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Mathematical Analysis of Temporal and Spatial Trends in the
 
Benthic Macroinvertebrate Communities of a Small Stream
 

G. B. Matthews 
Computer Science Department, Western Washington University, Bel/ingham, WA 98225, USA 

R. A. Matthews 
Huxley College of Environmental Studies, Weslern Washington University, Bellingham, WA 98225, USA 

and B. Hachmoller 
BarfuBPfSlfilf5e 42, 3550 Marburg, C€'rmany 

Mauhews, G. B., R. A. Matthews, and B. Hachmoller. 1991. Mathematical analysis of temporal and spatial 
trends in the benthic macroinvertebrate communities of a small stream. Can. l. Fish. Aqua!. Sci. 48: 
2184-2190. 

Macroinvertebrates were collected atfour sites in Padden Creek, a small second-order stream in Whatcom County, 
Washington, USA. Two upstream sites were characterized by high densities of 9cnsitive taxa, predominantly 
mayflies, stoneflies, and caddisflies, and two downstream sites showed high densities of tolerant taxa, especially 
true flies, annelids, Baetis mayflies, and gastropods. Despite the small sample size, some statistical techniques 
proved useful. The first two components of correspondence analysis were used to confirm the existence of both 
seasonill ~nd spatial trends in the benthic macroinvertebrate populations of the stream. Neither component alone, 
however, ordinated the samples with respect to these trends. Combinations of the first two components were 
required. A standard clustering technique, k-means clustering with squared Euclidean distance, further confirmed 
the seasonal trend. Nonmetric clustering, not widely used in the analysis of ecological data, was necessary to 
confirm the spatial trend. Nonmetric clustering was also able to identify a small number of "significant" taxa, 
i.e. taxa that reliably served as indicators of spatial position on the stream. 

On a effectue un echantillonnage des macroinvertebres aquatre sites du ruisseau Padden, un petit cours d'eau 
de second ordre situe dans Ie comte Whatcom de l'Etat de Washington (E-U). Des densites elevees de taxons 
sensibles etaient caracteristiques des deux sites d'amont, en parliculier des ephemeres, des perles et des phry
ganes, tandis que les deux sites d'aval abritaient des densites elevees de taxons tolerants, surtout des mouches, 
des annelides, des ephemeres du genre Baetis et des gasteropodes. Malgre la faible taille des echantillons, cer
taines methodes statistiques se sont revelees utiles. Ainsi, les deux.premieres composantes de I'analyse factorielle 
de correspondance ont permis de confirmer I'existence de tendances saisonnieres et spatiales dans les populations 
de macroinvertebres benthiques du cours d'eau. Toutefois, ni I'une ni I'autre de ces composantes n'a permis 
d'effectuer une ordination des echantillons en ce qui concerne ces tendances, ordination obtenue toutefois par 
la combinaison des deux premieres composantes. L'agglomeration de moyennes k couplee a la distance eucli
dienne au carre, une technique agglomerative normalisee, a permis d'etayer cette tendance saisonniere. L'ag
glomeration non metrique, rarement utilisee dans I' analyse de donnees ecologiques, a ete necessaire pour confir
mer la tendance spatiale. Cette derniere analyse a aussi permis d'identifier un faible nombre de taxons 
"significatifs", c'esh3.-dire des taxons qui ont servi d'indicateurs fiables de la position spatiale dans Ie cours 
d'eau. 

Received September 9, 1990 Rec;u Ie 9 septembre 1990 
Accepted May 2, /991 Accepte Ie 2 mai 1991 
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ne of the fundamental principles of mathematical ecol example, because they require highly oxygenated waters, many IO ogy is that changes in the statistical makeup of the biota stoneflies are restricted to headwater streams, which are often I: 
are retlections of changes in the physical environment. less polluted and more turbulent than downstream reaches I 

The dominance of certain taxa at a particular site or between (Hynes 1970; McCafferty 1981). Many other stream charac
sites can serve as a quantifiable record of the strength and direc teristics can be viewed as changing along this longitudinal gra
tion of environmental changes (Faith and Norris 1989). In the dient. due to the unidirectional downstream flow. This view of 
ecology of streams. there are often two dominant environmen streams as gradients has influenced many of the fundamental 
tal changes, one associated with time and the other with loca theories on how streams function, including organic matterpro- , 
tion (Green 1974). The benthic community varies with the cessing, macroinvertebrate community trophic structure. in· ! 
season, and also with its spatial position in the stream. Many stream primary productivity. and nutrient cycling (see Minshall: 
benthic macroinvertebrates have habitat requirements that cor 1988 and Fisher 1983 for general reviews). However, the com- : 
respond to longitudinal gradients, upstream to downstream. For plex distributions and patterns exhibited by macroinvertebrates . 
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make statistical confirmation of such relationships difficult. The 
problem of identifying reliable taxonomic indicators of envi
ronmental changes is even more difficult. 

