhamphus ihi Garfish 14 
     
Beryciformes Trachichthyidae Optivus elongatus Slender roughy 137 
Beryciformes Trachichthyidae Paratrachichthys trailli Common roughy/sandpaper fish  36 
Beryciformes Holocentridae Pristilepis oligolepis Spinyface soldierfish 1 
Beryciformes Berycidae Centroberyx affinis Golden snapper 29 
     
Syngnathiformes Aulostomidae Aulostomus chinensis Trumpetfish 3 
Syngnathiformes Syngnathidae Hippocampus abdominalis Seahorse 8 
Syngnathiformes Syngnathidae Stigmatopora macropterygia Long-snouted pipefish 3 
Scorpaeniformes Scorpaenidae Pterois volitans Red lionfish 6 
Scorpaeniformes Scorpaenidae Helicolenus percoides Sea perch 40 
Scorpaeniformes Scorpaenidae Scorpaena cardinalis Northern scorpionfish 44 
Scorpaeniformes Scorpaenidae Scorpaena cookii Cook’s scorpionfish 8 
Scorpaeniformes Scorpaenidae Scorpaena papillosus Dwarf scorpionfish 142 
Scorpaeniformes Scorpaenidae ?Scorpaenodes scaber ?Pygmy scorpionfish 1 
Scorpaeniformes Congiopodidae Congiopodus leucopaecilus Southern pigfish 7 
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Table 6 (cont.)    
   

 
    No. sites 
Order Family Species Common name occupied 

   
 
Perciformes Serranidae Acanthistius cinctus Yellowbanded perch 11 
Perciformes Serranidae Aulacocephalus temmincki Gold-ribbon grouper 8 
Perciformes Callanthiidae Callanthias australis Northern splendid perch 12 
Perciformes Serranidae Caesioperca lepidoptera Butterfly perch 191 
Perciformes Serranidae Caprodon longimanus Pink maomao 60 
Perciformes Serranidae Epinephelus daemelii Spotted black grouper 19 
Perciformes Serranidae Hypoplectrodes huntii Red-banded perch 61 
Perciformes Serranidae Hypoplectrodes sp.A Eyebrow perch 1 
Perciformes Serranidae Hypoplectrodes sp.B Half-banded perch 57 
Perciformes Serranidae Trachypoma macracanthus Toadstool grouper 14 
Perciformes Apogonidae Apogon doederleini Doederlein's cardinalfish 1 
Perciformes Carangidae Decapterus koheru Koheru 65 
Perciformes Carangidae Decapterus muroadsi Amberstripe scad 2 
Perciformes Carangidae Pseudocaranx dentex Trevally 65 
Perciformes Carangidae Seriola lalandi Kingfish 96 
Perciformes Carangidae Seriola rivoliana Almaco jack 1 
Perciformes Carangidae Trachurus sp. Jack mackerel 47 
Perciformes Arripidae Arripis trutta Kahawai 35 
Perciformes Arripidae Arripis xylabion Northern/Kermadec kahawai  6 
Perciformes Emmelichthyidae Plagiogeneion rubiginosus Rubyfish 1 
Perciformes Sparidae Pagrus auratus Snapper 85 
Perciformes Mullidae Upeneichthys lineatus Goatfish 154 
Perciformes Mullidae Parupeneus ciliatus Whitesaddle goatfish 1 
Perciformes Mullidae Parupeneus spilurus Black-spot goatfish 8 
Perciformes Mullidae Mulloidichthys vanicolensis Yellow goatfish 1 
Perciformes Pempheridae Pempheris adspersa Bigeye 83 
Perciformes Pempheridae Pempheris analis Bronze sweeper 8 
Perciformes Kyphosidae Atypichthys latus Mado 22 
Perciformes Kyphosidae Scorpis lineolatus Sweep 179 
Perciformes Kyphosidae Scorpis violaceus Blue maomao 110 
Perciformes Kyphosidae Kyphosus bigibbus Grey drummer 9 
Perciformes Kyphosidae Kyphosus sydneyanus Silver drummer 23 
Perciformes Kyphosidae Girella cyanea Bluefish 22 
Perciformes Kyphosidae Girella tricuspidata Parore 26 
Perciformes Kyphosidae Girella fimbriata Caramel drummer 4 
Perciformes Kyphosidae Bathystethus cultratus Grey knifefish 3 
Perciformes Kyphosidae Labracoglossa nitida Blue knifefish 9 
Perciformes Chaetodontidae Amphichaetodon howensis Lord Howe coralfish 27 
Perciformes Chaetodontidae Forcipiger flavissimus Longnose butterflyfish 1 
Perciformes Cirrhitidae Notocirrhitus splendens Splendid hawkfish 3 
Perciformes Pentacerotidae Paristiopterus labiosus Giant boarfish 3 
Perciformes Pentacerotidae Zanclistius elevatus Long-finned boarfish 13 
Perciformes Pentacerotidae Evistias acutirostris Striped boarfish 2 
Perciformes Pomacentridae Chromis dispilus Demoiselle 133 
Perciformes Pomacentridae Chromis hypsilepis Single-spot demoiselle 2 
Perciformes Pomacentridae Chrysiptera rapanui Easter Island damselfish 8 
Perciformes Pomacentridae Parma alboscapularis Black angelfish 69 
Perciformes Pomacentridae Parma kermadecensis Kermadec scalyfin 7 
Perciformes Pomacentridae Stegastes fasciolatus Pacific Gregory 6 
Perciformes Chironemidae Chironemus marmoratus Hiwihiwi/kelpfish 67 
Perciformes Aplodactylidae Aplodactylus arctidens Marblefish 173 
Perciformes Aplodactylidae Aplodactylus etheridgii Notch-head marblefish 16 
Perciformes Cheilodactylidae Cheilodactylus ephippium Painted moki 12 
Perciformes Cheilodactylidae Cheilodactylus francisi Morwong sp. 3 
Perciformes Cheilodactylidae Cheilodactylus nigripes Magpie morwong 6 
Perciformes Cheilodactylidae Cheilodactylus spectabilis Red moki 209 
Perciformes Cheilodactylidae Nemadactylus douglasii Porae 84 
Perciformes Cheilodactylidae Nemadactylus macropterus Tarakihi 118 
Perciformes Latridae Latridopsis ciliaris Blue moki 141 
Perciformes Latridae Latridopsis forsteri Copper moki 15 
Perciformes Latridae Latris lineata Trumpeter 20 
Perciformes Latridae Mendosoma lineatum Telescopefish 21 
Perciformes Mugilidae Aldrichetta forsteri Yellow-eyed mullet 55 
Perciformes Labridae Notolabrus celidotus Spotty 324 
Perciformes Labridae Notolabrus cinctus Girdled wrasse 28 
Perciformes Labridae Notolabrus fucicola Banded wrasse 311 
Perciformes Labridae Notolabrus inscriptus Green wrasse 25 
Perciformes Labridae Pseudolabrus luculentus Orange wrasse 61 
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Table 6 (cont.)    
   

