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ABSTRACT: Abundances of the 20 most common species of hyperiid amphipods in the North Pacific central gyre (28 ON, 155 W) 
were studied with factor analysis. Seventy-nine samples were collected with opening/closing nets during a 10-d period: each net 
tow was about 1000 m long. Depth intervals were 0-25, 25-50, 50-75, 75-100, 100-350 and 350-600 m. 'R-mode' analyses 
grouped species with similar patterns of numerical variation across samples. 'Q-mode' analysis grouped samples with similar 
patterns of variation in species abundances. Orthogonal and oblique factor analyses delineated identical groups of species. 
Abundances of species within a group vary in parallel ways across samples: abundances within a group are believed correlated 
with a single underlying factor. Among the 20 species there were about 5 major patterns of variation, each presun~ably 
corresponding to an important environmental factor or process. Nineteen species each had a high correlation wlth one of these 
factors; the remaining species was consistently highly correlated with more than one factor. The factors are hypothetical 
constructs derived from the data base, but have yet to be identified with real-world variables. The groups of species were not 
dominated by patterns of species vertical distributions, diurnal vertical migrations, or relative abundances. The groups of 
samples were dominated by time of day and depth. The results of factor analyses were compared to an earlier recurrent group 
analysis of the same data: recurrent group analysis uses only presence/absence. The comparison showed that abundance and 
presencelabsence of species are separable, but not independent, aspects of hyperiid distributional pattern. 

INTRODUCTION 

Marine zooplankton manifests pattern and interac- 
tions on scales ranging from a few millimeters to 
ocean-wide dimensions. For study of the different 
scales, different questions are posed and different 
investigative techniques used. At the small end of the 
scale is the technique of direct observation of plankton 
by scuba divers: this is the 'natural history' approach, 
which elucidates species-species interactions in detail. 
Such an approach has been most fruitful where zoo- 
plankton population densities are relatively high and 
well represented within the depth zone which limits 
safe scuba diving (e. g. Hamner et al., 1975; Harbison 
et al., 1977; Madin and Harbison 1977; Harbison et al., 
1978). Such observations are, however, rapidly chang- 
ing our view of how certain species interact on very 
fine scales. On ocean-sized scales, patterns of distribu- 
tion and abundance of organisms, and the correlations 
of those patterns with environmental features, have 
been well documented (Ekrnan 1953; Reid 1962; 
McGowan 1971, 1974; Reid et al., 1978; see also 
'Marine Ecology', Volume V, Part 1). 

Between these very large and fine scales are mid- 
range scales on which distributions and abundances of 

organisms have not been well described. Mid-range 
scales are probably important ecologically: on scales of 
a few hundred to a few thousand meters, many pelagic 
zooplankton species could probably move actively; 
moreover, the behavior of zooplankters on those scales 
could significantly affect survival. The methods avail- 
able to investigate patterns on these scales are at 
present crude (primarily the use of nets), and suffer 
major limitations, particularly very slow sample 
acquisition rates and very long processing times to 
obtain data from samples. In addition, very little 
environmental data has been taken simultaneously 
(i. e. at precisely the same time and place as) with most 
net samples. In the open sea, there are few abiotic 
environmental parameters which exhibit strong sig- 
nals on horizontal scales of a few hundred to a few 
thousand meters. Hence, it is unlikely that patterns in 
distributions of organisms on those scales would be 
explainable in terms of abiotic environmental factors. 
Instead, biological interactions are most likely to influ- 
ence patterns of organisms on such horizontal scales. 
Observations on a scale of a few centimeters to a few 
meters (e. g. scuba observations on individual organ- 
isms) or on scales of hundreds or thousands of kilome- 
ters (traditional zoogeographic scales) do not address 
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the discovery, description, or explanation of pattern on 
the mid-range scales. Although new sampling techni- 
ques are badly needed for scales of tens to thousands 
meters, and such techniques are being developed, 
analyses of available 1000-m scale samples can pro- 
vide significant preliminary insights into the types and 
intensities of pattern. The questions asked of 1000-m 
scale samples may be extremely simple; for example, 
'do species covary in abundance across samples?' If 
they do, then the inference is that some process or force 
exists which causes those patterns: simple discovery 
and description of such patterns may not identify the 
process(es) generating them, but are an  important first 
step. Two essential aspects of pattern are co-occur- 
rence of species and variations in abundances of 
species. Several recent analyses of zooplankton data 
have used recurrent group analysis (Fager, 1957) to 
describe patterns of CO-occurrence of species (Fager 
and McGowan, 1963; Shulenberger, 1976, 1978, 1979; 
Rottman, 1978; McGowan and Walker, in press). How- 
ever, recurrent group analysis operates on presence/ 
absence data and deliberately avoids consideration of 
variations in, or CO-variation of, species abundances, 
while detecting groups of species which CO-occur in 
samples more frequently than attributable to chance 
(as discussed by Fager, 1957). After detection of 
groups, various statistics have been used to investigate 
crude numerical abundance relationships (e. g.  ranks) 
of group member species (Shulenberger, 1976, 1978, 
1979; MC Gowan and Walker, in press). Missing from 
these analyses is a n  attempt to detect, within the origi- 
nal data, patterns based on CO-variation of abundances 
of species with one another. In the present study, factor 
analysis is used to fill this gap,  and to provide another 
independent description of pattern among these zoo- 
plankters. The results are compared with a recurrent 
group analysis of the same samples (Shulenberger, 
1979). 

MATERIALS AND METHODS 

All hyperiid amphipods (total = 14,581: see Shulen- 
berger, 1977) were sorted, identified, and counted from 
79 depth-stratified samples from the North Pacific 
Central Gyre (at 28 ON, 155 "W: see Fig. 1 in Shulen- 
berger, 1977). All samples were taken with opening/ 
closing 'BONGO' nets (Scripps Institution of 
Oceanography, 1966) of 505 pm mesh, towed at 3.25 
km h-'; each sample is the zooplankton obtained by 
one net filtering 400 m3 of water. All were collected 
during a 10-d sampling period, while maintaining pos- 

ition relative to two parachute drogues deployed at 10 
m (see Scripps Institution of Oceanography, 1974, and 
Shulenberger, 1977, for details of station plan). Depths 

sampled were 0-25, 25-50, 50-75, 75-100, 100-350, 
and 350-600 m. Eighty-three hyperiid species were 
collected. 