In this paper we used ordination by correspondence analysis 
and clustering by two techniques, k-means clustering and non
metric clustering, to obtain statistical confirmation of the 
benthic macroinvertebrate response to both the longitudinal and 
the seasonal trends. Correspondence analysis is well docu
mented in the literature (e.g. Gauch el al. 1977; Kenkel and 
Drloci 1986; ter Braak 1986), bUL while ordination has been 
used extensively for finding and confirming terrestrial vegeta
tion gradients (e.g. Minchin 1987), it has been used much less 
frequently to examine gradients in stream data (e.g. Green 1974; 
Culp and Davies 1980; Sheldon and Haick 1981; Schaeffer and 
Perry 1986; Failh and Norris 1989). K-means clustering is also 
widely used in many fields (Jain and Dubes 1988). Nonmetric 
clustering, described in the Appendix. is a new technique and 
has not been widely applied to ecological data although we have 
found it useful in a variety of aplications (Matthews and Hearne 
1991; Mathews et al. 1991). We found thai the combination of 
these three analytical techniques provided an excellent approach 
to our data seL The spatial and temporal trends were hoth 
revealed by correspondence analysis. The temporal trend was 
confirmed by k-means clustering which successfully separated 
samples hy date, and the spatial trend was similarly confirmed 
by the nonmetric clustering which successfully separated sam
ples hy site. 

The data we used for our analyses were collected from Pad
den Creek. a small second-order stream located adjacent to the 
city of Bellingham in Whatcom County, Washington. Hach
moiler (1989) and Hachmoller et al. (19901 found that the 
macroinvertebrate fauna in Padden Creek showed distinct 
upstream and downstream distribution patterns. These distri
bution patterns were thought to be related to differences in the 
riparian community, especially canopy cover, and the input of 
nonpoint-source runoff from residential and agricultural areas, 
which created a turbid. nutrient-enriched "lower reach" in the 
creek. 

Methods 

Macronvertehrate Sampling 

Four sites were sampled in Padden Creek (Fig. 1). Site I 
was located approximately 1 km downstream from the Lake 
Padden outfall in a forested, relatively undisturhed area. Site 2 
was located in a channelized reach that had a less di verse 
substrate than Site I. Both Sites I and 2 were upstream from 
thecontluence of Padden and Connelly Creeks. Connelly Creek 
is a nutrient-enriched tributary that drains agricultural and 
residential lands. Site 3 was located ahout 1.5 km downstream 
from Connelly Creek in a forested city park that was more 
disturbed than Site 1. Site 4 was located in a freshwater wetland 
close to the mouth of Padden Creek. Based on vegetation, water 
quality, and suhstrate sampling, Hachmoller et al. (1990) and 
Uhlig (1991) characterized the four sites as in Tahle I. 

The macroinvertebrate samples were collected monthly at 
each site from June through Octoher 1988 using a Surher 

. sampler (I-mm net mesh). Ten samples were collected at each 
, site on each date. The invertebrates were keyed to the lowest 

(DCtical taxon (genus in most cases) using the following 
references: Anderson (1976). Edmunds and Jensen (1976), 
Hatch (1953-65), Jewett (1959), Merritt and Cummins (1984), 

Pennak (1978), Ricker and Scudder (1975), Ross (1937), Stark 
and Gaufin (1976), and Stone et al. (1965). Macroinvertebrate 
densities for each taxon were calculated as the average number 
of individuals per square metre (n = 10 per sile and date). 

