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Abstract  

Effective biodiversity assessment makes best-possible use of available data to provide 

surrogate information for "all" of biodiversity and to allow comparisons among "all" areas. 

Environmental data is typically available for all areas but may be a weak biodiversity 

surrogate. Species records may be a good surrogate for other species, but typically are not 

available for all areas. These two forms of information can be combined by 1) summarising 

biotic information as compositional dissimilarities among areas, 2) linking observed 

dissimilarities to observed environmental differences, and then 3) using calculated 

environmental differences for new areas to assess biotic turnover. Approaches to this problem 

include ordination and dissimilarity/distance regression. Examples of both, using biodiversity 

data from Panama, highlight the advantages of using realistic models linking dissimilarity to 

environmental variation. While measured environmental variation explains Panama 

dissimilarities well, the ordination approach suggests that there are "missing" environmental 

variables that would increase explanation of biotic turnover among areas.  

Introduction  

Regional biodiversity assessment and planning depends on an understanding of patterns of 

species turnover from place to place. Quantifying such "beta-diversity" patterns provides 

information related to the number of species found in one area and not another, and so is 

fundamental to identification of representative sets of areas. One way to measure beta 

diversity is to calculate pairwise species-compositional dissimilarities among areas (for 

example, using the Bray Curtis measure; 1). Given that all species are never recorded for all 

areas, these dissimilarities typically are calculated only for selected taxa, and for a small 

subset of all areas.  

Even when the selected taxa are accepted as a surrogate for all species, limited distribution 

information for these taxa makes it impossible to directly compare all areas for biodiversity 

assessment. One alternative approach would be to use a form of surrogate information that 

typically is recorded for all areas - environmental data describing bioclimatic variables, 

lithology, or other factors. A better alternative, making best possible use of all the available 

data for biodiversity assessment, would combine available species and environmental 

information. Development of strategies for such a "best-possible" use of all available data 

remains a key challenge in biodiversity assessment (2, 3).  

Modeling species compositional dissimilarities (between areas) using environmental data 

may provide such a strategy, and may overcome the area-comparability problem. If 

calculated dissimilarities from available species data can be linked (predicted by) 

corresponding differences in environmental data, then all areas can be compared to one 

another in terms of predicted dissimilarities. Two possible pathways to this goal will be 



compared and contrasted in this paper: i) ordinations (4, 5, 6), and ii) generalised 

dissimilarity modeling (GDM; 7, 8).  

i) Ordinations (configurations of areas in a multidimensional Euclidean space) provide a 

natural way to model beta diversity based on Bray Curtis or related dissimilarities (1). Under 

an assumption of general unimodal responses of species to underlying environmental 

gradients, a non-linear relationship between "environmental" distances from the ordination 

and species-based dissimilarities can be expected (1). Inference of ordination space from 

dissimilarities then can take advantage of this expected relationship (using Hybrid 

Multidimensional Scaling; 1, 2). The ordination space, based on the given set of 

dissimilarities, then can be linked to measured environmental variables by searching for 

projections through the space having maximum correlation with these variables. This 

regression approach allows new areas to be placed in the space based on their environmental 

values. Biodiversity assessment then may judge how well protected areas span the space, or 

how well a new area might fill a "gap" in the space (using the "environmental diversity" [ED] 

measure; 2).  

ii) Alternatively, regression may be applied directly to dissimilarities and environmental 

differences/distances among areas. A simple approach to directly modeling dissimilarities 

based on environmental distances is to use the values in a conventional linear regression. 

However, there are two limitations with this approach. One is that the expected non-linear 

relationship of dissimilarities and environmental distances is ignored. The other is that the 

rate of turnover in species composition is wrongly assumed constant along different parts of 

the same environmental gradient (9, 10, 11). Generalised dissimilarity modeling (GDM; 7, 8) 

generalises the linear dissimilarity/distance regression approach to accommodate both a non-

linear dissimilarity/distance relationship and a non-constant rate of turnover along gradients. 

This regression allows dissimilarities to be estimated for all pairs of areas. An ordination then 

can be calculated and representation levels and gaps assessed as in i).  