Factor analysis was used to group hyperiid 
amphipod species; species within a group should be 
CO-varying numerically (in terms of numbers caught 
per unit volume of water filtered). Parallel numerical 
variations are assumed to be functions of some under- 
lying process of force (a factor); there are probably far 
fewer such fundamental variables than there are origi- 
nal variables in the data. Each original variable is the 
set of abundances of one species across 79 samples. 
Factor analysis was also used to group samples. The 
factors are hypothetical constructs, derived from the 
data set, which are statements of the existence of such 
groups of interrelated variables. Several groups of var- 
iables may be found within a data set. For example, 
assume that a n  analysis includes data on only two 
types of species: (a) filter-feeding particle harvesters, 
and (b) obligate visually-feeding carnivores. The 
abundances of these two groups will tend to vary 
independently, with the abundances of members 
within each group covarying: the filter feeders may be 
most responsive to particle abundance, while the 
carnivores may depend upon light. Factor analysis 
would detect these groups whether or not one had any 
a priori idea that those underlying factors (interrela- 
tionships) existed, unless there is a strong correlation 
between light and particle abundance. If there is such 
a strong correlation, the groups would likely still be 
detected, but the factors describing those groups 
would be correlated with (i. e .  not 'orthogonal' to) one 
another. 

The factor analysis program in the Statistical Pack- 
age for the Social Sciences (Nie et al.,  1975) was used. 
Orthogonal ('VARIMAX') and oblique rotations were 
performed on a Burroughs 6700 computer using log- 
transformed data. To determine which species CO-vary 
most closely, I used an  'R-mode' common factor analy- 
sis following Rummel (1970, p. 194). The occasion is 
September 1968; the entities are 79 samples; and the 
variables are time, depth, and 20 species' numerical 
abundances in samples. The R-mode analysis d e l i ~ e -  
ates groups of variables (i. e .  species); members of a 
group should have similar numerical variations across 
samples. In addition, to determine which samples are 
most alike, I used a 'Q-mode' analysis (Rummel, 1970). 
In the Q-mode analysis the R-mode data matrix was 
transposed, and the groups are of samples with similar 
patterns of variation across variables, i. e . ,  across 
species. 

In factor analysis, one assumes that many variables 
chosen to measure are aspects or realizations of other, 
more basic underlying processes (termed 'factors'). 
Thus many of the variables measured are correlated 
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with one another, either due to cause and effect, or 
because both are responses to some other underlying 
process. Factor analysis is a descriptive statistical 
technique which seeks to discover those underlying 
relationships and to reproduce (or 'account for') the 
variation in a data set using as few factors as possible. 
One assumes an underlying normal multivariate ( =  
multifactor) structure to the universe, and recognizes 
that the universe can be sampled using any combina- 
tion of a wide range of possible (correlated) variables. 
Rummel (1970, p. 104) summarizes factor analysis suc- 
cinctly: 'the search for common factors is the search 
for hypothetical variables that will cause the partial 
correlation between all possible pairs of m variables to 
tend to zero, when the hypothetical variables are held 
constant'. 

The factor analysis model partitions the total varia- 
tion in a data set into several categories. 'Communal- 
ity' is that part of the variance of variable j which is 
common to the other n-l variables. 'Uniqueness' is that 
part of j s  variance not common to the other n-l vari- 
ables. 'Uniqueness' consists of (1) specific and (2) ran- 
dom error components. Specific variance is always 
present and is believed to be real (i. e. not measure- 
ment error). Random error is noise caused by measure- 
ment inaccuracies and the like. 

Factor analysis operates upon correlations between 
measured parameters; it delineates clusters of corre- 
lated variables, measures the correlation of the vari- 
ables with the hypothesized underlying factors, and 
measures the degree of correlation of those factors with 
one another. The data set may be visualized as an n- 
dimensional collection of points, where n = number of 
variables. Factors are new axes derived from the origi- 
nal axes. Because there are fewer factors than original 
variables, a description of the variation within the data 
along those factors may be far simpler than a descrip- 
tion in terms of the original axes. One hopes to (a) 
reduce the number of variables significantly, (b) per- 
ceive pattern that was obscured by the amount of data, 
and (c) get significant insights into the causes of pat- 
tern in the data. The last depends upon conceptualiza- 
tion of the abstract 'factor' (which is an interrelation- 
ship of variables) into a usable and perhaps even 
directly measureable parameter. 

The first step in a factor analysis is calculation of a 
matrix of correlation coefficients of the N variables 
with one another (product-moment correlations were 
used here). This produces an N X N matrix in which 
all diagonal elements (the communalities) are 1.00. 
Setting a variable's communality equal to 1.00 
assumes that the total variance in the data for that 
variable is 'explained by' the measured suite of vari- 
ables (i.e. that one has accurately measured all the 
variables in the universe which affect the abundances 

of each species), even though this is certainly an over- 
simplification. 

The second step is to select a more reasonable esti- 
mate of communality for each variable. In a sense, this 
value represent the investigator's view of how well he 
has selected the variables he measured out of the 
universe of possible variables: i .  e . ,  his estimate as to 
what fraction of the total variation in variable i is 
'explained by' (CO-)variation of i with all the other 
measured variables. Two common techniques are to 
replace the communalities either with the squared 
multiple correlation coefficient of i with all other vari- 
ables, or with the maximum correlation coefficient of i 
with any other variable (see Harman, 1967, and Rum- 
mel, 1970, for detailed discussions). The latter is more 
conservative and computationally economical and is 
used here. 

The third step is an initial extraction of factors, 
without rotation: moreover orthogonality of factors is 
enforced (orthogonality means that the factors are 
uncorrelated). Initially one factor is extracted per origi- 
nal variable. Each successive factor extracts a smaller 
and smaller percentage of the total variance from the 
data. The cumulative percentage of total variance 
extracted is plotted (Fig. l ) ,  and one makes a subjec- 
tive determination as to how many factors are likely to 
be meaningful. This is done using established criteria 
(Harman, 1967; Rummel, 1970). In the present study, 
the decision to extract 5 factors was based on Figure 1. 
After specifying five as the number of orthogonal fac- 
tors to be extracted, the analysis was repeated and all 
variance was apportioned among them. The resulting 
set of orthogonal axes could then be rotated until 
clusters of variables were best delineated ('VARIMAX' 
rotation was specified: see Harman, 1967; Rummel, 

Variable I D  number 

Fig. 1. Cumulative percent of variation extracted from the 
data set, original unrotated extraction of orthogonal factors. 
Following criteria in Rummel (1970), five factors were 
extracted in all subsequent analyses. Numbered variables are 

species; for names see Table 1 
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1970; Nie et al., 1975). This analysis results in an  M X 

N matrix (M = # of factors, N = # of variables): each 
element of the matrix is the correlation of an initial 
variable with a constructed factor. Such values are 
called factor loadings. The squared loading (correla- 
tion) of a variable on a factor equals the fraction of the 
total variance in that variable, over the entire data set, 
which is contained in (or 'explained by') that factor. A 
loading with an absolute value greater than 0.5 (i. e. 
I loading I r 0.5) for a variable on a factor means that 
the factor extracted 2 25 O/O of the total variance in that 
variable. Such a loading is here called a 'high' loading. 