Statistical Tests 

Throughout this section, a "sample" refers to the pooled 
macroinvertebrate densities at a unique site and date; there were 
20 samples in this study (4 sites x 5 dates). Individual 
macroinvertebrate densities for each taxon are called' 'repli
cates." There were 10 replicates for each taxon (63 taxa) at 
each date and time (a maximum of 12 600 replicates. many of 
which had values of zero). Some statistical tests were per
formed on both the sample data averaged by replicate and the 
raw data, not averaged by rcplicate; however, only the results 
from the averaged sample tests are reported here. Generally, 
as might be expected. the raw data yielded similar results, but 
with larger variances. 

We ordinated the samples using correspondence analysis. 
Correspondence analysis (also called reciprocal averaging) 
determines taxa scores and sample scores in an "uninformed" 
manner, i.e. without prior grouping of the samples. Thus. sam
ples are ordinated independently of information regarding the 
actual site or date at which they were collected. For our pur
poses, it was important that the correspondence analysis pro
cedure give several ordinations of the samples (first, second, 
third components, etc.), for we found that two components were 
necessary to reveal trends indicated by our subjective evalua
tions. The correspondence analysis procedure is similar to prin
cipal components and factor analysis, but has been shown to 
be superior to these methods in typical environmental data sets 
(Kenkel and Orloci 1986; Ludwig and Reynolds 1988). 

The data were also clustered by the k-means algorithm using 
squared Euclidean distance, and nonmelric clustering. K-means 
clustering (J ain and Duhes 1988) views the samples as points 
in n-dimensional space, where 1l is the number of taxa. It seeks 
"clusters" of samples such that !he distance between samples 
from the same cluster is generally less than the distance between 
samples from different clusters. The measure of distance 
between samples is called the metric. A clustering is optimal 
in the metric sense if it maximizes the difference between the 
average intracluster distance and the average intercluster dis
tance. There are many measures of "distance" for samples, 
and the choice of a particular distance metric can have a radical 
effect on the resulting clusters. For our k-means clustering we 
used squared Euclidean distance. Nonmetric clustering, 
described in the Appendix, is a new procedure that does nol 
use a distance metric to detern.ine clusters (Matthews and 
Hearne 1991). Instead. a dJStering is optimal in Ihe nonmetric 
sense if it maximizes the association between clusters and a 
large number of taxa. Each taxon is also given a "score" by 
nonmetric clustering, which is a measure of how strongly that 
particular taxon is associated with the clustering. Both nlln
metric and k-means clustering are uninformed procedures, like 
correspondence analysis, and do not require prior groUpitlg of 
samples. 

Correspondence analysis, metric clustering, and nonmetric 
clustering were also used in an effort to identify diagnostic taxa . 
i.e. a subset of the taxa that could be used as indicators of 
environmental conditions. Correspondence analysis not only 
ordinates the samples, but also ordinates the taxa, and thus 
"large" taxa scores might be taken 10 indicate taxa important 
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FIG. I. Padden Creek sampling sites and relative proportions of major macroinvertebrate laxa. The 
macroinvertebrJle proportions were calculated by averaging the macroinvertcbrate densities (no.Jm2 

) 

at each site for the entire study period. 

TABLE I. Characterization of the four sampling sites. 

Factor Site I Sitc 2 Site J Site 4 

Nutrient Low-moderate Low-modcrate Elevated Elcvated 
concentration 

Riparian Second-growth Alder; gaps Second-growth Freshwater 
vegetal ion coniferous forest in canopy coniferous forest wetland 

Stream 
gradient 61 m/km 19 m/km 8 m/km 11 m/km 

Substrate Diverse Uniform Diverse Diverse 
cobble-pebble cobble-pebble pcbble-sand pebble-sand 

to the correspondence analysis ordination. K-means clustering 
does not mnk taxa in importance, and so was not used to iden
tify diagnostic taxa. Nonmetric clustering, however. is designed 
to cluster data and simultaneously identify the taxa that are 
"important" with respect to these clusters (Matthews and 
Hearne 1991). In this regard it is similar to conceptual cluster
ing techniques (Fisher and Langley 1986), which not only clus
ter the data, but attempt to show how those clusters can be 
characterized by a small subset of the data parameters. A non
metric clustering which is meaningfully related to a spatial or 
longitudinal trend will also give a list of importanl taxa. which 
could be used as indicators of that trend. 

