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An index of compositional dissimilarity between observed and 
expected assemblages 

John Van Sickle1 

National Health and Environmental Effects Research Laboratory, US Environmental Protection Agency, 
200 SW 35th St., Corvallis, Oregon 97333 USA 

Abstract. The reference-condition approach to bioassessment often uses the observed/expected (O/E) 
ratio to indicate anthropogenic alteration of aquatic macroinvertebrates, fish, or periphyton assemblages. 
Given a list of taxa found at :1 minimally disturbed reference sites, E is the number of those taxa that would 
expected in a sampled assemblage if the sampled stream were in reference condition, and O is the number of 
those taxa observed in the sample. An O/E value significantly ,1.0 indicates that a stream has lost taxa 
relative to its reference-condition expectation, possibly because of anthropogenic stress. However, the O/E 
index can be insensitive to stress-induced shifts in taxonomic composition that leave assemblage richness 
unchanged. As an alternative to O/E, I propose using BC, an adaptation of Bray–Curtis distance, to measure 
the compositional dissimilarity between an observed and expected assemblage directly. I compared the 
performance of BC and O/E at 5685 stream and lake sites throughout the contiguous 48 states of the US 
using 1 of 10 River Invertebrate Prediction and Classification system (RIVPACS)-type models to predict 
expected assemblages. Percentages of independently determined nonreference sites that were declared to be 
nonreference by BC exceeded the percentage declared to be nonreference by O/E by an average of 6 to 16 
percentage points, depending on whether the 2 indices included low-probability taxa, whether a 1-sided or 
2-sided O/E criterion was used to declare nonreference, and whether predictive or null models were used to 
predict expected assemblages. Correlations between BC scores and anthropogenic stressor variables were 
stronger than correlations between O/E scores and anthropogenic stressor variables in 18 of 25 cases. In 
contrast to O/E, BC can include low-probability taxa without reducing its power to detect nonreference 
conditions. 

Key words: predictive model, bioassessment, O/E, reference condition, macroinvertebrate assemblage. 

A widely used approach to aquatic bioassessment 
compares a sampled assemblage of macroinverte­
brates, fish, or periphyton to the assemblage that one 
would expect to find if the sampled ecosystem were 
in a minimally disturbed reference condition (Rey­
noldson et al. 1997, Bailey et al. 2004, Stoddard et al. 
2006). In many applications of this approach, a River 
Invertebrate Prediction and Classification system 
(RIVPACS)–type model (Moss et al. 1987, Wright et 
al. 1993) is used to predict the expected assemblage 
at a sampling location (site) in the form of a set of 
occurrence probabilities, one for each taxon (Wright 
1995, Parsons and Norris 1996, Hawkins et al. 2000, 
Joy and Death 2002, Johnson 2003). E is the number 
of taxa in the expected assemblage and is equal to 
the sum (across taxa) of predicted occurrence 
probabilities, and O is the number of taxa observed 
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in the sample. The O/E ratio of observed to expected  
taxon richness is used to compare observed and 
expected assemblages, and a value significantly 
different from 1.0 indicates that the biota at a site 
is not in reference condition (Wright 2000). O/E is a 
popular bioassessment index partly because of its 
simplicity and clear interpretation. O/E measures the 
taxonomic completeness of the fauna at a site in 
terms of the number of taxa lost or gained relative to 
reference conditions (Moss et al. 1987, Wright 2000, 
Hawkins 2006). 

However, most applications of O/E provide only a 
partial comparison of observed and expected assem­
blages in 2 ways. First, the O/E index is based only 
on the numbers of taxa in the 2 assemblages, so it 
might not capture taxon-specific disagreements be­
tween them. Recognizing this limitation, Clarke et al. 
(1996) explored several statistically based indices of 
taxon-specific disagreement, such as the likelihood 
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TABLE 1. Calculation of the ratio of observed/expected 
(O/E) taxa at a site and mean absolute difference for 
hypothetical observed (Ok) and expected (Pk) assemblages 
involving 5 reference-site taxa. 