The final step in a factor analysis is to relax the 
demand that all axes (factors) be orthogonal. This obli- 
que rotation of axes permits: (a) derivation of a more 
realistic interpretation of the factors that influence the 
data set, and (b) clearer delineation of the cluster of 
variables associated with each factor. Oblique rotation 
seems likely to represent nature more accurately than 
does orthogonal rotation, because few biological pro- 
cesses in the open ocean are truly independent of one 
another. In oblique rotation, the previous factor analy- 
sis is redone, with new estimates of communality. 
These are obtained (Rummel, 1970) from the ortho- 
gonal analysis by calculating for each variable the sum 
of the squared loadings ( =  correlations) of that vari- 
able on all factors. For a given species this sum repre- 
sents the fraction of total variation extracted from the 
data by the orthogonal analysis, and is the new com- 
munality estimate for the species. With the new com- 
munalities in the matrix, the factors are computed 
again without an  orthogonality requirement; then the 
sum of squared loadings is recomputed for each vari- 
able, placed in the matrix, and the analysis is repeated 
until successive iterations converge. 

Unfortunately, while making good heuristic sense, 
oblique rotations generate some problems, especially a 
lack of uniqueness. Once oblique rotation is specified, 
one must set up criteria by which to decide when to 
stop (i. e. decide what constitutes a 'good' oblique 
rotation). Different criteria (or even different computa- 
tional methodologies) may give radically different 
results when operating upon the same original correla- 
tion matrix. Discussion of these problems occupies 
major sections of factor analytic texts (Harman, 1967; 
Rummel, 1970). The caveat is clear: in all steps beyond 
calculation of the correlation matrix, factor analytic 
results are non-unique solutions, and this is particu- 
larly true for oblique rotations. 

In recurrent group analysis, twenty species were 
placed into groups (Shulenberger, 1979). Nineteen of 
the twenty most abundant species were so grouped; 
they include over 90 O/O of total individuals in the 
combined 79 samples. The abundances of those twenty 
species (ranks # 1 through 19, plus # 22: names and 

catches given in Table 1) across all 79 samples are the 
original data for the factor analyses. The only other 
variables factored were time of day (scored as 1 = day, 
2 = night) and depth (scored as 1 through 6, corres- 
ponding to the depth intervals mentioned earlier). 

Table 1. Hyperiid amphipod species used in factor analyses. 
ID # :  identification number used throughout text. ROA: 
overall rank-order of numerical abundance, 79 samples com- 

bined 

Species ID # Total ROA 
captured 

Amphithyrus bispinosus 2 70 22 
Brachyscelus crusculum 6 304 11 
Anchylomera blossevillei 7 297 12 
Eupronoe armata 13 336 9 
Eupronoe sp. A 15 756 4 
Eupronoe minuta 16 116 19 
Hyperietta Iuzoni 20 172 16 
Hyperietta stephenseni 23 331 10 
Hyperietta vosseleri 24 3418 2 
Hypenoides long~pes 25 417 7 
Hyperioides sibaginis 26 956 3 
Lestrigonus bengalensis 29 632 5 
Lestrigonus schizogeneios 32 158 17 
Lycaeopsis themfstoides 35 154 18 
Paratyphis p a m s  44 396 8 
Phronimopsis spinifera 52 252 13 
Phrosina semilunata 5 3 225 14 
Primno latrefllei ' 5 6 3695 1 
Scina crassicom~s 60 610 6 
Scina sp. A. 61 194 15 

Referred to as P. rectimanus in Shulenberger (1977). 
Change follows T. E. Bowman (pers. cornm.). 
' ' 79 samples combined. 

RESULTS AND DISCUSSION 

Factor Analysis 

The following R-mode factor analyses were per- 
formed: # 1, all samples, all variables except time; #2, 
all samples, all variables; #3, all samples, all variables 
except time and depth; #4, day samples only, all 
variables except time; #5, night samples only, all 
variables except time. Analysis #l  will be presented 
and discussed in greatest detail for three reasons. First, 
it closely approximates the recurrent group analysis 
with which factor results will be compared. Second, 
the oblique results (discussed for # l  only) did not 
differ substantially from the VARIMAX (orthogonal 
rotation) results. Third, the groups of species with high 
loadings on a particular factor changed little from 
analysis to analysis. Time was deleted from Analysis 
# l  because, as a dichotomy, this variable is quite 
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Table 2 Factor analysis results Each element of each m a t r ~ x  is the 1 loading I of a varlable upon a factor In VARIMAX, the 
loadings are correlations and (loading)2 = fraction of that vanable S variance extracted by that factor Because of obliquity of 
axes, oblique loadings are not strictly correlations (see text) h2 = communality = sum of squared VARIMAX loadlngs for that 
varlable upon all factors h,Z X 100 = ' l , ,  of total variation in data for variable 1 extracted by the analysis VARIMAX extracted 
74 of the total var ia t~on In the data set uslng only 5 factors All loadings 2 0 5 are enclosed In parentheses and are those 

loadings used to define groups Z = depth 

VARIMAX (ORTHOGONAL) OBLIQUE PATTERN OBLIQUE STRUCTURE 
Variable F, F, F, F, F, h2 F, F, F3 F4 F5 FI F2 F3 F4 F5 

Z (.74) .30 .03 .34 .09 76 18 .02 ( .62) 16 .31 .43 05 (.77) 30 (.53) 
2 .25 (.71) .04 .02 .07 57 (.73) .09 13  .06 .03 (.74) 18 .33 .21 14 

6 (.69) .46 .02 .08 .09 .70 .40 04 ( .63) .05 .06 (.56) . l 3  (.75) 11 .29 
7 (.79) .30 . l 9  .27 .22 .87 .20 .20 (.66) .30 .22 .42 .09 (.81) .43 (.50) 

13 .31 .24 .24 .34 17 .36 . l 2  .26 16  19  .33 .35 .29 .33 .30 .38 
15  .49 . l 6  .39 .41 .06 .59 .01 .46 .35 .09 .42 .33 .43 ( 5 0 )  .23 .46 