Results 

Hachmoller (1989) and Hachmoller et al. (1990) found that 
the most abrupt change in macroinvertebrate community struc
ture occurred between Sites 2 and 3, which was attributed pri
marily to the influence of Connelly Creek. These changes can 
be seen in the pie charts summarizing the benthic community 
in Fig. 1. Mayflies, stoneflies. and caddisflies were collected 

in greater densities at the upstream sites (Sites 1 and 2); these 
three orders made up 62-67% of the macroinvertebrate densi· 
ties at the upstream sites, but only 26-40% of the densities at 
the downstream sites (Sites 3 and 4). In addition. many of the 
uncommon taxa (less than 0.5% of the total densily) were col
lected more frequently at the upstream sites, especially large, 
predatory stoneflies. This may be an artifact of the taxonomic 
technique because not all taxa were identified to the same level. 
In particular, Chironomidae and many of the noninsect taxa 
were identified only to family. This is a pervasive taxonomic 
dilemma, and its relevance to our statistical tests will be dis
cussed below. In general, the macroinvertebrates collected at 
the downstream sites were mostly taxa having relatively cos
mopolitan distributions such as Baetis and Chironomidae and 
included a large proportion of non insect taxa such as oligo
chaetes, gastropods. etc. 

Table 2 lists the average densilie< (number per square metre) 
for the most common taxa (greater than 0.5% of the total den
sity) that were collected from Padden Creek from June through 
October 1988. A complete lisling of the 63 Padden Creek taxa 
is given in Hachmoller (1989). It should be noted that the des-

Can. 1. Fish. Aquat. Sci., Vol. 48,199/ 2186 



TABLE 2. MacroinveI1ebrale densities and nonmetric elustering (NMC) scores for major taxa. 

Padden Creek 
maeroinveI1ebrate taxa 

% 
tOlal 

density 

Average densities (no./m2 
) 

Site I Site 2 Site 3 Site 4 
NMC 
score 

Pleeoptera 
Malenka spp. 
SkH'ala spp. 
SUl1'allialTri,ZtlakalSweltsa complex 

5.0 
0.6 
2.9 

78.57 
3.87 

75.77 

80.94 
11.84 
1959 

3.44 
1.72 
0.21 

6.45 
2.15 
1.50 

0.47 
0.89 

Ephemeroptera 
Baelis spp. 
Citl)'gmufu "pp. 
Epeorus spp. 
frotlodes spp. 
Paraleptophlebia spp. 
Serratella spp. 

10.3 
2.4 
3.9 
23 
3.7 
1.9 

48.43 
46.71 
95.58 
36.38 
13.56 
2.36 

130.88 
32.29 
33.58 
32.50 
41.11 
57.04 

60.06 
1.93 
1.29 
4.73 

40.04 
4.52 

108.93 
1.29 
0.21 
3.01 

31.00 
1.50 

0.12 
0.68 

0.47 

Triehoptera 
Glossosoma spp. 
HyJropsyche spp. 
Rhyacophifa spp. 
Parapsyche spp. 

5.4 
4.5 
1.1 
4.8 

31.43 
14.52 
24.54 
8.18 

119.04 
29.06 
10.33 
12.70 

25.61 
8.82 
1.29 

107.63 

7.10 
1.07 
0.64 

33.15 

0.33 
0.89 

-0.47 

Diptera 
Chironomidae 
Simuliidae 

7.7 
4.0 

60.70 
17.00 

87.83 
0.21 

59.20 
53.17 

54.03 
64.79 

0.26 
-0.33 

Amphipoda 
Gammurus facuslris 0.7 0.00 086 5.59 17.43 -0.80 

Annelida 
Enehytraeidae 
Lumbrieulidae 

31.4 
2.2 

210.97 
3.44 

260.05 
9.25 

237.88 
2303 

355.42 
39.61 

-0.26 
-0.68 

Gastropoda 
Ferissia 
Gyraulus 

0.5 
1.4 

0.00 
0.00 

3.87 
13.99 

10.97 
9.68 

2.79 
24.54 

-0.41 
-0.26 

19nation of "common" is somewhat arbitrary because. again, 
not all taxa were identified to the same level. 

Confinnation of the observed longitudinal and seasonal 
trends by correspondence analysis can be seen in Fig. 2. which 
plols all samples by the first two components of correspondence 
analysis. Neither trend, however, corresponds well with a sin
gle component of correspondence analysis. Instead, the sea
sonal differences tend to spread along a "northwest-southeast" 
line, and the longitudinal trends spread along an orthogonal, 
north-east - southwest" line. We believe that this observation 
is important, as the emphasis in much statistical eoclogy is on 
recognizing a single, dominant gradient in the population. This 
is the motivation behind' 'detrended" correspondence analysis, 
for example, which attempts to force a one-dimensional ordi
nation for data sets. In our case. a two-dimensional ordination 
was essential. 

