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Abstract 

Indirect gradient analysis, or ordination, is primarily a method of exploratory data analysis. However, 
to support biological interpretations of resulting axes as vegetation gradients, or later confirmatory 
analyses and statistical tests, these axes need to be stable or at least robust into minor sampling effects. 
We develop a computer-intensive bootstrap (resampling) approach to estimate sampling effects on 
solutions from nonlinear ordination. 

We apply this approach to simulated data and to three forest data sets from North Carolina, USA 
and examine the resulting patterns of local and global instability in detrended correspondence analysis 
(DCA) solutions. We propose a bootstrap coefficient, scaled rank variance (SRV), to estimate remaining 
instability in species ranks after rotating axes to a common global orientation. In analysis of simulated 
data, bootstrap SRV was generally consistent with an equivalent estimate from repeated sampling. In an 
example using field data SRV, bootstrapped DCA showed good recovery of the order of common species 
along the first two axes, but poor recovery of later axes. We also suggest some criteria to use with the 
SRV to decide how many axes to retain and attempt to interpret. 

Abbreviations: DCA = detrended correspondence analysis, SRV = scaled rank variance 

Introduction 

Gradient analysis is widely used to explore and 
describe relationships between vegetation pattern 
and environment. Two different modes of analy- 
sis termed 'indirect' and 'direct' gradient analysis 
(Whittaker 1978), or 'vegetational ordination' and 
'environmental ordination' (Austin 1968), focus 
primarily on two different features of vegetation 
data. The patterns of covariation in species dis- 

tributions form the basis of indirect gradient 
analysis, while direct gradient analysis is based on 
the relationships of species distributions to 
measured environmental gradients. 

Vegetation data suitable for indirect gradient 
analysis rarely meet the assumptions required to 
use parametric statistical tests developed for 
standard applications of multivariate regression, 
canonical correlation analysis, or principal com- 
ponents analysis (Legendre & Legendre 1983; 
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Williams 1983). Although features such as non- 
normality of measurement errors cause some dif- 
ficulty, a more important difficulty is that species 
frequently show non-monotonic or peaked dis- 
tributions along environmental gradients (see 
Whittaker 1967). Thus, when standard models 
that assume linear responses are used, the asso- 
ciated confidence limits are of doubtful utility. 
Frequently-used non-linear ordination methods, 
such as detrended correspondence analysis 
(DCA; see Hill 1979; Hill & Gauch 1980), have 
no established criteria for retaining stable or 'sig- 
nificant' axes. In many indirect gradient analyses 
the number of species (descriptors or variables) 
exceeds the number of measured quadrats 
(objects or observations). In contrast, criteria for 
insuring that only significant factors are retained 
in a factor analysis (e.g. Baggaley 1982, 1986), 
suggest minimum ratios of 'subjects' to variables 
ranging from 1.37 to 6.0 for various degrees of 
structure. However, Baggaley (1982) does express 
the opinion that 'a researcher who wishes to 
analyze a large number of variables but can obtain 
only a modest number of subjects should be able 
to proceed by dealing with only a few retained 
factors.' 

As a prelude to confirmatory analysis or sta- 
tistical tests, an investigator needs to decide 
which axes to retain and to establish that the 
principal gradients under study are stably repre- 
sented in the data set. In this article we present a 
method for measuring sampling effects in one of 
the most commonly used techniques for vege- 
tation ordination, DCA. In principle, this 
approach could be applied to almost any ordi- 
nation method. Measurements of sampling effects 
on the consistency of gradient analyses of field 
data sets can also be used to compare ordination 
methods (e.g. Wilson 1981). 

Ecological applications of the statistical tech- 
nique called the 'bootstrap' (e.g. Weiner 1985), 
suggested to us that computer-intensive resam- 
piing methods (Efron 1982) might provide a 
means of evaluating sampling error in indirect 
gradient analysis. Indeed, the bootstrap had 
already been informatively applied to principal 
components analysis (Diaconis & Efron 1983), 

correspondence analysis (Greenacre 1984), and 
multidimensional scaling (see Weinberg etaL 
1984). Oksanen (1988) has also applied the 
bootstrap to examine instability in DCA, imple- 
menting resampling in a different manner (see 
Methods, Bootstrap resampling). 

