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Abstract. The usefulness of ecoregions and catchments (hydrologic units) as bases for
classifying aquatic vertebrate assemblages in western Oregon were compared using samples
collected by electrofishing from 137 wadeabl e stream sites distributed evenly throughout the
region. The classification strengths of these regionalizations were also compared with neutral -
model classifications that were based either on intersite proximities in geographic distance or on
intersite similarities in the sampled vertebrate assemblages. The strength of each classification
was assessed by the extent to which average within-class assemblage similarities exceeded the
average similarity between classes. Mean similarity dendrograms were used as a concise
graphical comparison of between- and within-class similarities for alternative classifications,
whether they were specified apriori or constructed by clustering. For each a priori classification,
a permutation test of the no class structure hypothesis was performed. Classification strengths
were assessed using the Sorenson-Dice (presence/absence) and Bray-Curtis (relative abundance)
similarity measures, applied to both species-level and family-level assemblage characterizations,
aswell asfor the Bray-Curtis measure applied to a set of 5 assemblage metrics that were
designed to reflect stream impairment. For all 5 measures of assemblage similarity, ecoregions
had higher classification strengths than did large catchments, and large catchments had about the
same strength as a stream-order classification. A catchment classification with 1 of the 3
catchments split into 2 ecoregions separated assemblages as strongly as ecoregions alone. A
neutral-model classification based solely on geographic site proximity classified assemblages
with about the same strength as ecoregions. Another neutral-model classification of sites, based
solely on their sampled assemblages, was at |east twice as strong as any of the geographic

classifications. Intermediate strength was seen in site groupings derived from a composite



measure of between-site assemblage and geographic dissimilarities. Our results suggest that
ecoregions and large catchments do indeed have utility for classifying stream vertebrate
assemblages. However much of their classification strength may be aresult of spatia
autocorrel ation effects, rather than ecological factors that determine their particular boundaries.
Our similarity analyses al so suggest that geographic partitions can be expected to account for

only aminor portion of the total variation seen in stream vertebrate assemblages across a large

region.
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Geographic classification has become an integral part of efforts to study, monitor and
manage ecosystems regionally. The partitioning of alarge areainto relatively homogeneous
regions provides spatial order and structure for assessing complex patterns of ecosystem variation
across a broad range of spatial scales (Huang and Ferng 1990). For example, multimetric indices
that measure impacts on lake and stream biota can be applied across large areas because they
incorporate reference conditions that strongly differ by regions, usually ecoregions (Omernik
1987), hydrologic units, or large catchments (Fausch et a. 1990, Davis and Simon 1995,
Gerritson 1995). Ecoregions and large catchments are also useful for extrapolating biological
conditions when ecological data are sparsely and unevenly distributed over space.

Because large catchments and ecoregions are usually used as multiple-purpose
classifications (Omernik and Bailey 1997), they are unlikely to provide optimal separation for
any single ecosystem component, such as afaunal assemblage (Sokal 1974). However, thereisa
clear, practical interest in assessing geographic partitions for their within-region homogeneity
and between-region differentiation of 1 or more key ecosystem components. Such assessments
aid usin deciding whether geographical partitions are at all helpful in modeling large-scale
gpatial variation of individual components and, if so, which alternatives are most helpful.

Ecoregions and large catchments are rarely congruent, so they usually offer distinctly
different geographic frameworks for classifying stream ecosystems. Both frameworks are
strongly grounded in ecological principles. Ecoregion boundaries are based on land forms,
potential vegetation, soils, and land use, and are intended to delineate regions containing similar

ecosystems (Omernik 1987, Omernik and Bailey 1997). As a consequence, ecoregions have been



advocated as natural geographic units for aquatic ecosystem management, research, and
assessment (Omernik and Griffith 1991). Evidence for the classificatory value of ecoregions has
been provided by numerous assessments of between-region differences in aguatic system
attributes such as water quality parameters and assemblages of aquatic vertebrates or
invertebrates (Hughes et a. 1994). However, for aguatic vertebrates, one might also expect an
increased similarity of assemblages within large catchments, because of the greater probabilities
of within-catchment, as opposed to between-catchment, migration (Hocutt and Wiley 1986,
Hughes et al. 1987, Matthews 1998). Omernik and Griffith (1991) and Omernik and Bailey
(1997) have clarified the broad circumstances under which either or both of these 2 regional
frameworks might be more suitable for particular regions, ecosystems, and classification
objectives, but few direct quantitative comparisons of the 2 approaches are available across large
areas.

We define and apply a measure of classification strength that is a function of within-class
homogeneity and between-class separation. We then use this measure to compare the
classification strengths, for aguatic vertebrate assemblages (fish and amphibians) of ecoregional

and hydrologic-unit partitions of western Oregon (Fig.1).