The ordinations by correspondence analysis led to difficulties 
,. in the identification of indicator taxa. First, as seen in Fig. 2, 

'neither of the first two sample score components, alone, cor
responds with the trends of interest. Each is a combination of 
both trends. Accordingly. neither of the first two taxa scores 
could be used to determine indicator taxa for either trend. Sec

\. ODd, although correspondence analysis taxa scores were par
Iially associated wilh the trends (for example, positive taxa 
lCores were generally assigned to "upstream" taxa and nega
tive taxa scores to "downstream" taxa) the correspondence 
analysis scores were strongly influenced by rare taxa. Only three 
of the top 20 correspondence analysis taxa scores were from 

(411. J. Fish. Aqual. Sci., Vol. 48, 1991 

common taxa, these three being Hydropsyche, Mlllenka, and 
Serratella. 

The seasonal trend was confirmed by k-means clustering, 
which separated the samples by date. The June and July sam
ples were placed in one cluster and the August, September, and 
OClober samples in the other, except for one August sample 
which was placed in with the June and July samples (see 
Fig. 2a). On the other hand. nonmetric clustering confirmed 
the observed longitudinal trend. and clustered all upstream 
(Sites I and 2) samples into one cluster and all downstream 
(Sites 3 and 4) samples into the other cluster (see Fig. 2b). 

The attempt to identify indicator taxa using nonmetric clus
tering was very successful. Unlike correspondence analysis, 
most of the top taxa scores produced by nonmetric clustering 
were from common laxa. These 15 out of the 20 top scores 
were common taxa, and are listed in Table 2. This was impres
sive considering there were only 20 common taxa and that non
metric clustering is "naive" in that it did not use total macroin
vertebrate density as a selection criterion. Further, we verified 
the robustness of this taxonomic subset using a "leave-one
out" strategy. The nonmetric clustering taxa scores were recal
culated based on only 19 "training" samples, leaving one 
sample out. and then the group (upstream or downstream) for 
the omitted sample was predicted using taxa scores generated 
from Ihe olher 19 samples. This procedure was repeated with 
each sample being the one omitted. obtaining 20 tests; thus we 
obtained an estimate of the rate at which errors might occur in 
using these taxa scores to classify unknown samples, by simply 
counting the number of the "left-out" samples that were mis

2187 



(a) 

Sile 4 

(b) 
Site 3 

FIG. 2. Samples plotted with respect to the first two components of 
correspondenee analysis. In Fig. 2a, heavy lines connect samples from 
a single date; in Fig. 2b, heavy lines connect samples from a single 
site. The "northwest-solltheast" trend in dates and the "northeast
southwest" trend in sites are illustrated. Grouping of samples in 
Fig. 2a is by k-mean~ elustering with squared Euclidean distance; 
grouping of samples in Fig. 2b is by nonmetric clustering. 

classified. For our nonmerric clustering-derived characteriza
tion, there were no erroneous classifications. By comparison, 
we also perfonned "leave-one-out" testing using a linear dis
criminant procedure to reclassify the left-out sample. The linear 
discriminant misclassified 15% (3 out of 20), and this was in 
spite of the linear discriminant belng an "informed" proce
dure. i.e. input to the linear discriminant procedure consisted 
of both the data points and an identification of which data points 
came from upstream samples and which from downstream sam
ples. Nonmetric clustering is, in contrast, an "uninfonned" 
procedure. Input to the nonmetric clustering procedure con
sisted only of the data points, and no infonnation about the 
location of the samples. Nonmetric clustering was able to 
deduce the locations of the samples from the macroinvertebrate 
densities alone. 

Discussion 

Our statistical analyses supported our initial hypothesis thai 
there were longitudinal and seasonal trends evident in Ibe 
macroinvertebrate data. Ordination of samples by corresponcJ. 
ence analysis was clearly possible (Fig. 2); however, a two
dimensional ordination W(JS necessary to confirm each of the 
one-dimensional trends. 