A resampling method does not automatically 
provide a useful measure of variation. A good 
measure should respond accurately and primarily 
to variation in structural features of interest, not 
other features of the configuration (e.g. orienta- 
tion) that may be globally unstable because of 
methodological artifacts. We used the bootstrap 
to explore the stability (under sampling variation) 
of multivariate structural features extracted from 
field data with DCA. We then developed a 
coefficient suitable for comparing the consistency 
of species orderings recovered on different axes 
and among different data sets. The accuracy of 
this coefficient was assessed with artificial data 
simulating repeated samples of sets of vegetation 
gradients. 

The bootstrap 

In parametric statistics the distribution of values 
in a sample is used to calculate the expected error 
in estimates of parameters of an assumed under- 
lying distribution. For example, when a normal 
distribution is assumed, the observed standard 
deviation is used to estimate the expected error of 
the sample mean. Unfortunately, observed data 
frequently do not come from a known, well- 
characterized family of distributions. In such 
cases the bootstrap, developed by Efron (1979), 
can sometimes be used to estimate errors in 
sample statistics. With this method the observa- 
tions themselves provide an estimate of the shape 
of their parent distribution. 

For most of the interesting applications of the 
bootstrap a Monte Carlo sampling procedure is 
used to estimate the expected error of calculated 
statistic. A large number of random samples, 
called bootstrap samples, are drawn with replace- 
ment from the original data or empirical sample. 
Each observation in the original sample is given 



an equal probability of selection. A bootstrap 
sample has as many data points as the original 
sample. By chance, some observations are left out 
while others appear multiple times. The statistic 
of interest is calculated for each bootstrap sample, 
and the expected error in the value of sample 
statistic is calculated from the distribution of the 
bootstrap replicate values. 

The bootstrap has been shown to provide good 
estimates of error with a variety of known dis- 
tributions (Efron 1982; Diaconis & Efron 1983; 
Efron & Tibshirani 1986), and to provide useful 
information in much more complex problems 
(Diaconis & Efron 1983; Efron & Tibshirani 
1986; but see Hartigan 1986). Bootstrap methods 
can also be used to produce approximate con- 
fidence intervals for sample statistics, but with a 
less secure theoretical foundation than for 
bootstrap measures of statistical error (Efron 
1982) and requiring many more bootstrap 
samples (Efron 1987). 

The sample statistics in most ordinations in- 
clude a very large number of species and/or stand 
scores, which precludes separately measuring the 
error associated with each score. Nonetheless, a 
bootstrap error envelope could be produced for 
the entire configuration. The concentration of 
information in the first few axes (Gauch 1982a) 
suggests a useful emphasis on the stability of 
those axes, as consistent species or stand 'order- 
ings'. Bootstrapping provides a way to exploit the 
redundancy in a large data set to produce an 
estimate of how the major axes could have differed 
if a different data set were collected on the same 
species in the same area. 

Methods 

Examp&data 

Two data sets were derived from a study of 
hardwood forest vegetation of the North Carolina 
Piedmont (Peet & Christensen 1980). Data were 
included from 0.1 ha sampling units in 106 pre- 
dominantly hardwood forest stands with minimal 
recent disturbance. Tree data were summarized 
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as importance values, calculated as the average of 
relative density and relative basal area, based on 
tallies of all stems greater than 1.25 cm dbh. 56 
species of trees were included. Herb-layer data 
were species importance values calculated from 
the average of relative cover below 1 m in height 
and relative frequency, in 25 quadrats within the 
sampling unit (see Peet & Christensen 1980 for 
details). Herb-layer data included 328 species of 
vascular plants. As most of the samples were 
within parts of the Duke University Forest, these 
data sets are referred to below as 'Duke Forest' 
data. 