Methods

Alternative stream classifications

There are amultitude of schemes, both geographical and nongeographical, that one might
use to classify streams (Naiman et a. 1992). Here we explored several alternatives to western

Oregon’ s ecoregions and hydrologic units, chosen to provide a context for comparing these 2



geographic schemes. For the 1st alternative, we subdivided 1 of our 3 hydrologic unitsinto 2
ecoregions, in an effort to combine the strengths of the 2 classification systems (Omernik and
Bailey 1997). We also classified sitesby Strahler stream order, a key nongeographic feature that
Is often correlated with fish assemblage structure (Kuehne 1962, Platts 1979, Beecher et al.
1988). Asa3rd alternative, we grouped sites according to the 3 separate sampling efforts that
were undertaken to collect our assemblage data, to see whether this factor might confound our
comparisons of regional partitions.

We also constructed neutral-model classifications that were designed to compete with
ecoregions and hydrologic units for classifying stream vertebrates. Neutral-model classifications
are constructed using site-grouping rules that deliberately ignore the geographic or ecological
factors underlying ecoregions and hydrologic units (Caswell 1976, Gardner et al. 1987). If the
neutral model explains patternsin a data set as well as they can be explained by ecoregions or
hydrologic units, then that data set gives little support for the classification utility of the
underlying ecological factors (Caswell 1976).

The simplest neutral model for assessing any classification is the null hypothesis of no
class structure, which is based on a completely random assignment of sitesto groups, regardless
of their location or other attributes. We carried out statistical tests of our candidate classifications
against this null hypothesis to assess their baseline classification utility.

We constructed a more challenging neutral model for ecoregions and hydrologic units by
clustering sites into 4 groups based solely on intersite geographic distances. These distance
clustersyielded 4 contiguous, spatially compact regions, albeit with imprecise boundaries, at the

same spatial scale as ecoregions and hydrologic units. If the distance clusters classify



assemblages as strongly as do ecoregions and hydrologic units, then the classification strengths
of the latter could arise largely from spatial autocorrelation effects at subregional scales, rather
than from strong ecological separability conferred by regiona boundaries. Jenerette et al. (1998)
created a similar neutral model by generating sets of circular, randomly located regions at a
variety of scales. They showed that these regions, on average, had within-region homogeneity in
water quality attributes that was as great as that seen in several proposed regionalizations,
including ecoregions and catchments. Legendre et al. (1990) also discuss neutral models for
regional evaluations, and present aternative algorithms for their generation.

We also constructed a classification model that was spatially neutral. Using cluster
analysis, siteswere assigned to 1 of 4 groups based on the compositional dissimilarities of their
vertebrate assemblages, without regard to site location. Because these groups were constructed to
have minimum within-group variation and maximum between-group separability for vertebrate
assemblages, their classification strengths as assessed by those same assemblages were near the
maximum achievable values for any 4-group classification of our data set. Thus, the vertebrate
assemblage clusters give an upper bound to the classification strength that could be expected
from any geographical grouping of the sites. The use of direct assemblage clustering, rather than
geographic regions, to classify sitesis a key feature differentiating multivariate impact
assessment approaches (Wright et al. 1984, Reynoldson et a. 1995, Parsons and Norris 1996)
from multimetric approaches.

Asafinal neutral-model classification, we used cluster analysis to generate composite
groups based on a combination of intersite geographical distance and assemblage dissimilarity,

thus yielding spatially proximate site groups with similar vertebrate assemblages. Legendre and



Legendre (1984) and Hawkes et a. (1986) give other applications of the general approach. These
composite groups may be viewed as a data-driven attempt to construct a special-purpose set of
partialy overlapping regionsthat is optimal only for vertebrates, as an alternative to general-
purpose geographic partitions such as ecoregions, hydrologic units, and stream order. We would
expect to see the composite groups classify vertebrate assemblages more strongly than ecoregions
and hydrologic units, but the general-purpose regions are hypothesized to be stronger, on

average, across multiple characteristics of aquatic ecosystems (Hughes at al. 1994, Omernik and
Bailey 1997). In summary, we compared 8 different classification schemes for western Oregon’s
aguatic vertebrate assemblages: 1) ecoregions, 2) hydrologic units, 3) acombined hydrologic
unit/ecoregion partition, 4) stream order, 5) sampling effort, 6) a geographic cluster model that is
neutral for hydrologic and ecoregional boundaries, 7) a vertebrate assemblage cluster model that
Is spatially neutral, and 8) acomposite of 6 and 7.