The existence of (at leaSf) two gradients in a data set made 
interpretation of the data by clustering more difficult. Our two 
clustering techniques yielded radically different clusten 
because the structure of the data was complex enough to war· 
rant two interpretations. Which trend is the "strongest", 
depends on how "strongest" is interpreted. In our professional . 
judgement, the most obvious trend was the longitudinal trend, 
There were marked differences in the makeup of the macroift.. 
vertebrate communities from upstream and those from down
stream. However, the existence of this "obvious" trend wu, 
not confinned by k-means clustering. Instead, a rather new tool, 
nonmetric clustering, that approaches data clustering from rad
ically different assumptions was required to "confirm the 
obvious. " 

The fact that correspondence analysis gave high scores to 
rare taxa might be expected· because, if a taxon is rare, and only 
shows up at one site or date. it will, of course, be highly cor
related with that site or data. But many factors can affect the 
reported densities of rare taxa, including drift and emergence 
as well as sampling technique, sorting, and taxonomic expe
rience. Because only some of these factors are associated with 
a gradient, correspondence analysis may not be robust in data 
sets where there are many uncommon taxa. In Padden Creek, 
43 of the 63 taxa were uncommon, i.e. making up less than 
0.5% of the total density. The conclusion we draw is that taxa 
scores from correspondence analysis should not be viewed indi
vidually or in small subsets (such as the top 20), but only 
collectively. 

Nonmetric clustering was the only technique that proved 
successful in both (a) confirming an observed trend and (b) 
providing a set of indicator taxa for that trend. Nonmetric clus
tering identified a subset of 15 common taxa, given in Table 2, 
that provided enough infonnation to classify the samples, and 
did so more accurately than a linear discriminant. 

Conclusion 

Ecologically the dominant trends in our stream data were the 
longitudinal trend, where, typically, mayflies, stoneflies, and 
caddisflies were found at the upstream sites (Sites I and 2), 
while noninsects and tolerant taxa were found at the down
stream sites (Sites 3 and 4), and the seasonal trend. Our sub
jective judgement was that the longitudinal trend was more 
significant in this study than the seasonal one. Correspondence 
analysis ordination of the macroinvertebrate data from Padden 
Creek confinned the presence of both the longitudinal and sea
sonal trends in the taxa. but only as a "mixture" of each of the 
first two components of the ordination. In addition, correspond
ence analysis typically gave rare taxa the highest taxa scores, 
even though their relevance to large-scale trends in the data set 
was minor. K -means clustering favored the seasonal trend over 
the longitudinal trend, while nonmetric clustering favored the 
longitudinal trend. The nonmetric clustering also provided a 
robust means of simplifying the description of upstream and 
downstream clusters by identifying a set of 15 of the most com-
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mon taxa that could be used to ordinate samples in other studies 
if'reduced sampling·effort was desirable. This set of 15 proved 
10 be a robust indicator of the location of the sample, regardless 
of the season in which the sample was collected. Nonmetric 
clustering has not previously heen used to analyze benthic 
macroinvertebrate data, but should prove to be a useful tool for 
future studies, with broad applications and major advantages 
over current techniques. 

References 

ANDERSON, N. H. 1976. The uistribution and biology of the Oregon Trichop
rera. Technical Bulletin 134, Agricultural Experimental Station, Oregon 
Stale University, Corvallis, OR. 

CUu>, J. M., AND R. W. DAVtES. 1980_ Reciprocal averaging and polar orui
nation as techniques for analyzing macroinvenebrale communities. Can. 
J. Fish. Aquat. Sci. 37: 1358-1365. 

fDruNDS, D. F., AND D. L. JENSEN. 1976. The mayflies of Nonh and Central 
America. University of Minnesota Press. Minneapolis, MN. 

FAIm, D. P., AND R. H. NORRIS. 1989. Correlation of environmental variables 
with patterns of distribution anu abundance of command and rare fresh
waler macroinvertebrate~. BioI. Conserv. 50: 77-98. 

FIsHER, D.. AND P. LANGLEY. 1986. Conceptual clustering and its relation to 
numerical taxonomy, p. 77-116. In W. A Gale [ed.] Anificial intelli
gence and statistics. Addison-Wesley, Reading, MA. 

hHER, S. G. 1983. Succession in streams, p. 7-27. 1/1 J. R. Barnes and G. W. 
Minshall (ed.j Stream ecology, applicalion and testing of general ecolog

, ical theory. Plenum Press, New York. NY. 
GAUOl, H. G., R. H. WHllTAKER, AND T. R. WENTWORTH. 1977. A compar
. alive s.tudy of reciprocal averaging and other ordination techniques. J. 