Taxon (k) Ok Pk jOk – Pkj 

1 1 0.1 0.9 
2 1 0.3 0.7 
3 1 0.8 0.2 
4 0 0.9 0.9 
5	 0 0.9 0.9 

O ¼ sum ¼ 3 E ¼ sum ¼ 3 Mean ¼ 0.72 

that the taxonomic composition (i.e., the taxon list) of 
the observed assemblage could have been generated 
by a realization of the expected occurrence probabil­
ities (see also Oberdorff et al. 2001). However, the 
indices proposed by Clarke et al. (1996) have seen 
little use in bioassessments, possibly because of 
interpretation difficulties. Second, investigators often 
exclude the low-probability taxa at a site (those with 
predicted occurrence probabilities ,0.5) when calcu­
lating that site’s O/E score (e.g., Hawkins et al. 2000, 
Simpson and Norris 2000, Hawkins and Carlisle 
2001, Van Sickle et al. 2005). Recent research has 
shown that such exclusions often increase, and do not 
decrease, the sensitivity of O/E for detecting non-
reference conditions (Ostermiller and Hawkins 2004, 
Clarke and Murphy 2006, Van Sickle et al. 2007). 

I propose a measure of compositional dissimilarity 
that complements O/E and summarizes the taxon-
specific disparities between observed and expected 
assemblages. Like O/E, the dissimilarity measure is a 
bioassessment index that can be calculated directly 
from the output of any RIVPACS-type model. I begin 
with a numerical example in which O/E fails to 
represent taxon-specific disparities. The example also 
shows that informative contributions to O/E from 
low-probability and high-probability taxa partially 
cancel each other, which explains why O/E is often 
more sensitive when low-probability taxa are exclud­
ed from its calculation than when all taxa are 
included. Such cancellations do not occur with the 
dissimilarity index proposed here, and I argue that 
inclusion of low-probability taxa does not reduce its 
sensitivity. Last, I compare the performances of O/E 
and the dissimilarity index across 10 different RIV-
PACS-type models applied to a total of 5685 stream 
and lake assemblages sampled throughout the contig­
uous US. I assess the performance of each index 
according to its ability to detect nonreference condi­
tions and its correlations with anthropogenic stressor 
variables. 

Indices for Comparing Observed and
 
Expected Assemblages
 

O/E index 

RIVPACS-type models predict occurrence probabil­
ities, Pk, k ¼ 1, 2, 3,. . .M, at a site for M reference-site 
taxa, i.e., for the list of taxa found at :1 of the sampled 
reference sites used to calibrate the model. The 
taxonomic composition of the corresponding observed 
assemblage at the site can be defined by Ok, k ¼ 1, 2, 
3,. . .M, where Ok ¼ 0 or 1 if reference-site taxon k was 
observed to be absent or present, respectively, at the 
site. The O/E index is given by Clarke et al. (1996) as 

X
O Ok ¼ X :	 ½1]
E Pk 

Table 1 presents hypothetical observed and expected 
assemblages for a very small assemblage (5 reference-
site taxa). In practice, O/E should not be applied to 
such a small assemblage because the index would be 
extremely vulnerable to random sampling variations 
in the occurrences of only 1 or 2 taxa. However, the 
table does illustrate how O/E can fail to represent 
disagreements between observed and expected assem­
blages. In Table 1, O ¼ E ¼ 3, yielding O/E ¼ 1.0. This 
O/E score would imply that the observed assemblage 
is in reference condition. However, taxa 1 and 2 were 
each predicted to be unlikely to occur at the site (low 
probability; Pk , 0.5), whereas both were observed to 
be present (Table 1). In addition, taxa 4 and 5 were 
predicted to be likely to occur (high probability; Pk : 
0.5), whereas both were observed to be absent. These 
major disparities are not captured by O/E because 
contributions to O/E from taxa 1 and 2 partially cancel 
out the contributions from taxa 4 and 5. For example, 
taxon 1 adds 1 to the numerator of O/E and 0.1 to its 
denominator (equation 1), resulting in an increase of 
O/E. In contrast, taxon 5 adds 0 to the numerator of 
O/E and 0.9 to its denominator, resulting in a net 
decrease of O/E. Contributions from these 2 taxa drive 
O/E in opposing directions, with the result of a partial 
cancellation of their contributions to the index. The 
example in Table 1 suggests that O/E will be relatively 
insensitive to stress-induced shifts in taxonomic 
composition that have little net effect on the number 
of reference-site taxa (Hawkins et al. 2000, Davies and 
Jackson 2006). 