A third data set was collected for a study of the 
flora and vegetation of the Black Mountains and 
Craggy Mountains in the Blue Ridge Province of 
North Carolina (McLeod 1988). The Black 
Mountains include the highest peak in eastern 
United States, Mt. Mitchell (2037 m). A roughly 
35000ha study area was surveyed with 0.1 ha 
plots. More intensive altitude and aspect strati- 
fied sampling was done in 6 relatively undisturbed 
reference areas. The 156 plots were distributed 
from 760 to 1980 m elevation and across slopes of 
all aspects. Vascular plants occurring in the plots, 
less a few with single presences, totaled 327 
species. Cover under I m in height was estimated 
and recorded using the Braun-Blanquet scale 
(Mueller-Dombois & Ellenberg 1974). For analy- 
sis these values were converted to a scale from 1 
to 7. 

Simulated data 

To evaluate the accuracy of our bootstrap esti- 
mates of sampling effects we used a generalized 
computer program for simulation of multi- 
dimensional community patterns (COMPAS; see 
Minchin 1987a). 3 underlying gradients were 
specified, with beta diversity highest on the first 
gradient and decreasing to the third. Species 
modes and sampling locations were placed ran- 
domly. Mixtures of approximately Gaussian sym- 
metric and randomly selected asymmetric species 
response curves were generated. 

3 types of simulated vegetation data sets were 
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produced. 1 had 250 species in the simulated 
sampling universe, and a second 25 species, with 
alpha diversity values comparable to our 0.1 ha 
herb data and tree data respectively. Distribu- 
tions of these species were sampled at 4 inten- 
sifies: 10, 25, 50 and 100 sample plots. At each 
sampling intensity, results from groups of 20 repli- 
cate data sets with independent sampling loca- 
tions were compared with groups of 20 bootstrap 
replicate analyses. 5 replicate series were gener- 
ated for the 25 species sets. For information about 
the stability of axes with no interpretable 
gradients, a third series of approximately random 
data sets was generated by specifying nearly fiat 
species response curves and introducing very high 
levels of random noise. 

Bootstrap resampling 

Choosing the appropriate probability model 'is 
the crucial step for the bootstrap' (Efron & 
Tibshirani 1986). Bootstrap resampling for ordi- 
nation could conceivably be done at the level of 
individual measurements (species abundances), 
sample units (quadrats, plots or stands), or varia- 
bles (species), or on some derived portion of the 
ordination solution (residuals, for example). 
Resampling at different levels makes different 
assumptions about the structure of the data. 
Treating measurements or variables as inde- 
pendent implicitly assumes an individualistic 
model for species distributions, whereas depend- 
ences among the abundances of different species 
(e.g. site carrying capacities or productivity limits) 
would be preserved by keeping sample units 
intact. This distinction might be employed to 
develop tests of fairly subtle effects of community 
organization (cf. Noy-Meir & van der Maarel 
1987; Wilson 1987; Wilson et al. 1987). Oksanen 
(1988) pooled measurements from related plots. 
The sample locations are generally selected by an 
ecologist according to some systematic, ran- 
domized or subjective scheme, whereas abun- 
dances oftaxa under study, in those locations, are 
then recorded as response variables. Thus, we 
chose to resample complete sample units or 

quadrats. Bootstrap samples then simulate data 
sets collected by a similar plan, but differing in 
details of plot placement and relative represen- 
tation of various vegetation types or habitats. 

Implementation with DCA 

Detrended correspondence analysis (DCA) is a 
modification of correspondence analysis designed 
to remove perceived flaws involving polynomial 
relationships between axes and compression of 
the ends of axes (Hill 1974, 1979; Hill & Gauch 
1980; Gauch 1982b, cf. Peet etal. 1988). For 
analyzing plant communities, DCA has been 
found superior to several alternative techniques of 
indirect gradient analysis (Gauch etal. 1981; 
Gauch 1982b, but see Minchin 1987b), and is 
currently one of the most widely used ecological 
methods. The FORTRAN source code for the 
Cornell implementation of DCA, DECORANA 
(Hill 1979), is readily available for mainframe and 
micro-computers, and the computational algo- 
rithm used is relatively fast. In our implemen- 
tation, program output for bootstrap replicates 
was restricted to sets of 'sample' (hereafter 
'stand') and species scores. These sets of scores 
are relative weights or positions along each of the 
first 4 ordination axes and are computed from the 
dominant and early sub-dominant eigenvectors of 
the solution. (Further analyses of the scores were 
performed using generalized statistical programs.) 
For analysis of field data, 100 bootstrap replicate 
solutions were generated. A version of 
DECORANA modified to perform bootstrap 
resampling and reanalysis, titled BOOTDCA, is 
available on request. 