To explore properties of these two approaches, we will re-examine recently published 

biodiversity and environmental data from Panama. Duivenvoorden et al. (12) examined 

environmental and spatial explanations of beta diversity in Panama (see also Condit et al.; 

13). Their study concluded that environmental data was a poor explanator of beta diversity, 

given that "59% of the variation in species dissimilarity remained unexplained by either 

distance or environment". Poor correspondence between environmental and beta diversity 

would limit the effectiveness of conservation strategies based on a predictive link between 

the two. However, it is possible that the poor explanation was simply a consequence of 

restricted assumptions of the analysis. Their approach assumed only a linear relationship 

between dissimilarity and distance, based on linear regression of dissimilarities in species 

composition against environmental and spatial distances between pairs of areas. We will 

consider realistic alternative models applied to these same data.  

We will first document the non-linear relationships between dissimilarity and distance for the 

Panama data, using ordination. Then we will apply GDM to explore the prediction of 

dissimilarity from environmental (and spatial) distance. Lastly, we will return to the 

ordination context to seek evidence for unmeasured environmental variables that might have 

further increased explanation.  

Ordination of Panama species data  



The expected relationship between dissimilarity and distance depends on the relationship 

between species abundances and change in environmental variables (forming "gradients"). A 

standard model of unimodal species' responses to environmental gradients (4, 5, 6) implies a 

non-linear relationship between dissimilarity and distance (3). An ordination of areas can be 

inferred from Bray Curtis (or related) dissimilarities, based on a form of multidimensional 

scaling that matches this model. Hybrid Multidimensional Scaling (HMDS; 1) allows a linear 

relationship for small dissimilarities, and a monotonic relationship overall. The ordination 

method uses the species-based dissimilarities to derive a configuration of the areas, in a 

nominated number of dimensions, such that the dissimilarities have a strong, but non-linear, 

fit to distances among areas.  

For the Panama data (described in detail in 12 and 

http://www.sciencemag.org/cgi/content/full/295/5555/666/DC1 , we used PATN software 

(14) to calculate an HMDS ordination. Ordination/environmental distances initially were 

calculated as Euclidean distances in a 2-dimensional space. The resulting ordination analysis 

illustrates the typical non-linear relationship between "environmental" distances from the 

ordination and species-based dissimilarities (Fig. 1).  

 

Fig. 1. The stress value (0.211) indicates degree of fit between dissimilarities and distances. 

The 2-dimensional configuration of areas is not shown, and is available from the authors on 

request.  

This ordination links with measured environmental values for areas. Correlations of 

ordination projections with these measured environmental variables describe the link from 

environmental variation to ordination pattern (Table 1).  

 

http://www.sciencemag.org/cgi/content/full/295/5555/666/DC1


Table 1. Variables (row) order is east-west index, north-south index, rainfall, altitude, age 

(for description of variables, see 

http://www.sciencemag.org/cgi/content/full/295/5555/666/DC1). The first two columns 

indicate the projection along each axis of the vector of maximum product-moment correlation 

for each variable (coefficients greater than 0.5 highlighted in red). Column three is the 

corresponding correlation value. We cannot calculate significance of correlation values in the 

usual way given the lack of independence of data points. We take these values as indicating 

relative degrees of correlation.  

These correlation values illustrate the capacity of ordinations to link dissimilarities and 

environmental differences among areas. In practice, these results might serve as the basis for 

a formal predictive regression, so that new areas can be placed in the space allowing 

assessment of all areas.  

While correlations show correspondence between ordination and environmental variation, we 

have not quantified the degree to which environment accounts for beta diversity when 

expressed as dissimilarities. To do this, we turn to GDMs.  

Generalised dissimilarity modeling  

Application of GDM to the Panama data reveals a strong, non-linear, fit of dissimilarities to 

environmental/spatial distances (Fig. 2).  

 

Fig. 2. The scatterplot depicts the relationship between environmental/spatial distance, as 

predicted by the model (a non-linear function of precipitation, elevation, age, geology, and 

geographical separation of sites), and observed species-based Bray-Curtis dissimilarity. The 

curved line represents the non-linear link function, , relating dissimilarity to 

environmental/spatial distance.  

http://www.sciencemag.org/cgi/content/full/295/5555/666/DC1


Duivenvoorden et al. reported a high value of 59% (12) of total variation left unexplained by 

space or environment. The non-linear fit from the GDM, by contrast, provides a much better 

explanation of beta diversity based on measured environmental/spatial variables. Only 15.6% 

of variation in Panamanian species dissimilarity now is unaccounted for (Fig. 3).  