If low-probability taxa are excluded when calculat­
ing O/E, then they cannot cancel the contributions 
from high-probability taxa (Hawkins et al. 2000). In 
addition, high-probability taxa respond more strongly 
and consistently to nonreference conditions, in terms 
of their occurrence frequencies over a large number of 
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TABLE 2. Ten River Invertebrate Prediction and Classification system (RIVPACS)–type predictive models for freshwater 
ecosystems, showing the number of reference sites used to develop and calibrate each model and the number of nonreference sites 
to which each model was applied. All models are for aquatic macroinvertebrates unless noted otherwise. 

Nonreference 
Model name (abbreviation) Reference sites sites Source 

Mid-Atlantic Highlands (MH) 72 432 Van Sickle et al. (2005) 
Colorado (CO) 46 88 C. P. Hawkins (Utah State University, 

personal communication) 
Oregon (OR) 133 460 Van Sickle et al. (2006) 
California (CA) 185 194 Hawkins et al. (2000) 
Wadeable Streams Assessment: USEPA (2006) 
Appalachians (AW) 217 264 
Plains (PW) 138 444 
West (WW) 518 557 
Ohio fish (OH) 114 1409 Hawkins (2006), de Zwart et al. (2006) 
Sierra lakes mixed assemblages (SL) 164 70 Knapp et al. (2005) 
Appalachian diatoms (AP) 52 128 Carlisle et al. (2008) 
Total 1639 4046 

sites, than do the low-probability taxa (Van Sickle et al. 
2007). Together, these 2 observations explain why the 
exclusion of low-probability taxa from O/E often 
increases its ability to differentiate between reference 
and nonreference conditions (Van Sickle et al. 2007). 
For example, the exclusion of taxa 1 and 2 in Table 1 
results in O/E ¼ 0.38, a value that more accurately 
reflects the strong disagreement between observed and 
expected assemblages for 4 of the 5 taxa. Hawkins et 
al. (2000) also discussed the opposing contributions of 
low- and high-probability taxa to O/E in terms of 
taxon abundances. 

BC index 

Taxon-specific disagreements can be measured by 
the absolute value of the difference between each Ok 

value and its corresponding Pk value (Table 1). For the 
example in Table 1, the mean of these absolute 
differences is 0.72, which clearly reflects (on a scale 
of 0 to 1) the strong disagreement seen for 4 of the 5 
taxa. Note that a low-probability taxon observed to be 
present (taxon 1) and a high-probability taxon ob­
served to be absent (taxon 5) both contribute positively 
and equally to the sum or mean of absolute differences 
(Table 1). 

Initial trials indicated that the mean or sum of 
absolute differences did not perform any better than 
O/E in terms of sensitivity and stressor correlations. 
However, standardizing the sum of absolute differ­
ences relative to the full set of Ok values and Pk values 
yielded an index with markedly improved perfor­
mance: 

X 
jOk  Pkj

BC ¼ X : ½2]
ðOk þ PkÞ 

I call this the BC index because equation 2 is the 
formula for Bray–Curtis dissimilarity adapted to 
taxonomic composition comparisons of observed 
and expected assemblages (Bray and Curtis 1957, 
Faith et al. 1987, Legendre and Legendre 1998). Bray– 
Curtis dissimilarity has been used widely in commu­
nity ecology, and its applications have included the 
creation of reference-site groups for RIVPACS-type 
models (e.g., Parsons and Norris 1996, Hawkins et al. 
2000). However, known properties of Bray–Curtis 
dissimilarity should not be attributed casually to BC 
because some of those properties assume that 
dissimilarity is calculated from taxon abundances 
rather than Ok and Pk values (Clifford and Stephenson 
1975, Faith et al. 1987, Clarke et al. 2006). The BC 
index ranges from 0 to 1, and a low BC value indicates 
that the observed assemblage has a taxonomic 
composition similar to its reference-condition expec­
tation. 