Eco!. 65: 157-174. 
,R. H. 1974, Multivariate niche analysis with temporally varying envi

ronmental factors. Ecology 55: 73-1\3. 
,AN, L. A., AND W. H. KRUSKAL. 1954. Measures of association for 

cross classil1cations. Am. Stat. Assoc. J. 49: 732-764. 
IOLLER, B. 1989. The benthic macroinvenebrate community in Paddcn 

Creek, summer, 1988. M.S. thesis, Western Washington University, Bel· 
lingham, WA. 

UER, B., R. MA"ITHEWS. AND D. BRAKKE. 1990. Effccts of riparian 
community structure, sediment size, and walcr quality in a small, sub
urban stream. Northwest Sci. 65: 125--132. 

,M. H. 1953-65. The beetles of the Pacific Nonhwest. Vol. I-IV. 
University of Washington Press, Seattle, WA. 

,H. B. N. 1970. The ecology of running waters. University of Toronto 
Press, Toronto, Ont. 
A. K., AND R. C. DUBES. 1988. Algorithms for clustering data. Prentice 

Hall, Englewood Cliffs, NJ. 
',S. G. 1959. The stonetlies (Plecoptera) of the Pacil"ic Northwest. Ore

P	 Slate College Press, Corvallis, OR. 
"N. c., AND L. ORLOCI. 1986_ Applying metric and nonmetric mul
limensional scaling to ecological studies: some new results. Ecology 67: 
1~28. 
i,1. A., AND J. F. REYNOLDS. 1988. Statistical ecology. John Wiley, 

Vorl, NY. 
,G. B., AND J. W. HEARNE. 1991. Clustering without a metric. 
Tl1Uls. Pattern Anal. Mach. lnteH. 13: 175-\84. 
,R. A., G. B. MAlTHEWS, AND W. J. EHINGER. 1991. Classification 

ordination of limnological data: a comparison ofanalylicallools. Ecol. 
t 53: 167-187. 
:TY, W. P. 1981. Aquatic entomology. Jones and Bartlett Publishers, 

'" Boston. MA. 
'.R. W., AND K. W. CUMMINS. 191\4. An introduction to the aquatic 

of North America. 2nd ed. Kendall/Hunt Publishing Company, 
lue,IA. 

'. P. R. 1987. An evaluation of the relative robustness of techniques 
ecological ordination. Vegctatio 69: 89-107. 

" G. W. 1988. Stream ecosystem theory: a global perspective. j. N. 
I. Bentho!. Soc. 7: 263--288. 
R. W. 1978. Freshwater invertebrate~ of the Uniteu States. John Wiley 
Sons, New York, NY. 
W.	 E., AND G. G. E. SCUDDl'.R. 1975. An annotated checklist of the 

'ra (Insecta) of British Columbia. Syesis 8: 333-348. 
, H. 1937. Nearctic alder flies of the genus Sialis. III Nal. His!. Surv. 
. 21: 57-78. 

SCHAEFFER. D. J., AND J. A. PERRY. 1986. Gradients in the distribution of 
riverine bemhos. Freshwater BioI. 16: 745-757. 

SHELDON, A. L., AND R. A. HAICK. 1981. Habitat selection and association of 
stream insects: a multivariale analy~is. Freshwater Biol. Il: 395-403. 

STARK. B. P., AND A. R. GAUFlN. 1976. The nearctic genera ofPeriidae. Misc. 
Pub!. Entomol. Soc. Am. LO(l). 

STONE, A., C. W. SABROSKY. W. W. WIRTH, R. H. FonTE, AND J. R. COUL
SON. 1965. A catalog of the Diptera of America north of Mexico. Agri
cultural Research Service, Uniled States Depanment of Agriculture, 
Washington, D.C. 

TEll. BRAAK, C. J. F. 1986. Canonical cOTTespond~nce analysis: a new eigen
vector technique for multivariate direct gradient analysis. Ecolog)' 67: 
1167-1179. 

UHLIG, L. J. 1991. Comparison of preuator-prey relationships between sto
nefli.es and mayflies in various habitats of Padden Creek. M.S. thesis, 
Western Washington University. Bellingham. WA. 