 
    No. sites 
Order Family Species Common name occupied 

   
 
Perciformes Labridae Pseudolabrus miles Scarlet wrasse 253 
Perciformes Labridae Coris sandageri Sandager's wrasse 74 
Perciformes Labridae Coris picta Combfish 6 
Perciformes Labridae Suezichthys aylingi Crimson cleanerfish 46 
Perciformes Labridae Suezichthys arquatus Rainbowfish 11 
Perciformes Labridae Bodianus vulpinus Red pigfish 69 
Perciformes Labridae Bodianus flavipinnis Foxfish 1 
Perciformes Labridae Anampses caeruleopunctatus Blue-spotted wrasse 5 
Perciformes Labridae Anampses elegans Elegant wrasse 12 
Perciformes Labridae Thalassoma amblycephalum Blunt-headed wrasse 1 
Perciformes Labridae Thalassoma lutescens Yellow-brown wrasse 1 
Perciformes Labridae Thalassoma trilobatum Ladder wrasse 1 
Perciformes Odacidae Odax cyanoallix Blue-finned butterfish 15 
Perciformes Odacidae Odax pullus Butterfish 148 
Perciformes Bovichtidae Bovicthus variegatus Thornfish 11 
Perciformes Nototheniidae Notothenia angustata Maori chief 2 
Perciformes Pinguipedidae Parapercis colias Blue cod 248 
Perciformes Tripterygiidae Blennodon dorsale Giant triplefin 4 
Perciformes Tripterygiidae Bellapiscis lesleyae Mottled twister 9 
Perciformes Tripterygiidae Bellapiscis medius Twister 4 
Perciformes Tripterygiidae Forsterygion flavonigrum Yellow-black triplefin 230 
Perciformes Tripterygiidae Forsterygion lapillum Common triplefin 182 
Perciformes Tripterygiidae Forsterygion malcolmi Banded triplefin 257 
Perciformes Tripterygiidae Forsterygion varium Variable triplefin 323 
Perciformes Tripterygiidae Gilloblennius abditus Obscure triplefin 1 
Perciformes Tripterygiidae Gilloblennius tripennis Thripenny 3 
Perciformes Tripterygiidae Grahamina gymnota Robust triplefin 22 
Perciformes Tripterygiidae Grahamina nigripenne Estuarine triplefin 13 
Perciformes Tripterygiidae Grahamina capito Spotted triplefin 11 
Perciformes Tripterygiidae Karalepis stewarti Scaly-headed triplefin 81 
Perciformes Tripterygiidae Notoclinops caerulepunctus Blue dot triplefin 58 
Perciformes Tripterygiidae Notoclinops segmentatus Blue-eyed triplefin 260 
Perciformes Tripterygiidae Notoclinops yaldwyni Yaldwyn's triplefin 85 
Perciformes Tripterygiidae Obliquichthys maryannae Oblique-swimming triplefin 222 
Perciformes Tripterygiidae Ruanoho decemdigitatus Long-finned triplefin 71 
Perciformes Tripterygiidae Ruanoho whero Spectacled triplefin 245 
Perciformes Tripterygiidae Enneapterygius kermadecensis Kermadec triplefin 1 
Perciformes Blenniidae Cirripectes alboapicalis White-dot blenny 3 
Perciformes Blenniidae Parablennius laticlavius Crested blenny 97 
Perciformes Blenniidae Plagiotremus tapeinosoma Mimic blenny 33 
Perciformes Eleotridae Grahamichthys radiata Graham's gudgeon 10 
Perciformes Eleotridae Thalaseleotris iota Pygmy sleeper 32 
Perciformes Gobiidae Gobiopsis atrata Black goby 16 
Perciformes Centrolophidae Seriolella brama Common warehou 1 
     