16 (.72) .08 .04 15  .23 .60 . l 4  .03  (.82) . l 5  . l 5  .03 .02 (.?2) 10  .04 
20 .07 . l 8  ( 5 2 )  .04 18 .34 .08 (.50) .01 . l 6  .05 .28 (.55) .07 .22 .08 

23 .30 .44 .43 .42 .20 ,138 .43 .30 .36 .22 .44 (.52) (.51) .35 . l 1  .34 
24 .06 (.66) ( 6 3 )  . l 3  17 .88 (.57) ( .55) .l1 . l 2  . l 0  (.77) (.?4) . l 3  .29 .l1 
25 . l 8  .06 .27 (.73) .05 .64 .02 l ?  .01 .02 (.76) .08 26 .21 .06 (.79) 
26 .24 (.66) 17 .49 .08 .7? (.60) 13 .OO .08 .47 (.73) .28 .32 .27 (.56) 
29 ( .70) .23 11  .31 .30 .74 .07 . l 3  (.55) .36 .27 .39 19 (.70) .49 .47 
32 . l 5  (.81) .01 .04 . l 0  .69 (.86) 15 .02 .07 . l 0  ( .82) . l 6  .24 .22 .07 
35 .27 (.67) .31 . l 3  .01 .64 (.63) .22 . l 4  .01 10 (.76) .43 .36 . l 7  .21 

44 . l 3  (.84) . l 2  .29 .06 .83 (.85) .01 .08 .03 26 (.87) .27 .23 .22 .38 
52 . l 4  (.53) .47 32 03 .63 ( 5 5 )  .33 . l 6  .04 .35 ( 5 6 )  (.55) 18 .04 .35 

53  .04 .01 (.75) 12 .09 .59 . l 3  (.76) .03 .06 . l 2  14 ( 75) .02 . l 0  .22 
56  .26 11  ( 9 0 )  11 .26 .97 .04 (.go) .23 .34 .06 .21 ( 88) .22 28 .28 
60 .06 16 .07 10 (.82) 73 .09 .Ol .07 (.84) .20 21 . l 4  .OO ( 8 2 )  10 
61 . l 8  12 18 (.59) .37 57 11 10  08 .35 (.65) 13  . l 8  .24 .25 ( .M)  

different from the others and could cause problems in 
interpretation of results. 

Table 2 lists the results of analysis # l .  The first step 
(original unrotated orthogonal factors) is not pre- 
sented. The rotated orthogonal factors ('VARIMAX') 
and obliquely rotated factors are shown, along with 
other information. All 'high' loadings are enclosed in 
parentheses. In the VARIMAX results, there are sev- 
eral obvious trends. Each factor tends to include a few 
high loadings, many low loadings, and few intermedi- 
ates. Most variables do have at least one high loading 
on some factor (exceptions are #13, 15 and 23). Only 
one variable (Hyperietta vosselerj) has high loadings 
on more than one factor (var #24, on F2 and F3). I 
define a group as being the set of variables having 
I loading I 2 0.5 on a particular factor. 

The species with high loadings on a particular factor 
all tend to vary numerically in parallel ways across 
samples. This implies parallel responses to some 
environmental process. The underlying process (or 
forcing function) is unlikely to be vectorial (i.e. physi- 
cal) in nature, since such a process should affect all 
species more or less equally, and they would therefore 
all have had high loadings on the same factor. Under- 
lying the total variance in the data there are a few 
major axes (factors) along which the data are distri- 
buted; individual species respond most strongly to (i.e. 

correlate with) only one of that suite, rather than with 
several. 

Each communality value (Colun~n h2) in Table 2 is 
the sum of the squared loadings of that variable on 
each of the 5 VARIMAX factors. The 'ith' communality 
therefore represents the fraction of the total variation 
for species, which has been accounted for by the 

0 2 :  
I I I I  

1 5 10 15 20 
Rank order o f  abundance of  specles 

Fig. 2. Rank order of numerical abundance vs con~n~una l i t y  
estimate. Olmstead and Tukey's 'corner test' for association 
was used to check the null hypothesis that no correlation 
exists; H, rejected but  only at  P = 0.10. Communality,: 
fraction of the total variance in data on vanable,  extracted by 

the analysis 
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extraction of those 5 orthogonally-rotated factors. 
Communalities range from 0.97 (i.e., 97 O/O of variation 
extracted; var. #56) to 0.34 ( =  34 O/O; var. X.20). The 
VARIMAX factor analysis accounted for 74 '/o of the 
total variation in the data set (Table 2). Communality 
values appear to be weakly correlated with rank order 
of numerical abundance of species (Fig. 2); some such 
correlation is not unexpected. It appears reasonable to 
be able to extract more of the variation in data on those 
species for which the largest catches are available. The 
correlation is only significant at P = 0.10; the test used 
(Olmstead and Tukey's corner test: Sokal and Rohlf, 
1969) is quite conservative, however. Use of a more 
distribution-dependent test is probably not warranted. 

The oblique 'pattern' and 'structure' matrices (Table 
2) strongly resemble one another. However, the use of 
each is rather different (Harman, 1967; Rummel, 1970). 
The pattern matrix best displays the group of variables 
associated with each factor, while the structure matrix 
approximates a set of correlations of variables with 
factors. For both oblique matrices, however, the load- 
ings are not simple correlations of variables with fac- 
tors since the factors are not orthogonal to one another. 
Loadings on oblique factors do resemble correlations 
in that a value near zero indicates very little relation- 
ship between variable and factor, while values near 1.0 
indicate the converse. 

Factor numbers are arbitrary; groups of variables are 
the important part of the results. Here, oblique and 
VARIMAX groups are identical (Table 3). Only values 
of loadings have changed slightly (Table 2),  as the 

Table 3. Groups of variables with high loadings on each 
factor; all samples, all variables except time. A: VARIMAX 
orthogonal rotation. B: oblique rotation, pattern matrix. VF: 

VARIMAX factor number. OF: oblique factor number 

(A.) VARIMAX (B.)  OBLIQUE PAlTERN 
Factor Variable numbers Factor Variable numbers 

VFl depth, 6, 7,  16, 29 OF3 depth, 6, 7,  16, 29 
VF2 2,24,26,32,35,44,52 OF1 2, 24,26,32,35,44,52 
VF3 20, 24, 53, 56 OF2 20, 24, 53, 56 
VF4 25. 61 OF5 25, 61 
VF5 60 OF4 60 

Table 4. Correlations between oblique factors, from Analysis 
1 (all samples, all vanables except time) 

factors are allowed to best delineate groups. The rob- 
ustness of group membership despite change in analy- 
tical technique suggests that the group members are 
indeed responding similarly to some force or process. 