Study region and vertebrate assemblage data

We used aguatic vertebrate assemblage data collected from 137 wadeable streams
(Strahler orders 1-3, on 1:100,000 scale maps) in western Oregon (Fig. 1) during summer
baseflow conditions. The data set was assembled from 3 separate sampling efforts: an
Environmental Monitoring and Assessment Program (EMAP) study (57 sitesin 1997), a
Regional EMAP study of the Oregon and Washington Coast Range (49 sitesin 1996), and the
Oregon State University pilot study (31 sitesin 1996; Herlihy et al. 1997).

Each of the 3 sampling efforts selected sites at random from all mapped stream
kilometers in the study region, resulting in afairly even spatial distribution of sites (Fig.1). The

sites are distributed throughout the 4 Level 111 Ecoregions (Omernik 1987; Fig. 1). To define



hydrologic units, we used the 3 Hydrologic Accounting Units (HAUs; Seaber et al. 1987), that
compose Oregon west of the Cascade Mountains crest (Fig. 1). Of the 3 HAUS, only the
Willamette Basin can be viewed as a single connected catchment (Fig.1). However, the 2 Coastal
HAUs do represent sets of smaller catchments having greater probability of migration within
sets than between sets. In addition, the 3 HAUs are commonly used by state agencies as
management and planning units.

For our HAU/ecoregion classification, we split the Willamette Basin HAU (Fig. 1) into a
Willamette Valley ecoregion component (agricultural lowlands), and a Cascades ecoregion
component (forested uplands). These 2 regions, plus the North Coast and South Coast HAUS,
gave a4-region partition of western Oregon.

The 137 sampled streams span afull range of human impacts and few can be regarded as
“reference” sites (sensu Hughes 1995). Thus, assemblage variability across these sitesis aresult
of some combination of natural variation and human impacts. Because of the large size and
topographic diversity of western Oregon, with its valleys and mountains, we believe that natural
gradients are at least as important as anthropogenic ones in structuring spatial variation of stream
vertebrates. For example, Rathert et al. (1999) found that climatic and hydrologic variables
could account for > 60% of the variation in fish species richness across the state of Oregon.

Aquatic vertebrate assemblages at all sites were sampled with the same protocol
(McCormick and Hughes 1998). Each site was electrofished by 2 persons for a distance 40
times the mean wetted width of the channel or a minimum of 150 m; thislevel of effort produced
repeatabl e estimates of species richnessin Oregon streams (Hughes et al. 1998) and elsewhere

(Lyons 1992, Angermeier and Smogor 1995, Paller 1995). Battery powered Smith-Root



backpack el ectrofishers were set at 50-60 Hz and 700-1000 V, and each site was fished for 2 to 3
hin an afternoon. Both native and alien fishes and aquatic amphibians were collected and
analyzed because both are important top carnivores in small streams. There are few native fish
species in coldwater streams, and amphibians tend to replace fishes in the headwaters

(Moyle and Marchetti 1998).

Assemblage similarity measures

For every pair of sites, we computed 5 similarity measures. Sorenson-Dice similarity is
the ratio between the number of taxa common to 2 sites and the average number of taxa per site
that was found at the 2 sites; the measure can be interpreted as the proportion of the assemblages
found at 2 sites that are shared by the sites. Bray-Curtis similarity is analogously computed from
proportional, untransformed abundances of taxa at 2 sites, and can be interpreted as the shared
relative abundance at 2 sites (Digby and Kempton 1987, Ludwig and Reynolds 1988). Both
similarities liein the range from 0 to 1, and here we express them as percentages. WWe computed
both similarities for family-level and again for species-level identifications of the sampled
vertebrates, resulting in 4 measures of taxonomically based similarity.

For each assemblage we also computed a set of metrics that are probable indicators of
human impacts : % coldwater individuals, % coolwater individuals, % aien individuals, %
tolerant individuals, and % anadromous species. We used only these 5 metrics because our small
streams often supported only <5 species, unlike the more speciose midwestern streams having
20-30 species and commonly characterized by 10 to 12 metrics. We expressed all metrics as
percentage of species or individuals in the total collection to avoid having to adjust assemblage

size for catchment area (Fausch et al. 1984). Two metrics, % coldwater individuals (salmonids

10



and some sculpins) and % anadromous species (most salmonids and alamprey) were selected to
reflect higher-gradient and minimally impaired conditions. Both tend to decline as streams warm
or are modified by dams and physical habitat degradation. At the other end of the impairment
gradient, % alien individuals and % tolerant individuals increase with anthropogenic disturbances
that increase water temperature and sedimentation; % aliens a so directly indicates the effects of
stocking nonnative species. Aliens include sunfishes, bullheads, and brook trout; tolerants
include sunfishes, bullheads, and afew native minnows. We also used % coolwater individuals
(mostly lampreys, sculpins, and native minnows) to reflect moderate levels of impairment.
Although our objective was not site assessment per se, we wanted to ensure that we did not bias
our site classifications by evaluating patterns evident from selecting metrics sensitive at only 1
Impairment extreme. To express beween-site similarities for the set of 5 metrics, we used the
Bray-Curtis measure with untransformed metric percentages.