Finding a common frame of reference 

In initial analysis of stand scores, we encountered 
two well-known features of axes from eigen- 
analysis ordinations of vegetation data (Hill & 
Gauch 1980). First, the direction of an axis is 
arbitrary and unstable. Axis scores provide a rela- 
tive, but not an absolute, ranking. Second, when 



2 axes account for nearly the same amount of 
variation, small changes in the data set can 
change which axis appears first in the analysis 
(even if the eigenvalues appear distinct in each 
analysis). A bootstrap assessment of the stability 
of the useful information in the results of an ordi- 
nation thus must be insensitive to minor changes 
in axis order and reversals in direction. 

We adopted 2 approaches to these global insta- 
bilities. O n e  was to reorder and/or reverse the 
individual axes to provide a pair-wise 'best fit' to 
a reference configuration. A second, capable of 
correcting for rotations other than 90 degrees, was 
provided by orthogonal Procrustes rotation (see 
Fasham 1977; Kenkel & Orl6ci 1986; Minchin 
1987b for ordination applications) of  the major 
axes to a reference 'target configuration'. Sets of 
axes that are rotated relative to one another 
(appearing in a rotated coordinate system,e.g. 
Gauch et al. 1977), as well as reversed in direction 
or in a different order, can be reconciled using 
Procrustes rotation. There are several versions, 
employing dilations and translations as well as 
rotations (SchOneman & Carroll 1970). We 
employed rotation and a simple translation, pro- 
duced by centering the scores before rotation and 
adding the target means to both sets after rotation. 
In comparisons of ordination methods, these 
issues have also been addressed with matrix cor- 
relations and subjective assessments (Gauch 
etal. 1981). 

For the axis-by-axis approach, the first 4 axes 
produced by applying DCA to the full data set 
were designated 'reference axes'. Then for each 
bootstrap replicate solution the axis order and 
directions that maximized the agreement (rank 
collection) with the reference axes were chosen. 
Due to non-linear detrending in DCA, later axes 
sometimes have spurious linear correlations with 
earlier, more important, axes. To prevent match- 
ing of axes accounting for large amounts of varia- 
tion with much less important axes, correlations 
were weighted by the importance of the axes 
involved. The order and direction for the 4 
bootstrap axes giving the highest total weighted 
correlation with the 4 reference axes was selected. 
These new scores are referred to as 'remapped' 
scores below. 
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Axis reversal, or 'reflection' (Gauch etaL 
1981), was apparent in many bootstrap replicate 
analyses of data from the Duke Forest hardwood 
plots. In Fig. 1A-C it is apparent that in many 
replicates the stand configuration was reversed, 
relative to the stand ordering on 'reference axes' 
derived from the complete data set. Reversals 
were observed in as many as 51 of 100 replicates 
in the herb data from the Duke Forest 
hardwoods, and as few as none of 20 replicates in 
a subset of  the tree data. Later axes were more 
likely to have nearly 50 ~ reversals than the first 
axis. Mapping the bootstrap axes back onto a set 
of reference axes resulted in a marked improve- 
ment in the apparent recovery of the original 
stand configuration in bootstrap replicates of tree 
data from Duke Forest (Fig. 1D-F). 