In the oblique analysis, any apparent independence 
of factors is presumably real. Factor interrelationships 
(i.e. degee of non-orthogonality) may be measured as 
correlation coefficients of one factor against another. 
Table 4 presents those coefficients for analysis (1). The 
structure of the 5-factor space is relatively simple: 
there are no highly correlated pairs of factors. Even 
when rotated to simple structure (i.e. permitted to be 
non-orthogonal), the factors tend to be independent of 
one another. Squaring such a correlation coefficient 
gives the fraction of a factor's variance which it shares 
with the other factor. There are no available methods 
for accurately computing significance levels for corre- 
lations between oblique factors. The highest correla- 
tion is F, X F, (coeff. = 0.34); these factors share about 
11 ' ) /Q  of their variance, and are, to that degree, depen- 
dent (non-orthogonal). The F, X F, interrelationship is 
probably due to Hypenetta vosseleri (#24) which had 
high loadings on both oblique F, and F, (Table 2): it is 
the second most abundant species and is the only 
variable to have high loadings on more than one factor. 
The lowest oblique correlation is F, X F,: these factors 
share essentially no variation (0.06' = 0.0036), i.e., 
they are almost orthogonal. F, X F, and F, X F, both 
have correlations of 0.28. Both pairs have several 
species with medium loadings on both pair members 
(Table 2). 

Whatever the forcing functions are that generate 
these sets of patterns of variation, they appear to be 
almost entirely dissociated from (i.e. uncorrelated 
with) one another. Certainly they are less connected 
than one would expect in the hypothetical herbivore vs 
carnivore example given in the introduction, since 
those two sets may both be strongly controlled by light 
intensity and therefore should have some correlation 
with one another. 

Table 5 presents the species groupings derived from 
the five different analyses used to interpret the data. 
The close similarity between orthogonal and oblique 
species groups was maintained in the other four anal- 
yses, so only the orthogonal results are shown. The 
three analyses which included all 79 samples (Table 
5a, b, c) show very similar results. 

Shulenberger (1978) showed that, among the 10 most 
abundant hyperiid species studied here, little could be 
statistically documented in the way of diurnal vertical 
migrations or depth preferences in the upper 100 m. 
The addition or removal of time and depth as factored 
variables produced no major change in groupings: this 
substantiates those earlier conclusions. Lestrigonus 
bengalensis (#29) was shown (Shulenberger, 1978) to 
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Table 5. Results of five VARIMAX factor analyses. Factor 
numbers are arbitrary. Only high-loaded species dre shown 
(see text). F: factor number; numbers in columns arp variable 
ID#s (Table 1) ;  Z:  depth; T ,  time of day (A) All 79 samples, 
all variables except T (scc text). (B) All 79 samples, no T or Z. 
(C) A11 79 samples, all varidhles. (D) Night samples only, all 
variables except T (E) Day sdmples only, all variables except 
T Number in parentheses are factor loadings; because these 
are orthogonal factors, 100 X (loading)? = percent of that 

variable's variance extracted by the analysis 

F, F2 F3 F4 F5 

A 
Z (.74) 2 ( .? l )  20 (.52) 25 (.73) 60 (.82) 
6 (.69) 24 (.66) 24 (.63) 61 (.59) 
7 (.?g) 26 (.66) 53 (.?5) 

16 (.72) 32 (.81) 56 (.go) 
29 (.?0) 35 (.67) 

44 (.84) 
52 (.53) 

B 
2 (.71) 23 (.51) 6 (.55) 7 (.64) 60 (.78) 

24 (.63) 24 (.59) 7 (.51) 13 (.54) 61 (.60) 
26 (.65) 52 (.54) 16 (.74) 15 (.67) 
32 (.82) 53 (.74) 25 (.57) 
35 (.67) 56 (.95) 26 (.56) 
44 (.83) 29 (.71) 
52 (.52) 

C 
20 (.53) 25 (.72) 2 (.?0) Z I.76) T (.66) 
24 (.64) 61 (.55) 24 (.66) 6 (.69) 60 (.87) 
53 (.77) 26 (.66) 7 (.81) 
56 (.85) 32 (.81) 15 (.50) 

35 (.68) 16 (.70) 
44 (.84) 29 (.73) 
52 (.54) 

D 
Z (.80) 7 (.51) 20 (.64) 23 (.61) X 

2 (.?8) 13 (.51) 53 (-85) 25 (.??) 
6 (.91) 15 (.89) 56 (.72) 52 (.80) 
7 (.78) 24 (.56) 60 (-60) 

24 (.68) 26 (.58) 61 (.58) 
26 (.76) 29 (.81) 
32 (.83) 60 (.56) 
35 (.78) 
44 (.87) 

E 
2 (.SS) Z (.?g) 25 (.54) 26 (.64) 20 (.78) 

23 (.?8) 6 (.?5) 60 (.61) 
24 (.86) 7 (.88) 
26 (.55) 15 (.61) 
32 (.58) 16 (.70) 
35 (.61) 29 (.77) 
44 (.61) 
52 (.75) 
53 (.63) 
56 (.94) 

have a pronounced peak of abundance at  75-350 m, 
which probably explains why it usually grouped with 
depth when depth was used as a variable (Table 5a, c, 

el. 
There are pronounced changes in group makeup, 

however, when day and night samples are analyzed 
separately (Table Sd, e).  Species #2, 24, 26, 32, 35, and 
44 are the core of the F, group and load high on F, both 
day and night. At night, species #52, 53, 56, and 23 
split off from this group (with which they are associ- 
ated during the day). However, species #53 and 56 
remain together, as they did through all other analyses. 
Variable depths, #6, and #?, which were grouped on 
F, during the day, moved to night F,. 