Appendix: Nonmetric Clustering 

We give here a brief introduction to the technique of non
metric clustering, which is described fully in (Matthews and 
Hearne 1991). Traditional clustering algorithms, such as k
means clustering, rely on a metric, or distance measure, defined 
over n-dimensional space. Points are then divided into clusters 
based on cluster "quality," where quality is in tum based on 
simultaneously minimizing intracluster distance and maximiz
ing intercluster distance. In Fig. A.l, for instance, the points 
in the upper right would constitute one cluster because they are 
all close to each other, and the points in the lower left would 
constitute the second cluster because they are all close to each 
other and at the same time far from the points in the other 
cluster. 

Problems arise with this method when other dimensions are 
added. however. In Fig. A.2a, the points all have the same x 
and y coordinates as in the previous figure, but a random value 
for the z dimension has been added. Intuitively, the points are 
still in the same clusters, and the third dimension represents 
pure noise that should be ignored. Metric-based clustering, 
however, must compose a metric out of all dimensions, with 
the result that the clusters proposed for the data are as shown 
in Fig. A.2b. If metric-based clustering is to succeed at all, 
some kind of data transformations or weighted metrics must be 
employed. 

Nonmetric clustering, on the other hand, is not based on an 
n-dimensional metric. Instead, each dimension is examined 
independently of the others, and the association between the 
clustering and the dimension is measured. In Fig. A.I the asso
ciation between the obvious clusters and each of the x and y 
axes is evident. A quantitative measurement of this association 
is used to indicate the strength of the association. Guttman's A 
(Goodman and KruskaI1954), which is similar to a chi-squared 
statistic, is used for reasons discussed by Matthews and Hearne 
(19911. The optimal clustering, then, is selected as the one that 
has the strongest association with the largest number of dimen
sions. The dimensions themselves are not combined into a met
ric, and there is no call to include all dimensions in the estimate 
of clustering quality. 

For our example data set, the nonmetric clustering for three 
dimensions, shown in Fig. A.2c is identical to the obviously 
"correct" clustering in two dimensions. This is because the 
best associations between clustering and dimensions are with 
the x and)-' axes. There is no way a clustering can be found that 
will associate well with more than two axes, and so only the x 
and}' axes are used to measure clustering quality, and the z axis 
is ignored. 
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FIG. A.l. Artificially generated data $et clustered in two dimensions, 

A computer program, called RIFFLE, implementing non
metric clustering, has been constructed and is described in Mat
thews and Hearne (1991). RIFFLE was used for all nonmetric 
clustering discussed in this paper. 

Nonmetric clustering thus offers the following advantages 
over traditional methods: (1) it does not combine counts from 
dissimilar taxa by means of sums of squares, or other ad hoc 
mathematical techniques; (2) it does not require transfonnations 
of the data, such as normalizing the variance; (3) it works with
out modification on incomplete data sets; (4) it can work with
out further assumptions on different data types (e.g. species 
counts or presence/absence data); (5) significance of a taxon to 
the analysis is not dependent on the absolute size of its count, 
so that taxa having a small total varianct, such as rare taxa, can 
compete in importance with common taxa. and taxa with a 
large, random variance will not automatically be selected, to 
the exclusion of others; (6) it provides an integral measure of 
"how good" the clustering i', i.e. whether the data set differs 
from a random collection of points; and (7) it can, in some 
cases, identify a subset of the laxa that serve as reliable indi
eators of the physical environment; in our case, the indicator 
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FIG. A.2. Artificial data set of Fig. Al with (a) a random compo~ 

in the z dimension added, (bl clustering by k-means, and Ie) nonmetric 
clustering. 

species were proved. in testing. to be more reliable than indi
cators based on a linear discriminant. 

The primary disadvantages of nonmetric clustering, as III 
see them, are", follows. (I) There are some case'. documentel 
in (Matthews and Hearne 1991), where metric clustering is_ 
be preferred over nonmetric clustering. In general, we rec.. 
ommend using both, and examining the results critically, fa 
than accepting a single clustering method as the best for 
cases. (2) The RIFFLE implementation of nonmetric c1usle . 
is very computer intensive, and takes much longer to run 
k-means clustering. (3) Implementations of the technique, s 
as RIFFLE, are not widely available yet. 
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