Anaysis of similarities

We assessed the strength of each classification by comparing within- and between-class
similarities. In a strong classification, similarities between sites that are in the same classtend to
be substantially greater than similarities between sites that are in different classes. To evaluate
the compactness and isolation of the classes composing 1 single classification, Smith et al.
(1990) suggested examining amatrix of means of between-site similarities within each class and
between each pair of classes (see Rohm et al. 1987 for an example).

Here, we wished to compare the strengths of several aternative classifications. Mean

similarity dendrograms (Van Sickle 1997) offer a compact graphical format for such

comparisons. To construct the dendrogram for a single classification, we 1st calculated the mean
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of all between-class similarities (B) and also the within-class mean similarity W, for each class
iI=1,2...k. The dendrogram node is then plotted at B along asimilarity axis. The dendrogram has
k branches, 1 for each class, with each branch end plotted at W, for that class. If aclassification is
strong, then its mean similarity dendrogram has relatively long branches. That is, B islow, and
for each class, W is high.

The overall weighted mean (V_V) of within-class similarities can be calculated as

W = Z (n, / N)W , where n; isthe number of sitesin classi, and N is the total number in all

classes (Van Sickle 1997). Then a single measure of overall classification strength (CS) is
provided by statistics such asthe ratio B/W (Smith et al. 1990, Van Sickle 1997) or the
difference (W - B). Herewe use CS= (W - B) becauseit can be interpreted as the (weighted)
average length of all branchesin a dendrogram.

We used a permutation procedure to test whether the overall strength of a specific apriori
site classification, such as ecoregions or HAUS, was significant in the sense of being greater than
would be seen in random groups of sites (Mielke et al. 1976, Clarke and Green 1988, Smith et
al. 1990). The statistic CS= (W - B) was recalculated for each of 10,000 randomly-chosen
reassignments of sitesto groups of the same size as the tested classification (Jackson and Somers

1989). The p-vaue giving evidence against the null hypothesis of no class structure was then

estimated as the proportion of the 10,000 trials having CS at |least as large as the value observed
for the tested classification. The p-value of the test gives evidence for significant separation

between at least 2 of several groups, but does not reveal which pairs of groups are particularly far

apart.
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We wrote special-purpose software to compute B, W , and W, and to perform the

permutation tests (MEANSIM®6, available at http://www.epa.gov/wed). Nearly equivalent

permutation tests of W can be carried out usi ng the MRPP method of Mielke, et al. (1976),
available in the BLOSSOM software of the US Geological Survey, and in PC-ORD (B. McCune
and M. J. Mefford, 1997. PC-ORD, Multivariate analysis of ecological data, Version 3.0. MjM
Software Design, Gleneden Beach, Oregon). The ANOSIM method of Clarke and Green (1988),
availablein PRIMER (M.R. Carr, 1995. PRIMER user manual. Plymouth Marine Laboratory,
Plymouth UK.) and in PATN (L. Belbin, 1992. PATN Technical reference. CSIRO, Division of
Wildlife and Ecology, Canberra, Australia) also compares statistics of within- and between-class

similarities to test the no class structure null hypothesis.

Clustering sites

We used the flexible-Beta clustering strategy, with Beta = -0.1, to create neutral-model
site clusters (Lance and Williams 1967, Legendre and Legendre 1983, Belbin et al.1992). The
strategy equally weights site groups, regardless of their size, in deciding which groups are
mutually closest and should be fused, during the agglomerative clustering process (Lance and
Williams 1967). With the strategy’ s Beta parameter set = - 0.1, clusters move dlightly away
from one another asthey grow in size (Lance and Williams 1967), and the approach performs
well across arange of data (Milligan 1989, Belbin et a. 1992). Following each clustering, the
full hierarchical dendrogram was pruned to yield the 4 highest-level clusters, thus creating a
classification having the same order (number of classes) as our ecoregion classification.

The neutral-model vertebrate assemblage clusters were based on the assemblage

dissimilarity measure VERT = (100% - similarity), calculated for all site pairs (Digby and
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Kempton 1987). One matrix of VERT dissimilarities was calculated for each of our 5 similarity
measures (Bray-Curtis for species, families, and metrics, and Sorenson-Dice for species and
families). Each matrix was then used to cluster sites, resulting in 5 alternative site classifications
based on VERT dissimilarities. The neutral-model geographic distance clusters were based on a
matrix (DIST) of between-site overland Euclidean distances.