Comparative Performance of O/E and BC 

Methods 

Data, models, and taxon subsets.—I compared the 
performance of O/E and BC for 10 RIVPACS-type 
models of freshwater systems sampled within the 
contiguous US (Table 2). The 10 models were 
developed from a total of 1639 reference-site assem­
blages (1 assemblage per sampled stream or lake site), 
following methods described by Hawkins et al. (2000), 
Hawkins and Carlisle (2001), and Van Sickle et al. 
(2005, 2006). The appropriate model was then applied 
to each of 4046 additional sites, all of which were 
independently determined to be in nonreference 
condition based on factors such as water chemistry 
and physical habitat (Van Sickle et al. 2007). 
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Three models apply to stream macroinvertebrates in 
the Mid-Atlantic Highlands region (MH model), which 
extends from Virginia to New York, in the state of 
Oregon (OR), or in forested mountain areas of 
northern and central California (CA) (Table 2). 
Additional models apply to stream macroinvertebrates 
in the Rocky Mountains of Colorado (CO), fish in Ohio 
streams (OH), diatoms in streams of the Appalachian 
Mountains (AP), and mixed assemblages of amphib­
ians, reptiles, benthic macroinvertebrates, and zoo­
plankton in lakes of the Sierra Mountains in California 
(SL). Last, 3 models apply to stream macroinverte­
brates in 3 regions covering the contiguous US 
(Appalachians [AW], plains [PW], and West [WW]) 
based on assemblages sampled between 2000 and 2004 
during the US Environmental Protection Agency’s 
Wadeable Stream Assessment project. Details of 
sampling methods, taxonomic identifications, deter­
mination of reference/nonreference status, and model 
structures are given in Van Sickle et al. (2007), and the 
sources are listed in Table 2. 

I calculated 2 versions of BC and O/E. One version 
included only the subset of high-probability taxa (Pk : 
0.5), and the other included all modeled taxa (Pk . 0). 
In addition, I calculated each index from the expected 
assemblages predicted by RIVPACS-type models and 
from the expected assemblages predicted by corre­
sponding null models (Van Sickle et al. 2005). The null 
model predicts a single, fixed expected assemblage for 
all sites. Thus, the performance features of null-model 
BC and O/E estimates cannot be artifacts of the 
multivariate methods (clustering and discriminant 
analysis) used by RIVPACS-type models. 

Some, but not all, of the 10 models were developed 
and calibrated using a subset of the reference sites, 
where the remainder was set aside for model 
validation. For consistency across models, I used only 
the calibration sites to estimate reference-site distribu­
tions and statistics of O/E and BC. I also excluded any 
nonreference site that required model extrapolation to 
accommodate its set of predictor variable values. 
Extrapolation was required if a v 2 test of the distance 
between the site’s predictor values and centroids of the 
reference site groups had a p value ,0.01 (Moss et al. 
1987, Clarke et al. 2003). 

Index performance: sensitivity.—For each of the 10 
models, I estimated the sensitivities of O/E and BC, 
i.e., the ability of each index to detect nonreference 
conditions (Ostermiller and Hawkins 2004). I mea­
sured sensitivity by the percentage of test-site scores 
that lay outside the distribution of reference-site scores 
(Ostermiller and Hawkins 2004, Van Sickle et al. 2005). 
Reference-site O/E scores generally are normally 
distributed with a mean near 1.0 (Wright 1995, 

Hawkins et al. 2000). However, normal probability 
plots (not shown) suggested that reference distribu­
tions of BC scores were positively skewed for 7 of the 
10 models. Therefore, I used empirical quantiles of the 
BC and O/E reference distributions as thresholds for 
nonreference conditions. 