 

Fig. 3. The pie-chart partitions the variance in observed dissimilarities explained by the GDM 

model. The "space" component is the variance explained by geographical separation after 

controlling for environment, while the "environment" component is the variance explained by 

environmental variables after controlling for geographical separation. The large "space and 

environment" component is the variance shared by environment and geographical separation, 

due to the correlation between these variables. The full model (incorporating both 

environment and geographical space) explains 84.4% of the variance in observed Bray-Curtis 

dissimilarity values (compared with the 41% achieved by Duivenvoorden et al.).  

Missing environmental variables  

These non-linear dissimilarity/distance models also may point to variation corresponding to 

one or more unmeasured environmental variables. Our ordination of the Panama species data, 

extended to six dimensions, implicates additional, unmeasured, environmental variation 

(Table 2).  

 

Table 2. The order of environmental/spatial variables (rows) is as in Table 1. The first six 

columns indicate orientation along each axis of the vector of maximum correlation for each 

variable (coefficients > 0.5 in red). Column seven is the corresponding product-moment 

correlation value.  

While projections along axes 1, 5 and 6 account for measured environmental/spatial 

variables, axes 2, 3 and 4 do not correspond well to these measured variables (the unordered 



variable, geology, also showed no strong pattern along these axes). The 6-dimensional 

ordination therefore appears to have achieved a much-improved explanation of beta diversity 

(stress value lowered from 0.211 to 0.091) by revealing species' responses to other, un-

measured, environmental factors.  

A possible alternative explanation, however, is that any higher dimensional ordination might 

produce such a result - the stress value is always lower for a greater number of dimensions. 

We therefore evaluated the results for our 6-dimensional ordination in two ways. First, we 

examined the change in stress with additional dimensions starting from a 2-dimensional 

solution, and found no evidence of a sudden plateau effect (Fig. 4). Any sudden plateau effect 

- little reduction in stress beyond some number of dimensions - would suggest that 6 

dimensions is not justified by these data.  

 

Fig. 4. Change in stress value (vertical axis) with number of dimensions (horizontal axis).  

Support for the 6-dimensional solution also might be argued from the consequent higher 

correlation values (relative to the 2-dimensional solution) for the measured 

environmental/spatial variables (Table 2). However, adding even random extra dimensions 

(say, to the initial 2-dimensional solution) might produce high correlations, because the 

vector of maximum correlation may take advantage of chance variation along these additional 

dimensions. To test this, we carried out a randomization test for one of the environmental 

variables (altitude). We fixed the 2-dimensional solution and repeatedly added four additional 

randomized dimensions, in each case re-calculating the maximum correlation vector/value for 

altitude. None of the new correlation values were as great as the observed correlation for 6 

dimensions (Fig. 5).  



 

Fig. 5. In the histogram, the actual stress value for 6 dimensions (black bar) is much lower 

than any of the stress values for the simulations (gray bars).  

We conclude that the 6-dimensional solution reveals patterns of beta-diversity in Panama that 

may be explained by additional, currrently-unmeasured, environmental variables.  

Discussion  

Species turnover in Panama is explained well by a combination of measured and unmeasured 

environmental variation. These results support the idea that realistic non-linear 

dissimilarity/distance models can account for beta diversity patterns. The results highlight the 

prospects for using available environmental data in combination with available species' 

survey data (e.g. from museum collections), in a way that overcomes the weaknesses of using 

either information on its own. However, more work is needed on linking these models to 

actual biodiversity planning.  

One candidate approach is the "ED" method (2) referred to in the introduction. ED uses 

dissimilarities among areas (often summarised as an ordination) to calculate complementarity 

values - gains and losses in represented biodiversity as sets of protected areas change (2). A 

form of ED has been used in N.S.W., Australia, as part of a framework for balancing 

biodiversity and other land use needs (15). However, in that study dissimilarities among all 

areas were obtained by relying only on the use of environmental data to derive an ordination 

space. Similarly, a variant of ED, using environmental data, has been used to select new 

survey sites in N.S.W. In this application, the expectation is that ED-based gaps indicate 

areas offering many new species. For both land-use planning and survey design, 

improvements in estimating biodiversity gains can be expected if the extensive Museum 

collection data for N.S.W. is linked to the environmental data, using the non-linear methods 

described here.  

Returning to the Panama context, biodiversity planning can now take advantage of the highly 

predictive relationship found in this study between species compositional dissimilarities and 



environmental/spatial distances. A next step would be to calculate an ordination space based 

on estimated dissimilarities among all areas. Future planning analyses in Panama then may 

identify cost-effective conservation options filling gaps in ordination space.  
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