Composite site groupings were based on the composite dissimilarity measure
COMP = 3[DIST + (1-6)LVERT, after normalizing the DIST matrix so that its largest distance
had a value of 100%. We set 6 equal to 0.5, thus assigning equal weightingsto DIST and VERT
dissimilarities. Composite dissimilarity measures, created as weighted averages of > 2
dissimilarities, were 1st proposed by Gower (1971), and Legendre (1987) discusses the use of
COMP-type measuresin performing distance-constrained clustering. We constructed 5 COMP
matrices by combining DIST with each of the VERT matrices in turn and, by clustering on each
COMP matrix, generated 5 alternative COMP-model site groupings.
Assessing CS

We computed CS= (V_V - B) and tested the no class structure hypothesis for the

ecoregion, HAU, HAU/ecoregion, stream order, and sampling effort classifications, using each
of the 5 similarity measures. Classification strength was also assessed for each of the 11
clustering attempts (5 VERT-based classifications + 1 DIST-based classification + 5 COMP-
based classifications). Each VERT or COMP classification was assessed using only the similarity
measure corresponding to the VERT dissimilarity measure used in constructing that
classification. Because the VERT assessments (and partly, the COM P assessments) were based

on exactly the same similarity measure used to optimally choose the 4 site classes, the CSvalues
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for each of these classifications was near its maximum possible value for that particul ar

similarity measure and number of classes. Thus, the permutation test of no class structureis

invalid for these cases and was not performed. However, the classification derived solely from
Intersite geographic distance can be regarded as a priori, from the standpoint of vertebrate

similarities; hence, the no class structure test of the DIST-derived groups are valid and were

performed.
Results

Relative strengths of classifications

With only 1 exception, all apriori classifications, as assessed by al 5 vertebrate similarity
measures, showed statistical evidence (p < 0.02) of greater CS than would be seen for randomly
grouped sites (Table 1). However, these CSvalues were not numerically large. Ecoregions, with

CSranging from 4% to 13% across similarity measures, were consistently stronger classifiers
than HAUs, which ranged from CS= 1% to 5%. Table 1 also reports B/W, to facilitate
comparisons with other papersin this series. Values of B /W near 1.0 indicate aweak

classification, and CSincreases progressively as B/W decreases from 1.0 towards O.

No branch of the ecoregion dendrogram was very short, and branch Iengths were not
greatly unequal, showing that the 4 ecoregions have non-negligible and comparable levels of
within-class homogeneity in species presence/absence (Fig. 2). We found similar patterns for the
other similarity measures, except for the metrics similarity (Fig. 3).

Mean similarity dendrograms for species presence/absence (Fig. 2) showed that within-
HAU similarity was high for the North Coast and South Coast HAUS, relative to the mean

similarity within the Willamette Basin HAU. However, the ecoregions dendrogram showed that

15



Willamette Valley assemblages in the Willamette Basin were more similar amongst themselves,
as were the Cascade assemblages within the Basin. This result suggests that the HAU/ecoregion
partition might be stronger than either ecoregions or HAUs alone. In fact, the HAU/ecoregion
partition had CSs very close to that of the ecoregion-only classification, across the 5 similarity
measures (Table 1).

The 3 HAUs classified vertebrates about as well as stream order (Table 1), and dlightly
better than the 3 sampling effort groups. The low CSvalues for sampling effort groups (2 to 4%;
Table 1) showed that there was relatively little difference between the 3 sampling efforts arising
from differences in sampling years and other possible factors. This result reassured us that
combining data from the 3 studies resulted in negligible confounding of the estimates of strength
for other classifications.

The DIST clustering formed distinct spatial groups, as intended (Fig. 4). The strength of
this neutral classification was within afew % of the ecoregion and HAU/ecoregion partitions for
every similarity measure (Table 1). These small differences are not surprising if one compares
the spatial patterns of sitesfor the DIST and ecoregion groupings (Figs. 4 and 5). Both
partitions defined regions corresponding to the Cascade M ountains and the Southern Oregon
Klamath Mountains, and their major differences are only their partitionings of Willamette Valley
and Coastal streams (Fig. 1). The ecoregions map split these streams into east-west groupings
(Fig. 5), whereas the comparable DIST classes had a north-south separation (Fig. 4).

The VERT classifications had CSs ranging from 23 to 47% for the 5 similarity measures,
representing upper bounds for the CSthat can be achieved by 4-class partitions of these 137 sites

(Table 1). However, these groupings have little geographic coherence, asillustrated by a map of
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the groups derived from the species presence/absence VERT matrix (Fig. 6).