I assumed that a test site’s BC score indicated 
nonreference conditions if it exceeded the 90th percen­
tile of the reference BC distribution. This 1-sided 
criterion is appropriate because only a large BC score 
can indicate a departure from reference condition. I 
estimated sensitivities for O/E based on 2-sided and 1­
sided criteria because both have been invoked in prior 
applications of O/E. Under a 2-sided O/E criterion 
(e.g., Clarke et al. 2003, Ostermiller and Hawkins 
2004), I defined sensitivity as the percentage of test 
sites with a score :5th percentile or :95th percentile of 
the reference distribution. A 1-sided O/E criterion is 
appropriate if only the loss of taxa (O/E , 1.0) is taken 
to indicate stress or impairment (Wright 1995). I used 
the 10th percentile of the reference distribution as the 1­
sided O/E criterion. The 1-sided BC criterion and the 
2-sided and 1-sided O/E criteria assume that non-
reference scores lie outside a range of 90% of the 
reference scores. 

Index performance: correlations with stressor variables.— 
For sites covered by 5 of the 10 models in Table 2, I 
correlated BC and O/E scores with water-chemistry, 
physical-habitat, and watershed landuse variables 
sampled at the same sites and times as assemblages. 
The 5 models all apply to stream macroinvertebrate 
assemblages, and for each model, I selected 5 
environmental variables that could represent anthro­
pogenic stresses to the benthic community (Table 3). 
For the Colorado model (CO), I chose metals-contam­
ination and sedimentation variables that reflect poten­
tial mining impacts on streams (C. P. Hawkins, Utah 
State University, personal communication; Table 3). 
For the other 4 models (MH, AW, PW, WW), I chose 
variables representing potential water-quality, sedi­
mentation, physical-habitat, and watershed landuse 
stresses. I graphically compared the strengths of BC 
and O/E correlations with these environmental vari­
ables without identifying which variables had the 
strongest correlations. Statistical inferences about 
differences between BC and O/E correlations were 
prohibited by lack of independence among the 5 
correlations for any one model. 

Results 

Sensitivity 

On average, BC sensitivity exceeded that of O/E 
regardless of whether the 2 indices were calculated 
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TABLE 3. Stream environmental variables correlated with BC and O/E indices. Correlations with BC and O/E were calculated 
separately for each of 5 models. Field and laboratory methods for environmental data are described by Lazorchak et al. (1998) and 
Kaufmann et al. (1999) for the MH, AW, PW, and WW models, and by C. P. Hawkins (Utah State University, personal 
communication) for the CO model. 

Model (abbreviation) Environmental variables 

Mid-Atlantic (MH) Rapid Bioassessment Protocol habitat quality, agricultural þ
urban land cover in watershed, NO3 

– , Cl  – , total suspended 
solids 

Colorado (CO) 

Wadeable Stream Assessment models 
(AW, PW, WW) 

Dissolved Cu, dissolved Zn, specific conductivity, % substrate 
embeddedness, % sand and fine particles in substrate 

Rapid Bioassessment Protocol habitat quality, watershed 
population density, total N, Cl – , % sand and fine particles 
in substrate 

using Pk . 0 or  Pk : 0.5, whether predictive or null 
models were used to obtain expected assemblages, or 
whether a 2-sided or 1-sided criterion was used for 
O/E (Table 4). Estimated mean differences between BC 
and O/E sensitivity had wide confidence intervals 
because of the small sample size (n ¼ 10 models) and 
the control of family-wise confidence level (Table 4). 
Nevertheless, confidence intervals included a 0 mean 
difference in only 2 of the 8 cases. When BC and O/E 
were based on Pk : 0.5, BC sensitivity exceeded O/E 
sensitivity for 9 of 10 models by 1.2 to 28.6 percentage 
points (Fig. 1A), with a mean difference of 10.9 points 
(Table 4). When BC and O/E were based on Pk . 0, BC 
sensitivity exceeded O/E sensitivity by a mean 
difference of 15.7 percentage points (Table 4, Fig. 1B). 