Results of the 'Q-mode' analysis are presented in 
Table 6. In this analysis, samples are grouped by 

Table 6. Samples which had high loadings (loading 2 0.7 on 
F1-F3, 2 0.5 on F4) on factors in Q-mode analysis. S#: sample 
number; T: time of day (D = day, N = night); Z: depth inter- 
val (1 = 0-25 m, 2 = 25-50 m, 3 = 50-75 m, 4 = 75-100 m, 

5 = 100-350 m, 6 = 350-600 m) 

Factor 1 Factor 2 Factor 3 Factor 4 
S # T  Z S # T  Z S # T  Z S # T  Z 

3 D  3 2 5 N 1  6 D  6 1 D  1 
4 D 4  3 2 N 1  1 1 D 5  6 6 D  1 
9 D 3  3 7 N 2  4 4 D 6  7 2 D  1 

1 0 D 4  4 6 N 1  3 1 D 6  7 4 D 1  
1 3 D 2  8 3 N 1  81 D l 
1 4 D 2  8 5 N 2  
15 D 3 
19 D 4 
20 D 4 
42 D 5 
43 D 5 
54 D 3 
56 D 3 
70 D 4 
71 D 3 
78 D 3 
79 D 4 
82 D 1 
84 D 4 
21 N 5 
22 N 5 
28 N 5 
39 N 3 
53 N 4 
61 N 4 
63 N 4 

similarities of abundances of the species found in each 
sample. The data analyzed were abundances of each of 
20 species in each of 79 samples; depth and time of day 
were not included, permitting a posteriorj examination 
of sample groups to see whether group membership 
was dominated by those parameters. The analysis 
extracted 12 (orthogonal) factors, and the first four 
extracted 38 O/O, 22 O/O, l l O / o ,  and 8 '/n, respectively, of 
the total variance. There were no I loadings I > 0.50 on 
factors'#5-12. No sample had loadings r 0.5 on more 
than one factor. 

On factors #l-3, the groups (Table 6) consist of all 
samples with I loading I 2 0.70 on that factor: such a 
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loading means that over (O.?)', i.e., > 50 "ln, of the 
variation was extracted by that factor. On F4, the 
grouping criterion was I loading 1 2 0.50 (i.e. 25 "/,, of 
variance extracted); this was done because no samples 
had loadings r 0.7 on F4, yet the 5 samples listed in 
Table 6 all had much higher loadings on F4 than did 
any of the remaining 74 samples. 

The groups are very distinct, and clearly represent 
day/night and depth influences. F4 includes 5 samples, 
all of which are 0-25 m daytime tows. Eight such tows 
were included in the analysis. Of the 3 which failed to 
load high on F4, only 1 had high loadings on any other 
factor (S82 on F1; Table 6). Factor #3 included 4 
daytime samples from deep water (three from 350-600 
m, one from 100-350 m). There were seven 100-350 m 
and five 350-600 m daytime samples in the analysis: of 
the 8 which did not group on F3, only 2 grouped on 
some other factor (F l ;  Table 6). 

Factor #2 included 6 samples, all nighttime, from 
0-25 and 25-50 m (Table 6). There were 7 nighttime 
0-25 m samples and 5 night 25-50 m samples in the 
analysis (total = 12): none of the 12 grouped on any 
factor other than F2. Shulenberger (1978) showed that 
4 of the 10 most abundant species are much more 
abundant at 0-25 m during night than during day 
(Hypenetta vosseleri, Hyperioides sibaginjs, Scina 
crassicornis, and Paratyphis parvus; species #24, 26, 
60, and 44 respectively). These 4 species were all very 
abundant in the six F2 samples. 

Factor 1 has the largest number of high loadings and 
is more complex to interpret than are the other factors. 
It includes both day and night samples, from many 
different depth ranges. The 19 samples with high load- 
ings on F1 (Table 6) include only 1 sample from 0-25 
m: this parallels Shulenberger's (1978) results where 
all of the most abundant hyperiid species occur primar- 
ily in the upper 100 m both day and night, but where 
most of those species show no pronounced depth pre- 
ference over the 25-100 m range. F1 also includes 7 
nighttime samples, from somewhat deeper mean 
depths than are the 19 daytime samples (Table 6). 
Upon examination of the abundances of species in 
samples grouped on F1, it is clear that Primno latreillei 
(the most abundant species; ID#56) is the link be- 
tween these otherwise seemingly disparate F1 sub- 
groups. Shulenberger (1978: Fig. 2) showed that the 
peak in mean abundance for this species shifted down- 
wards at night: a s l~gh t  reverse diurnal migration by 
this abundant species is probably the reason for the 
grouping of both day and night samples on F1. 

Q-mode analysis, then, shows a distinct shallow day- 
time set of samples (F4), a distinct deep daytime set 
(F3), a distinct shallow nighttime set (F2), and a dis- 
tinct medium-depth daytime set (F1 daytime samples). 
The medium-depth nighttime samples by and large 

failed to group, suggesting a wide-ranging mix of 
species and/or abundances at these depths during 
nighttime. 

Comparison with Recurrent Group Analysis 

Shulenberger (1979) analyzed the entire data set (83 
species, 79 samples) using recurrent group analysis 
and found 6 groups (Table 7). In some respects, recur- 
rent group analysis and the present factor analytic 
results are very similar. For example, recurrent group 
#3 included species 2,  32, and 44: these 3 species also 
grouped together on 1 factor (however, other species 
also had high loadings on that same factor: Table 5). 
Member species of recurrent groups #4 (Species 53 
and 56) and #5 (Species 25 and 61) were also grouped 
by factor analysis (Table 5). 

The largest recurrent group (#l;  Table 7) included 7 
species, which factor analysis placed into 3 separate 
groups. Because recurrent group analysis works only 
on presence/absence, it is possible for several species- 
specific patterns of numerical variation to occur simul- 
taneously within a recurrent group. Several species 

Table 7. Recurrent group analysis results compared to factor 
analytic results. Groups: Recurrent group number (Shulen- 
berger, 1979). ID#: Species identification number (Table 1). 
F#: Number of factor on which the species had high loadings 

ID# F# F# 
VARIMAX OBLIQUE 

(Orthogonal) (pattern) 

6 
20 
23 

Group I 24 
29 
35 
52  

Group I1 

2 
Group I11 3 2 

4 4 

Group IV 

Group V 

Group \'I 

1 failed to have a high loading on any factor. I 
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may always CO-occur, yet fail to show significant co- 
variation. CO-occurring species may respond numeri- 
cally to entirely different environmental factors, or in 
different ways to the same factor. This would be par- 
ticularly true if (a) the apparent CO-occurrence is a 
sampling artifact or (b) if the CO-occurrence is real, but 
is occasioned by physical forces which do not them- 
selves act to change population densities p e r  se  (e.g. 
settling upon density interfaces). 