The COMP classifications showed some geographic coherence, but at acost in CS which
decreased to 19% for species presence/absence (Fig. 7, Table 1). COMP classes overlapped
considerably in space and did not offer a clear partitioning of western Oregon. However they did
suggest approximate areas within which one might expect to find similar assemblages.

Figures 6 and 7 were derived all or in part from species presence/absence VERT
dissimilarities. VERT-derived classifications based on the other 4 dissimilarity measures
displayed the same trend of increasing geographic coherence (maps not shown) and decreasing
vertebrate classification strength (Table 1), as one moved from VERT classes, to COMP classes,
and finally to distinct DIST regions.

Sensitivity of CSsto similarity measure

For a single classification scheme, whether cluster-derived or a priori, a consistent

increasein W is clear as one scansthe 5 similarity measures from species abundance to species
P/A to family abundance to family P/A, and finally to metrics abundance (left to right across
Table 1). This same sequence of measures represents a gradient of detail, from moreto less, in
the set of assemblage descriptors that determine similarity. Thisresult is consistent with the
expectation that, for any pair of assemblages, agreater degree of matching (higher similarity)
would occur for measures using less detail (metrics abundance) than for those using more detall

(species abundance).
However, B tended to increase in the same directi on, and for the same reasons, as did

W, across similarity measures. As aresult, for any single classification, CS itself showed no

clear trend across the sequence of similarity measures, and in most casesit varied little (Table 1).
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For ecoregions, the stability of CSrelative to similarity measuresisillustrated by the way that
mean similarity dendrograms of the 4 (species, family) x (abundance, presence/absence)
measures are progressively shifted along the similarity axis, while showing little variation in
average branch length (Fig. 3). In short, our overall CSmeasure appeared to be fairly robust,
relative to the level of assemblage compositiona detail that was expressed by various similarity
measures.

The 5-metrics abundance measure did not clearly conform to this pattern. For this
measure, CSwas high for VERT and COMP classifications, but it was also so low for all apriori
classifications that they could not be reliably ranked amongst themselves (Table 1). The low

value of CSfor the 5-metrics measure is exemplified by its ecoregion dendrogram (Fig. 3), which

showed that mean similarity within the Willamette Valley was actually slightly lower than B .

Discussion

Ecoregions and HAUs

The 4 ecoregions were more effective than the 3 HAUs for classifying our 137 wadeable
stream sites, in the sense of having consistently higher CSs across a gradient of taxonomic
information on vertebrate assemblages. Our HAU/ecoregion classification, which conferred
notably higher CSon the 3 HAUs simply by dividing 1 of the 3 along ecoregion lines, illustrates
the value of using both regionalizations and not regarding the two as an either/or choice
(Omernik and Bailey 1997).

Consistent with their CSvalues, ecoregions do offer a useful framework for examining

patterns in the raw species assemblage data. Differences between ecoregions arise because of a
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small number of species that are common in 1 region but absent or rare in others. Four species

(Cottus beldingi, Ascaphus truei, Bufo boreas, Salvelinus fontinalis) characterize the Cascades

ecoregion. The 1st isasculpin that preferslarge substrates and cold water (Zaroban et al. 1999),
and the tailed frog prefers similar conditions but at the stream edge or in cascades (Stebbins

1954), whereas the western toad is typically found near water in meadows; brook trout is an alien
species commonly introduced to cold headwater streams. The Cascades are al so characterized by

the absence of several speciesthat commonly occur in other regions (Cottus perplexus, Lampetra

tridentata, Rhinichthys osculus, Oncorhynchus kisutch). Thefirst 3 tolerate warmer water and

higher sediment loads (Zaroban et al. 1999), whereas the coho salmon (O. kisutch) is restricted
from the region by dams, falls, and flows too low for adult migration. The Willamette Valley
ecoregion supports the most speciose streams and is characterized by alien warmwater taxa

(Ameiurus natalis, Micropterus salmoides, Gambusia affinis, Rana catesbiana) as well asthe

sandroller (Percopsis transmontana), a species that can tolerate high levels of bed sediments and

prefers vegetative cover such as roots, submerged brush, and macrophytes (Zaroban et al. 1999).
The Coast Range ecoregion might be considered a sculpin region with 3 species (Cottus

aleuticus, C. asper, and C. gulosus) found only or largely there. These species along with O.

kisutch thrive in cool water with easy access to the Pacific Ocean (Zaroban et a. 1999). The

Klamath ecoregion shares most of its species with the Cascades and Coast Range, but differs

from both by sharing Richardsonius balteatus with the Willamette Valley and from the Cascades

by supporting O. kisutch. Richardsonius balteatusis a cool to warmwater minnow (Zaroban et

al. 1999) found in the agricultural valleys of the region, whereas the coho salmon benefits from

the Rogue and Umpgua Rivers, which provide passage between the Pacific Ocean and Cascade
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Mountains.