A linear regression of BC sensitivity when Pk . 0 vs  
BC sensitivity when Pk : 0.5 across the 10 models had 
an estimated slope of 0.90 (standard error [SE] ¼ 0.13) 
and intercept of 2.25 (SE ¼ 5.86) (Fig. 2). Simultaneous, 
Bonferroni-corrected, 95% confidence intervals (Myers 
1990) for the intercept and slope of this regression 
included 0.0 and 1.0, respectively, indicating no 
significant difference from a 1:1 line. This result 
suggests that BC generally maintained the same level 
of sensitivity across a range of values from 25% to 70%, 
whether or not it included low-probability taxa. A 
similar regression for O/E sensitivity had an estimated 

slope of 0.42 (SE ¼ 0.08). Simultaneous confidence 
intervals for the slope and intercept of the O/E 
regression did not include 0.0 and 1.0, respectively, 
indicating that O/E based on Pk . 0 generally lost 
more sensitivity relative to O/E based on Pk : 0.5 as 
sensitivity increased (Fig. 2). 

The sensitivities of the BC and O/E indices ranged 
between 16 and 68% depending on the data set and the 
set of included taxa (Fig. 1A, B). Thus, between 32 and 
84% of sites that were independently declared to be 
nonreference had index values indicating that their 
assemblages were in reference condition. This result 
illustrates the somewhat noisy relationships between 
assemblage condition and the factors (water chemistry 
and habitat) that were used to independently estimate 
site condition. 

Correlations with stressor variables 

Within each of 5 models, the 5 chosen stressor 
variables (Table 3) generally had low Spearman 
correlations among themselves, indicating an overall 
low level of redundancy. Of a total of 50 such 
correlations, r ¼ 0.77 in 1 case, 0.5 , r , 0.7 in 6 
cases, and r , 0.5 in the remaining 43 cases. 

When Pk : 0.5, the magnitudes of 18 of the 25 BC 
correlations with stressors exceeded the magnitudes of 

TABLE 4. Mean difference between the sensitivities of an adaptation of the Bray–Curtis distance (BC) and the observed/expected 
taxa ratio (O/E) across 10 models, expressed in percentage points. Parentheses contain confidence intervals on the mean difference. 
Confidence intervals were Bonferroni-corrected to achieve a 90% confidence level for the family of 8 nonindependent intervals 
(Ramsey and Schafer 1997). Mean differences are given for the 1-sided BC percentage vs 2-sided or 1-sided O/E percentages, for 
expected assemblages obtained from either a predictive model or a null model, and for indices that include either all taxa (Pk . 0) or 
only high-probability taxa (Pk : 0.5). 

Model type Included taxa BC – (2-sided O/E) BC – (1-sided O/E) 

Predictive 
Predictive 
Null 
Null 

Pk : 0.5 
Pk . 0 
Pk : 0.5 
Pk . 0 

10.9 (1.8–19.9) 
15.7 (6.6–24.7) 
10.3 (4.1–16.5) 
10.2 (1.8–18.5) 

3.9 ( 3.0–10.7) 
13.9 (1.9–25.8) 

5.6 (1.7–9.5) 
9.1 ( 0.6–18.8) 
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FIG. 1. Relationship between sensitivities of an adapta­
tion of the Bray–Curtis distance (BC) and the observed/ 
expected taxa ratio (O/E) for 10 models and data sets when 
indices were calculated with only high-probability taxa (Pk : 
0.5) (A) or all taxa (Pk . 0) (B). O/E sensitivity was based on 
a 2-sided criterion, and expected assemblages were obtained 
from predictive models. Model abbreviations are given in 
Table 2. Dashes denote 1:1 line. 

corresponding O/E correlations, although the largest 
exceedance was only 0.09 correlation units (Fig. 3A). 
However, when Pk . 0, the magnitudes of 21 of the 25 
BC correlations exceeded the magnitudes of corre­
sponding O/E correlations by as much as 0.37 units 
(Fig. 3B). All stressor correlations with either BC or O/E 
were ,0.6, indicating generally weak relationships. 
However, all correlations had the expected direction, 
i.e., O/E (BC) was positively (negatively) correlated 
with habitat quality and negatively (positively) corre­
lated with all other stressors. All correlations were based 
on relatively large sample sizes (134 sites for the CO 
model and .300 sites for each of the other 4 models). 