Stability 

To assess the stability of the results of a DCA 
ordination, we examined the variability of (axis- 
by-axis) remapped bootstrap stand scores and the 
level of rank correlations of stand scores along 
bootstrap axes with scores on reference axes. To 
compare variabilities in species rankings, we com- 
puted coefficients from the average of variances in 
rank seen in individual species. For a data set, the 
species occurring in all the bootstrap samples 
were selected (thereby omitting most species that 
occur only infrequently). Procrustes rotated 
scores for these common species were ranked 
along each axis. This variance in rank, across 
bootstrap replicates, was computed for each 
species. The variances were averaged across the 
n species for each axis. Then to form a coefficient 
for comparison across axes and data sets, this 
mean variance was scaled by the expected vari- 
ance of a set of n random .ranks: 

v a r  = (n  2 - 1 ) /12  (1)  

'Scaled rank variance' (SRV) values near zero 
indicate very consistent species rankings, whereas 
values near 1.0 indicate species ranks as variable 
as random ranks. 
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Fig. 1A-F. Stand scores from bootstrapped ordination plotted against conventional DCA scores, before and alter remapping 
them to a common frame or reference. Data  are for tree abundances in the Duke Forest  hardwoods stands. For  visual clarity, 
only scores from a 10% random sample of the 10600 scores, for 100 bootstrap replicates each with 106 stands, are shown: ( A - C )  
Axes I, II and III, before remapping; ( D - F )  Axes I,II, and III, after remapping. 



Results and discussion 

Variation in stand scores 

To illustrate the variation in stand scores under 
bootstrapping, we chose from the Duke Forest 
hardwoods herb data set representative pairs of 
stands bracketing the central 50 ~o interval in each 
of the first 3 axes of the DCA reference analysis. 
For these stands, distributions of remapped 
bootstrap stand scores overlap on each of the first 
3 axes (Fig. 2). As expected, the greatest overlap 
is on the third axis, and third axis scores are more 
variable. Comparable results were obtained for 
other similar pairs of stands (results not shown). 

Because the zero point of a DCA axis is set by 
the stand with the lowest score (Hill 1979), DCA 
axes change when different stands define the axis 
origin in different bootstrap replicates. The scores 
on an axis shift up or down when an extreme 
stand is included or excluded. Thus overlaps in 
the distribution of scores across bootstrap repli- 
cates do not necessarily indicate changes in rela- 
tive order within replicates. Relative ordering of 
scores is less subject to the influence of extreme 
stands. Reanalysis of  relative scores for stands at 
the 25th and 75th percentiles on the first reference 
axis, showed that, despite the overlap in scores 
seen in Fig. 2a, when both stands were present in 
the same bootstrap sample, inter-changes in their 
order on the first axes were quite rare. Inter- 
changes on the first axis occurred in none of the 
38 bootstrap replicate analyses that included both 
stands. No inter-changes in the order of the cor- 
responding stands for the second axis were found 
either. On the third axis, the 25th and 75th per- 
centile stands exchanged order in 11 of the 41 
replicates that included both stands. We focused 
further analysis of the overall stability of ordi- 
nation axes on the consistency of relative ordering 
along the principal ordination axes, rather than 
the scores themselves. 

For the 3 data sets described above, we used 
Spearman rank correlations of scores on re- 
mapped bootstrap axes with scores on DCA 
reference axes to measure the stability of the 
original DCA axes. Table 1 reports medians and 
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Fig. 2A-C. Frequency distributions of stand scores under 
bootstrapping, for 6 example stands from the Duke Forest 
hardwoods herb data set. The stands shown fall at the 25th 
or 75th percentiles in the distribution of values on one of the 
first 3 axes from conventional DCA of this data set. Scores 
are from 100 bootstrap replicates. 

50~o central intervals for rank correlations 
between reference axes and corresponding 
bootstrap axes, based on 100 bootstrap replicates 
for each of 3 data sets. Results differed by axis 
number and between the data sets. The first DCA 
axis appeared quite consistent in replicates from 
the 2 Duke Forest hardwood data sets. In more 



160 

Table 1. Stability of DCA axes with axis-by-axis remapping, 
as assessed by rank correlations between ordering of stands 
on remapped bootstrap axes and reference axes, from 100 
bootstrap replicates on each of 3 data sets. 