Neutral-model clusters

The DIST classification had at least twice the CSas HAUs for the 4 taxa-based
similarities, and also had about the same CSs as those of ecoregions or the HAU/ecoregion
hybrid. Thus, our data showed no evidence that ecoregional or HAU boundaries confered any
additional CSfor stream vertebrate assemblages over that achieved by spatia correlation effects.
This conclusion must be qualified by the fact that our distance-based clustering approach only
generated a single neutral-model partition of western Oregon (Fig. 4), which turned out to be not
radically different in site composition from the ecoregion grouping (Fig. 5). In fact, any such
neutral model is restricted by the relatively few ways that a 2-dimensional space can be
partitioned into compact subregions having approximately equal areas. The randomly located
circlesused by Jenerette et al. (1998) offer aricher set of neutral-model regions, but because
these circles are assessed one at atime and can overlap, they do not generate full regional
partitions. The random circles can thus be used as a neutral model for assessing within-region
homogeneity of individual catchments or ecoregions, but their applicability to the overall CSof a
geographic partition isunclear. Thereis clearly room for improvement in the available
formulations of neutral models for regional partitions.

These results should neither surprise nor deter users of geographic frameworks such as
ecoregions and large catchments. First, it bears repeating that ecoregions and large catchments
are intended for use in classifying whole ecosystems and their entire biophysical setting.
Although very helpful for this purpose, these regionalizations are, at the same time, unlikely to

strongly classify any 1 ecosystem component such as afaunal assemblage. Second, the
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development of nongeographic classification models requires large sets of internally consistent
data, obtained from carefully planned, spatially distributed sampling efforts. Such databases are
rarely available, and corresponding models of whole-ecosystem classification have yet to be
developed. In the absence of these tools, ecoregions and catchments offer geographic partitions
within which to expect somewhat similar conditions and responses to management activities.

VERT classifications had much higher CSs than any geographic classification of the same
order. In other words, there is a substantial amount of variability in our vertebrate assemblage
datathat is not explained by regional factors. A thorough exploration of possible explanatory
factorsis beyond the scope of this paper, but our results for the similarity measure based on
assemblage impairment metrics offered some indirect evidence that human disturbance factors
are likely candidates. The high CSof the metrics-based VERT classification (Table 1) showed
that the metrics are capable of defining distinct groups of sites. At the same time, the very low
metrics-based CSvalues of geographic partitions and stream order (Table 1) suggest that the
metrics are relatively insensitive to biogeographic factors, as was intended in their design. Lastly,
we note that the metric-based W, for the Willamette VValley ecoregion was unusually low,
compared with that of other ecoregions (Fig. 3). Because the Willamette Valley, with its mix of
agricultural, forested, and urbanized areas, is likely to have the greatest disturbance variability of
the 4 ecoregions, it isalso likely to show the greatest within-ecoregion variation (i.e., lowest
mean similarity) in disturbance-sensitive assemblage metrics.

Our COMP classifications were based on an average of the taxonomic dissimilarity and
geographic distance between sampled assemblages. They are useful for studying the large-scale

geographic patterns that are often observed in species assemblage data sets, relative to the
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patterns of biophysical factors that may influence assemblage composition (Hughes et a. 1987).
The COMP dissimilarity measure alows for any desired relative weighting of geographic
distance and assemblage dissimilarity. As one adjusts the weighting parameter 6 from 0 to 1, the
CSvalue of the 4 resulting COM P-based clusters smoothly decreases from the maximum levels
seen for purely assemblage-based (VERT) clusters to the lower strength seen for a purely
geographic (DIST) grouping. At the same time, the COMP-based clusters progressively coalesce
from the scatter seen in Fig. 6 to the distinct regions of Fig. 4.

Robustness of CS to choice of similarity measure

Our 5 assemblage similarity indices represented the spectrum of measures commonly
used for aquatic vertebrate and invertebrate sample assemblages. Four of these indices ranked
severa classifications in a consistent order with respect to our CS measure, suggesting that this
statistic isfairly robust relative to the level of assemblage compositional detail that goesinto
measuring assemblage similarity. As we have already suggested, the 5th index (metric similarity)

islikely responding to human disturbance rather than biogeographic patterns, giving it somewhat
different behavior.

Our assessment of CSrobustness to the choice of similarity measure and taxonomic level
of the sample assemblage adds a small piece to the substantial and growing literature on such
comparisons (e.g., Cao et a. 1997). So far, this literature has succeeded in articulating only a
few clear, broadly applicable patterns of behavior for similarity measures. Here, we have tried to
follow Green’s (1980) advice and place strongest reliance on classification results that are
qualitatively consistent across multiple measures of assemblage similarity.