The difference between results of the two techniques 
may be caused by the failure of recurrent group analy- 
sis to utilize much of the information in the data. In 
recurrent group analysis, only the fact of CO-occurrence 
and numbers of CO-occurrences matter, and the latter is 
compared against a null hypothesis of random co- 
occurrence assuming each species has occurred ran- 
domly in samples. In factor analysis, numerically large 
CO-occurrences could dominate a general pattern of 
non-CO-occurrence, resulting in groupings of species 
which recurrent group analysis did not group. The 
converse is also possible. Species might always co- 
occur yet show no parallels in numerical abundance: 
then, factor analysis may fail to group them while 
recurrent group analysis would clearly do so. Any of 
these may be a possible explanation of the sub-divi- 
sion of the large recurrent group by factor analysis. 

A Recurrent groups 

C Obl~que  factors 
(pa t te rn )  

1 

5 

Fig. 3. Interconnection of groups. (A): Recurrent group analy- 
sis. Roman numerals represent group numbers. On lines con- 
necting groups, the denominator of the fraction is the total 
number of measures of co-occurrence between numbers of the 
two groups: numerator = number of such measures which 
were significant (@P - 0.01). (B), (C): Orthogonal and oblique 
groups: only Species 24 had high loadings on as many as two 

factors 

In recurrent group analysis, a species may fail to be a 
member of a group, yet still have statistically signifi- 
cant frequencies of CO-occurrence with some members 
of that group: such a species may itself be a member of 
yet another recurrent group. Figure 3A shows the pat- 

tern of interrelationships between recurrent groups: 
between species of Group I (=  7 spp.) and Group I1 (=  
4 spp.) there are 28 pairs of species for which co-occur- 
rence indices can be calculated. Fourteen of those 
were significant (at p < 0.01; Shulenberger, 1979). In 
recurrent group analysis only the smallest groups were 
totally unconnected by significant measures of co- 
occurrence between members of different groups. By 
contrast, in both the oblique and orthogonal factor 
analysis, all groups (large and small) tended to be 
independent (very little crossover or sharing of species 
between factors: Fig. 3B, C). 

Within the list of factor-analyzed variables are sev- 
eral sets of closely related species: #6 and 7 (Brachys- 
celus crusculum and Anchylomera blossevillei) are 
confamilials, as are #53 and 56 (Phrosina sernilunata 
and Prirnno latreille~). Species # l 3  and 15 ( Eupronoe 
armata and E. 'sp. A') are congeners, and so are #29 
and 32 (Lestrigonus bengalensis and L. schizogeneios). 
Within each closely-related set, member species are 
morphologically very similar (see Shulenberger, 1977, 
1978, 1979): for example, Eupronoe armata and E. 'sp. 
A' have only recently been separated. Because of the 
similarity in body plan within such a set, the animals . 
appear to be likely to have similar lifestyles, and could 
certainly be in competition with one another if they co- 
occurred. Recurrent group analysis placed congeners 
#20, 23 and 24 (Hyperietta luzoni, stephenseni, and 
vosseleri] into group # 1, the Eupronoe congeners 
( # l 3  and 15) into group #2, and confamilials #53 and 
56 into group #4. This is an apparent contradiction to 
the competitive exclusion hypothesis, which factor 
analysis fails to clarify. Factor analysis partially sepa- 
rated the set of three Hyperietta congeners (#20, 23, 
24), and usually placed neither of the Eupronoe species 
( # l 3  and 15) into any group. However, the technique 
confirmed the close parallels of confamilials #53 and 
56, while also grouping confamilials #6 and 7 in all 
analyses. These results suggest that the two descrip- 
tive parameters used (presencelabsence and abund- 
ance) are to some degree independent of one another, 
particularly within recurrent Group I (Table 7). 

Identification of Factors 

The identification of factors with environmental var- 
iables is difficult. A pnori there is some reason to 
expect the existence of one pattern per species (the 
'one species, one niche' hypothesis). This is not what 
the R-mode factor analyses detected. Rather, there are 
only about five major patterns of numerical variation 
among the 20 most abundant species, suggesting that 
there are only a few (N << 83; the total hyperiid 
species list) important processes or underlying forcing 
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functions for those patterns. A single factor seems to be 
dominant in determining the abundance of each 
species (except Hyperietta vosseleri, #24; Tables 2, 3). 
No detailed simultaneous measurements were made of 
environmental parameters when these samples were 
taken, hence it is not possible to examine environmen- 
tal details as candidates for identifications with factors. 

It also seemed likely, a priori, that species with 
similar depth distributions might well covary and 
should therefore have high loadings upon the same 
factor. However, the situation is not that simple. The 

Mean numbers of individuals caught per LOO rn3 sample 

10- , tqo , 0 

75 
0 SP 26 

10- , tqo , L W  p 7 0  40 _6P 
0 

-, 75 75 

0 S P 2 6  

3 5 0  Q f 1 

S - o  Daytime catch cr N~ghtlime catch  

Fig. 4 .  Depth distributions of species (names given in Table 
1). Dots are means of several replicates. Numbers of repli- 
cates, 95 "/o confidence limits, and actual data are all shown in 

Shulenberger, 1978 

Eupronoe congeners (# l3  and 15) had very similar 
depth and diurnal vertical migration patterns (Fig. 4a; 
see also Shulenberger, 1979), yet failed to have high 
loadings on any factor (Table 2) and did not group 
together in factor analysis. They did group together in 
recurrent group analysis (Table 7). Hyperietta vosse- 
leri (#24) and Hyperioides sibaginis (#26), however. 
also have very similar depth and diurnal vertical mi- 
gration patterns (Fig. 4b), and were grouped together 
by factor analysis (Table 2): they failed to CO-occur in 
samples frequently enough to be grouped together by 
recurrent group analysis (Table 7). H. vosselen (#24) 
and Paratyphis parvus (#44) have relatively similar 
day and night distributions (Fig. 4b, c) and grouped 
together in factor analysis but not in recurrent group 
analysis. However, H. vosselen (#24) and h i m n o  la-  
treillei (#56) have very similar daytime depth distribu- 

tions, but dissimilar nighttime distributions: factor 
analysis grouped them together during daytime (Table 
5e) but not during the night (Table 5d). 

The Q-mode analysis did show groups of similar 
samples, and those groups seem to reflect dayhight, 
depth distributional, and vertical migration patterns. 
Clearly, depth distributions and diurnal vertical mi- 
gration patterns are important within the factor analy- 
sis, but they are not only underlying process generat- 
ing variance in the data. 

Plots of distribution vs depth have been drawn only 
for the 10 most abundant species (see Table 1); lower- 
ranked species are sufficiently rare (rank # 11 has only 
304 individuals distributed among 79 samples) that the 
accuracy of depth distributions prepared from their 
data would be open to serious question. Depth dis- 
tributions in Figure 4 are based on mean values; 
Shulenberger (1978) pointed out the danger in using 
mean value data without measures of variation in such 
analyses. (Use of means does not permit examination 
of CO-variation.) 