In 16 of 25 cases, correlations of BC with stressors were 
slightly weaker when Pk : 0.5 than when Pk . 0 (Fig. 4). 
For O/E, the opposite pattern was seen. In 19 of 25 cases, 
correlations of O/E with stressors were stronger (often 
substantially) when Pk : 0.5 than when Pk . 0. 

Discussion 

BC showed consistently greater average sensitivity 
than did O/E across 10 RIVPACS-type models and 
corresponding null models applied to 4046 nonrefer­
ence sites (Table 4, Fig. 1). The null model results 
suggest that greater BC sensitivity was not an artifact 

FIG. 2. Relationship between sensitivities of indices 
calculated with all taxa (Pk . 0) and with only high-
probability taxa (Pk : 0.5) for 10 models and data sets. 
Indices were based on an adaptation of the Bray–Curtis 
distance (BC) and the observed/expected taxa ratio (O/E). 
Regression lines are drawn for BC sensitivities (r 2 ¼ 0.86) and 
for O/E 2-sided sensitivities (r 2 ¼ 0.80). Model abbreviations 
are given in Table 2. 

of the clustering and discriminant function compo­
nents of the RIVPACS-type models. Thus, I would 
expect BC to be more sensitive than O/E for any 
bioassessment model structure with an expected 
assemblage that takes the form of predicted taxon 
occurrence probabilities (e.g., Oberdorff et al. 2001, Joy 
and Death 2003, Linke et al. 2005). BC correlations with 
stressor variables also were stronger than O/E 
correlations in most cases (Fig. 3). 

These results are consistent with the nature of the 
differences between observed and expected assem­
blages that are measured by BC vs O/E. BC will 
respond to differences in taxonomic composition, 
regardless of the difference in numbers of reference-
site taxa. In contrast, O/E measures only the difference 
in reference-site taxon richness and can be relatively 
insensitive to changes in taxonomic composition. As a 
result, BC, but not O/E, will reflect the effects of 
certain stressors or lower stress levels that might alter 
the composition, but not the reference-site taxon 
richness, of an assemblage (Hawkins et al. 2000, 
Davies and Jackson 2006). 

BC and O/E compare somewhat different attributes 
of observed and expected assemblages, so it might be 
useful to report both indices. In many cases, they 
would give similar assessments. For example, a high 
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FIG. 3. Magnitudes of Spearman correlation coefficients 
with environmental stressor variables, for an adaptation of 
Bray–Curtis distance (BC) and the observed/expected ratio 
(O/E). Correlations of 5 stressor variables with BC and O/E 
from each of 5 models and data sets (MH, CO, AW, PW, 
WW) are shown, where BC and O/E were calculated for only 
the high-probability taxa (Pk : 0.5) (A) or for all taxa (Pk . 0) 
(B). Dashes denote 1:1 line. Model abbreviations are given in 
Table 3. 

BC value and O/E « 1.0 both indicate substantial 
differences between 2 assemblages. However, in some 
cases, BC and O/E could disagree. For example, the 
combination of a high BC value and O/E ’ 1.0 would 
indicate an observed assemblage with an altered 
taxonomic composition but little change in reference-
taxon richness relative to the expected assemblage 
(e.g., the case in Table 1). Conversely, the combination 
of O/E , 1.0 and a low BC within the reference range 
could occur when the observed assemblage reflects a 
net loss of several taxa but otherwise has observed 
taxon presences/absences that closely match the 
predicted reference-condition probabilities. 