Statistical vs ecological significance

22



In recent years, permutation tests of the no class structure null hypothesis, based on

within- and between-class similarities, have been increasingly used as they become widely
available in statistical ecology software. Our experience suggests that such permutation tests are
too powerful for moderate and larger sample sizes ( >50 sites); that is, avery small p-value will
result even if an observed CSdiffers only slightly in magnitude from the value expected under
chance assignments of sitesto classes.

Furthermore, evidence against the no class structure null hypothesisis, by itself, not

particularly informative (Green 1980, Gordon 1981). One can learn a great deal more by
assessing the biological significance of plausible, competing models than by testing the statistical
significance of asingle model against an unrealistic and uninformative null (Y occoz 1991,
Stewart-Oaten et al. 1992, Hilborn and Mangel 1997). For these reasons, our anaysis
emphasizes comparisons of the relative magnitudes of CSstatistics for severa classifications,
including neutral models, which represent alternative plausible models of assemblage variation
over space.

Our mean similarity dendrograms expand on the CS comparisons by illustrating within-
class homogeneities relative to a single measure of average between-class similarity. However,
they are of limited help in aggregating regions to create simplified, special-purpose
regionalizations with little lossin CS (Hughes et al. 1987, Barbour et al. 1996). Natural
candidates for aggregation would be region pairs with relatively high between-region mean
similarity, and except for some special cases (Van Sickle 1997), these candidates are only
revealed by inspecting the full matrix of mean between- and within-region similarities (Smith et

al. 1990). This examination can be difficult for > 3-4 regions, but graphical methods can still be
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of assistance. A multidimensional scaling ordination (Digby and Kempton 1987) providesa 2 or
3-dimensional display of the approximate relative mean dissimilarities between regions. One
could also carry out a cluster analysis on the mean similarity matrix itself to reveal whole-region
neighbor relations.

In conclusion, vertebrate assemblages in western Oregon’ s wadeable streams were more
similar, on average, within ecoregions than they were between ecoregions. Ecoregions and the
HAU/ecoregion partition were consistently stronger classifiers than HAUs alone, but not by
much. None of these ecologically based geographic partitions showed greater strength in
classifying our data than did aneutral partition whose strength derived mainly from spatial
autocorrel ation effects.

In short, choosing between similarly ordered geographic partitions (ecoregions vs
catchments) appears to be afairly minor issue, if one' sgoal isto find an optimal way to classify
stream ecosystems. A much broader range of classification strengths can be found by loosening,
either partly or entirely, geographic constraints on grouping streams. Constructing these
improved classifications, however, will require the acquisition of quantitative environmental and

biological datafrom many sites.
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Figures
Fig. 1. Western Oregon, partitioned by ecoregions (solid lines; names vertically aligned in
regular text), and by hydrologic accounting units (HAUSs; shaded regions; names horizontally

aligned in italics). Dots locate sampling sites on 137 wadeabl e streams.

Fig. 2. Mean similarity of species presence/absence, for Ecoregion, HAU (hydrologic accounting
units), VERT, DIST, and COMP classifications of 137 western Oregon vertebrate assembl ages.
VERT classes (V1-V4), DIST classes (D1-D4), and COMP classes (C1-C4) were constructed by
clustering on VERT (vertebrate assemblage), DIST (geographic), and COMP (0.50VERT
+0.5[DIST) dissimilarities, respectively. For each dendrogram, the node is plotted at the overall
mean between-class similarity (E ), and each branch end is plotted at the mean within-class
similarity (W) for that class. Class names on dendrogram branches correspond to the class

memberships plotted in Figs 4-7.

Fig. 3. Mean similarity dendrograms of the ecoregion site classification for species, family, and
metrics levels of vertebrate assemblage identification. AB = Bray-Curtis relative abundance
similarity, P/A = Sorenson presence/absence similarity. Classification strength (CS = W -B) is
the weighted average length of dendrogram branches. Branch namesin all dendrograms are in

same order as for family P/A.

Fig. 4. Classes (D1-D4) of western Oregon stream sites derived by clustering on intersite
geographic distances (DIST).
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Fig. 5. Western Oregon stream sites classified by ecoregion.

Fig. 6. Classes (V1-V4) of western Oregon stream sites derived by clustering on their

dissimilarities (VERT) in presence/absence of aquatic vertebrate species.

Figure 7. Classes (C1-C4) of western Oregon stream sites derived by clustering on their

composite measures (COMP) of intersite geographic distance and dissimilarity in species

presence/absence.
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