Tetraodontiformes Monacanthidae Meuschenia scaber Leatherjacket 241 
Tetraodontiformes Monacanthidae Thamnaconus analis Morse-code leatherjacket 8 
Tetraodontiformes Ostraciidae Ostracion cubicus Yellow boxfish 2 
Tetraodontiformes Tetraodontidae Canthigaster callisterna Clown toado 34 
Tetraodontiformes Diodontidae Allomycterus pilatus Porcupinefish 7 
     
Zeiformes Zeidae Zeus faber John dory 27 
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Table 7  Species that were excluded from the fish assemblage data, with reason for exclusion. 

          
          
Species Family Common name Reason for exclusion from data 
          
    
Prionace glauca Carcharhinidae Blue shark  pelagic species 
Thyrsites atun Gempylidae Barracouta  
Scomber australasicus Scombridae Blue mackerel   
          
    
Torpedo fairchildi Torpedinidae Electric ray soft sediment species 
Dipturus nasuta (and eggcases) Rajidae NZ rough skate   
Callorhinchus millii egg cases Callorhinchidae Ghost shark  
Ophisurus serpens Ophichthidae Serpent eel  
garden eel Congridae garden eel  
Chelidonichthys kumu Triglidae Red gurnard  
Neophrynichthys latus Psychrolutidae Dark toadfish   
Genyagnus monopterygius Uranoscopidae Spotted stargazer   
Kathetostoma giganteum Uranoscopidae Giant stargazer   
Limnichthys polyactis Creediidae Tommyfish   
Limnichthys sp. Creediidae   
Hemerocoetes monopterygius Percophidae Opalfish  
Lophonectes gallus Bothidae Crested flounder   
Arnoglossus scapha Bothidae   
Pelotretis flavilatus Pleuronectidae Southern lemon sole  
Peltorhamphus novaezeelandiae Pleuronectidae NZ sole   
Colistium nudipinnis Pleuronectidae   
Rhombosolea plebeia Pleuronectidae NZ flounder   
Aseraggodes bahamondei Soleidae Sole  
Torquigener altipinnis Tetraodontidae   
          
    
Gaidropsarus novaezelandiae Lotidae NZ ling  highly cryptic species; unlikely  
Brosmodorsalis persicinus Bythitidae Pink brotula  to be counted consistently  
Bidenichthys consobrinus Bythitidae Grey brotula  without specialist sampling  
Dellichthys morelandi Gobiesocidae NZ urchin clingfish  techniques (e.g. ichthyocides  
Diplocrepis puniceus Gobiesocidae Orange clingfish  such as rotenone) 
Gastrocyathus gracilis Gobiesocidae NZ slender clingfish   
Gastroscyphus hectoris Gobiesocidae Hector's clingfish   
Gastroscyphus sp. Gobiesocidae Unknown clingfish  
Trachelochismus melobesia Gobiesocidae Striped clingfish   
Trachelochismus pinnulatus Gobiesocidae Lumpfish  
Haplocylix littoreus Gobiesocidae Giant clingfish  
Leptonotus ?norae Syngnathidae Longsnout pipefish   
Lissocampus filum Syngnathidae Shortsnout pipefish   
Acanthoclinus fuscus Plesiopidae   
Acanthoclinus matti Plesiopidae   
Taumakoides sp. Plesiopidae   
Notoclinus fenestratus Tripterygiidae NZ topknot   
Notoclinus compressus Tripterygiidae Brown topknot  
Cristiceps aurantiacus Clinidae Golden weedfish   
Cologrammus flavescens Clinidae   
Ericentrus rubrus Clinidae Orange clinid   
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Appendix III     

 

Plots of average similarity and average rank similarity 

 

Figure 29  Average of within- (dotted line) and among-group (solid line) similarities for the HAVE biological 

classification levels two to eight. This is the basis for the PERMANOVA analysis.  

  

Figure 30  Average rank of within- (dotted line) and among-group (solid line) similarities for the HAVE 

biological classification levels two to eight. This is the basis for the ANOSIM analysis. 
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Appendix IV     

 

Correlation between PERMANOVA pseudo F and ANOSIM R 
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Figure 31  A plot of the values of the PERMANOVA pseudo F and corresponding values of ANOSIM R, for 

the MEC and each of the biological classifications. 
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Appendix V     

 

New Zealand place names 

 

 

 

 
 

 Figure 32  Map showing the locations of places mentioned in this thesis.  
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Figure 33 A map showing the locations of a selection of islands and island groups in  

the New Zealand archipelago. 
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