Implications 

The use of BC has at least 4 implications for the 
future development and application of RIVPACS-type 
models: 

1) Revisiting the role of low-probability taxa.—Contri­
butions to O/E from low-probability taxa that are 
observed to be present at a site partially cancel out the 
contributions from high-probability taxa that are 
observed to be absent. In contrast, the corresponding 

FIG. 4. Magnitudes of Spearman correlation coefficients 
with environmental stressor variables, for an adaptation of 
Bray–Curtis distance (BC) and the observed/expected ratio 
(O/E), where BC and O/E were calculated for only the high-
probability taxa (Pk : 0.5) or for all taxa (Pk . 0). 
Correlations of 5 stressor variables with BC and O/E from 
each of 5 models and data sets (MH, CO, AW, PW, WW) are 
shown. Dashes denote 1:1 line. Model abbreviations are 
given in Table 3. 

contributions to BC are positive and do not cancel each 
other. As a result, BC has slightly higher sensitivities to 
nonreference conditions in most cases (Fig. 2) when its 
calculation includes both groups of taxa (Pk . 0). In the 
examples chosen, most correlations between BC and 
stressor variables were also slightly stronger for Pk . 0 
than for Pk : 0.5 (Fig. 4). 

These results add a new dimension to the debate 
about the utility of low-probability taxa in RIVPACS-
type bioassessment models because that debate his­
torically has focused on the behavior of O/E (e.g., Cao 
et al. 2001, Marchant 2002, Ostermiller and Hawkins 
2004, Clarke and Murphy 2006, Van Sickle et al. 2007). 
Unlike O/E, the BC index will be sensitive to putative 
impairment signals from low-probability taxa. How­
ever, the strength and reliability of those signals 
remain questionable given the unpredictability of 
occurrences of the low-probability taxa and their lack 
of a strong group response to ecosystem stress (Van 
Sickle et al. 2007). 

2) Model evaluation.—The distributional statistics of 
O/E scores from model calibration and validation sites 
have been used to assess the performance of a 
RIVPACS-type model prior to its application at new 
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sites (Clarke et al. 1996, Hawkins et al. 2000, Van Sickle 
et al. 2005, 2006). BC scores also would be appropriate 
for this purpose, particularly when BC itself will be 
used as a primary site-assessment index. I suggest 
using the 90th percentile of the BC reference distribu­
tion to evaluate model performance because that 
distribution might be skewed. Future research could 
reveal whether the O/E and BC measures of model 
quality tend to select the same best models (Van Sickle 
et al. 2006). 

3) Use of other dissimilarity measures.—Measures of 
compositional dissimilarity other than BC could be 
adapted for comparisons between observed and 
expected assemblages. For example, the Canberra 
metric also sums absolute differences, but it uses a 
different standardization from that of BC (Legendre 
and Legendre 1998). As another example, the Euclid­
ean distance measure would square the differences 
between Ok and Pk, which would increase the relative 
contributions from the very-low-probability taxa that 
are observed to be present and the very-high-proba­
bility taxa that are observed to be absent. These or 
other compositional indices can be screened quickly 
for appropriateness of their responses to key, taxon-
specific discrepancies between the observed and 
expected assemblages, such as those illustrated by 
Table 1. 

4) Listing the assemblages.—A list of the Ok values and 
corresponding Pk values at an individual site will 
reveal which taxa have large discrepancies in their 
predicted probabilities and observed occurrences 
(Wright 2000). Such lists are produced by the 
predictive modeling software available for the UK 
RIVPACS (http://www.ceh.ac.uk/products/ 
software/water.html), for the Australian River Assess­
ment System (AUSRIVAS; http://ausrivas.canberra. 
edu.au/), and for the US Western Center for Monitor­
ing and Assessment of Freshwater Ecosystems 
(http://www.cnr.usu.edu/wmc). Taxa in these lists 
usually are sorted either alphabetically or by their Pk 

values. As an alternative, I suggest sorting them by 
values of jOk – Pkj. With this sorting, all taxa that show 
a strong disagreement between predicted probabilities 
and observed occurrences will be conveniently located 
at one end of the list, and all taxa that show strong 
agreement will be at the other end of the list. 
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