Data set Rank correlation with DCA reference 
a x e s  

Axis I Axis II Axis III 
Median* Median Median 
(75%,25%) + (75%,25%) 75%,25%) 

Duke Forest 
Hardwood 0.976 0.862 0.336 
Herb-layer data (0.99, 0.95) (0.93, 0.76) (0.50, 0.22) 
106 stands, 328 spp. 

Duke Forest 
Hardwood 0.982 0.923 0.569 
Tree data (0.99, 0.97) (0.95, 0.85) (0.67, 0.46) 
106 stands, 56 spp. 

Black Mountains 0.959 0.937 0.628 
Herb-layer data (0.99, 0.84) (0.98, 0.79) (0.72, 0.45) 
156 stands, 327 spp. 

* Median rank correlation out of 100 bootstrap replicates. 
+ 75th and 25th percentile points from the distribution of 
rank correlations in 100 bootstrap replicate analyses. 

than 75 ~o of the replicates, the first axis ordering 
was recovered well-enough to produce rank cor- 
relations or 0.95 or above. The second axes were 
not recovered as consistently, but still generally 
produced high correlations. The third axes were 
recovered poorly, especially considering that a 
remapping procedure generates small, con- 
sistently positive correlations from sets of random 
scores. The length of the inter-quartile interval for 
these correlations also increased as typical corre- 
lations decreased, from axis I to axis III. Recovery 
of the third axes was both lower on average and 
more erratic. The Black Mountains data showed 
little difference between the stability of the first 
and second axes (note the overlap of intervals in 
Table 1). This was consistent with evidence from 
correlations of environmental factors with the 
reference DCA axes (McLeod 1988) which sug- 
gested that at least 2 strong environmental 
gradients structure this data set. 

Rank correlations of stand scores on 
Procrustes rotated axes, with reference axes used 

as target axes~ were higher than corresponding 
rank correlations for remapped axes (see Table 2). 
Recovery of major axes was better than with axis- 
by-axis remapping, suggesting that rotations other 
than 180 or 90 degrees were sometimes important. 

In bootstrapping to assess sampling effects on 
the ordering of stands, we assumed that important 
uncertainties in estimated gradient position for a 
stand can be attributed to the context of other 
stands in the sample. Because the composition of 
a stand is measured only once and as a sampling 
unit, independent samples could share species but 
not stands. The results presented thus far deal 
with a data-analytic stability rather than some 
statistical stability. (See de Leeuw & Meulman 
1986, for an application of the jackknife to multi- 
dimensional scaling carried out in this spirit.) In 
contrast, species are descriptors or variables 
instead of data objects and a properly collected 
set of vegetation quadrats could be seen as a 
statistical sample of the joint distributions of the 
component  species. Leaving aside spatial auto- 
correlation issues (see Palmer 1988) and the 
question of whether vegetation data sets are typi- 

Table 2. Stability of DCA axes with orthogonal Procrustes 
rotation, as assessed by rank correlations between ordering 
of stands on rotated bootstrap axes and reference axes, from 
100 bootstrap replicates on each of 3 data sets. 

Data set Rank correlation with DCA reference 
axes 

Axis I Axis II Axis III 
Median* Median Median 
(75%,25%) + (75%,25%) (75%,25%) 

Duke Forest 
Hardwood 
Herb-layer data 

Duke Forest 
Hardwood 
Tree data 

Black Mountains 

0.984 0.918 0.466 
(0.989, 0.976) (0.95, 0.88) (0.62, 0.35) 

0.987 0.956 0.762 
(0.991, 0.981) (0.97, 0.93) (0.84, 0.65) 

0.995 0.981 0.718 
(0.998, 0.987) (0.99, 0.96) (0.86, 0.58) 

* Median rank correlation out of 100 bootstrap replicates. 
+ 75th and 25th percentile points from the distribution of 
rank correlations in 100 bootstrap replicate analyses. 



cally good samples of an identifiable sampling 
universe, bootstrapped species scores can pro- 
vide distributions for estimates of species gradient 
optima. In direct gradient analysis these distribu- 
tions are like bootstrapped regression 
coefficients. In indirect gradient analysis, with an 
abundance of estimated parameters, we are again 
reduced to relative scores and their ranks. 