One might expect that a few of the most abundant 
species would in some sense dominate the analysis. 
There are several ways of examining this: a plot of 
rank order of abundance against the percentage of 
total variation (for each species) which is extracted by 
the analysis is shown in Figure 2; the null hypothesis 
(i.e. no correlation of rank and cornrnunality) could be 

1 Highest l o o d ~ n g  VARIMAX 1 
0.1 0.2 0.3 OL 0.5 0.6 0.7 0.8 0.9 1.0 

2 
m 

L 1 . 

L 
U 

5 ( H~ghest  lood~ng oblique pattern 1 
- 0.1 0.2 0.3 0.L 0.5 0.6 0.7 0.8 0.9 1.0 
0 l 1 1 l 1 1 1 1 1  

Fig. 5. (A) Species' rank order of numerical abundance vs the 
highest loading received by that species on any orthogonal 
(VARIMAX rotation) factor (see Table 1). (B) Species rank 
order of numerical abundance vsthe highest loading received 
by that species on any oblique (pattern) factor (see Table 1). In 
both cases the null hypothesis of no correlation was tested 
using Olmstead and Tukey's 'corner test' for association; H, 

accepted. P > 0.10. for both cases 
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rejected only at P = 0.10. Figure 5A shows there to be 
no significant relationship between species rank and 
the maximum loading received by that species on any 
VARIMAX factor (Olmstead and Tukey's test for 
association, P > 0.10). Figure 5B likewise shows that 
there is no significant correlation of species rank with 
maximum loading on any oblique (pattern) factor 
(same test, P > 0.10). If the numerical abundances of a 
few of the commonest species dominated the factor 
results, then there should be negative correlations in 
Figures 2 and 5; only Figure 2 even marginally shows 
that effect. 

Other possible causes for CO-variation include 
aspects of natural history. Recent observations show 
strong associations of some hyperiid species with 
species of other major taxa such as salps and 
ctenophores (Madin and Harbison, 1977; Harbison et 
al., 1977). Those hyperiid species so reported include 
some of the North Pacific species plus many congeners 
of central Pacific species. If, say, 3 species of hyperiids 
were dependent upon 3 different aspects of the ecology 
of a particular ctenophore species, the hyperiids might 
covary numerically depending upon the population 
density of the ctenophore: the ctenophore might then 
be the 'factor' accounting for the observed inter- 
hyperiid CO-variations. However, at present there is no 
data available on the associations of North Pacific 
amphipods that can be used to explain any of the 
observed groupings of species. 

Angel and Fasham (1973, 1974, 1975) factor-analys- 
ed data on several major pelagic taxonomic categories 
(ostracods, chaetognaths, amphipods, euphausiids, 
and copepods). They found several factors (groups) and 
related them primarily to depth of tow: the present 
analyses did not find depth distributions to be an 
overriding aspect of group composition. They also 
found, unlike the present analysis, that several species 
loaded high on 'two or more' factors: the present factor 
analyses found only two species with high loadings on 
two factors, and none with such loadings on more than 
two factors. The species which Angel and Fasham 
found to load onto several factors had broad depth 
ranges, and thus overlapped sets of species with more 
restricted ranges. Since Angel and Fasham (1975) 
obtained groups while using a more stringent group- 
ing criterion ( 1 loading I r O.?), ostracod pattern at 
least may be more pronounced than hyperiid. It is 
clear, however, that depth distribution is not the cent- 
ral organizing principle in the hyperiid analysis. The 
different results of this and Angel and Fasham's 
studies probably reflect (a) the coarser depth strata 
(100 m) and greater depth range (0-2000 m) used by 
Angel and Fasham, and (b) the fact that their samples 
were taken over a longer time span in a more advective 
environment (the Canary Current). 

Results of factor analysis and recurrent group analy- 
sis are generally parallel, which suggests that patterns 
of numerical CO-variation and CO-occurrence in sanl- 
ples are reasonably interactive. CO-occurrence and 
abundance responses clearly can be different and 
separable aspects of species' ecologies. Both are of 
obvious ecological importance; most zooplankton are 
physically small (a few mm) and probably must closely 
CO-occur if they are to interact directly. Recurrent 
group analysis delineated groups of potentially 
interacting species, but made no inferences as to the 
nature (or even existence) of such interactions. The 
local abundance of a species may be affected by vari- 
ous forces in the environment. Certainly much impor- 
tant information is missing from the present factor 
analysis: light, nutrient and chlorophyll concentra- 
tions, time of day, and finestructure of physical 
oceanographic parameters should be included in 
future efforts. Because of known high spatial and tem- 
poral variability in those parameters, the use of mean 
values is contraindicated; those data must be taken 
concurrently with, and in the same place as, the 
abundance data. 

CONCLUSIONS 

R-mode factor analysis has identified, from the origi- 
nal data on 20 species, 5 sets of CO-varying s p e c i e s 
suggestive of the existence of underlying forcing func- 
tions. Although the analysis does not make any infer- 
ences as to what those underlying factors might be, 
they appear to include aspects of taxonomic classifica- 
tion, overall vertical distribution patterns, co-occur- 
rence in samples, overall abundance, and patterns of 
diurnal vertical migration. None of these appears to 
dominate the R-mode analyses. Q-mode analysis 
showed clear patterns of similar s a m p l e s ; those 
patterns are dominated by time, depth, and vertical 
migration. 

There appear to be many fewer basic organizing 
forces (factors) underlying structure in the data than 
there are species (variables) in the analysis. Most 
species appear to be strongly correlated with only one 
such factor. Identification of the extracted factors with 
real-world variables or processes has not yet been 
accomplished. 

The recurrent group and factor analyses combine to 
suggest that the patterns of numerical abundance of 
hyperiid species are not very well 'explained' in terms 
of presences or abundances of other hyperiid species. 
This suggests that the hyperiid species are not all 
responding in similar fashion to whatever environmen- 
tal factors cause numerical variations (hence several 
factors exist). It also suggests that the forces to which 
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various hyperiid species are responding numerically 
do not, by and large, appear to include other hyperiid 
species (e.g. probably not predatodprey relationships, 
etc.) or purely physical forces. These general results 
appear compatible with observations of tight couplings 
between some hyperiids and species of other major 
taxa. Future analyses should not be restricted to only 
one major taxonomic group, but must include those 
groups suggested by such observations, as well as 
including detailed environmental information. 
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