Simulated gradients 

Without appropriate significance levels, internal 
correlations are awkward for comparing data sets 
and provide little guidance as to what is or is not 
a stably estimated axis. To better fit those require- 
ments we derived the scaled rank variance from 
the bootstrap variance in species ranks. Before 
presenting results from SRV calculations for field 
data, we needed to calculate SRV from unstruc- 
tured data as well as test the accuracy of the 
bootstrap estimate in a situation where an esti- 
mate from true replicate samples could be pro- 
duced for comparison with it. 

Before reporting results for SRV, we note that 
some users of DCA might be tempted to rely on 
the reported eigenvalues in deciding which axes to 
retain. Work with random data sets (cf. Gauch 
1982a) showed that this could be inappropriate. 
Even when there was no interpretable simulated 
structure very early eigenvalues from DCA in- 
creased with decreasing sample size (Fig. 3), 

LU 

(.9 
[ ]  

0.4 

0.3 

0.2 

0.1 

0.0 

'==- 25x100 

o ~  O-  25x50 

,o- 25x25 

~ . e ~  ~, ~ .o- 25x10 

• - 

I II II1 IV 

AXIS 

Fig. 3. Eigenvalues from DCA of 25 species simulated data 
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yielding seemingly impressive eigenvalues in the 
smallest samples. This sample-size effect also 
biases eigenvalues and axis length estimates from 
bootstrap replicates. Values for first and second 
axes were nearly always higher on average in a set 
of bootstrap replicates than in analysis of a com- 
plete data set. 

In contrast, SRV among bootstrap axes was 
consistent across a 10-fold range in the size of 
samples from unstructured data (Fig. 4). These 
results also support application of a 50% (0.5) 
criterion for retention of third and fourth axes, i.e. 
interpretable rankings ought to have less than half 
the mean variability of random ranks. (This was 
suggested to us by the 'rule of 2' for ratios of mean 
squares, advocated by Tukey (1988 mscr.) for 
'modem ANOVA'). It appears that more strict 
criteria should be applied to first and second axes, 
perhaps 0.3 and 0.4 respectively. 

We found good agreement between bootstrap 
and repeated sampling SRV estimates of the 
variability of species orderings on the first 3 axes 
of a 3 gradient simulation with 250 species 
(Fig. 5A-C). Both estimates suggested recovery 
of 3 fairly stable axes in samples of 25 stands or 
more, and 2 axes with only 10 samples. The 
bootstrap estimate was low for the fourth axes 
(Fig. 5D), but a user following a 0.5 rule would 
have made the same decisions employing either 
estimate. 

• 11- AXIS I .ft. AXIS II -,e- AXIS III .o- AXIS IV 

1.00 

0.75 

> 
IT 0.50 
CO 

0.25 

0.00 

--B 

0 25 50 100 

NUMBER OF STANDS 

Fig. 4. Scaled rank variances (SRV) from bootstrapped 
DCA of 25 species simulated data sets with minimal simu- 
lated structure, sampled at 4 intensities (10, 25, 50 and 100 
stands). Each estimate is calculated from 20 bootstrap repli- 
cates rotated to best match a single reference analysis. 
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Fig. 5A-D. Bootstrap and repeated sampling estimates of 
SRV for 250 species simulated vegetation data sets with 3 
simulated gradients. Estimates associated with reference 
analysis: (A)Axis I; (B)Axis II; (C)Axis III; (D)Axis IV. 
The species configuration was sampled 21 times at each of 
4 intensities and 20 bootstrap replicates were generated from 
the first sample in each series. Each estimate is calculated 
from 20 replicates rotated to best match the same reference 
analysis. 
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sampling estimates of SRV from 5 configurations of 25 
species, repeatedly sampled at 4 intensities (as above). Esti- 
mates from reference axes associated with: (A) Gradient 1; 
(B) Gradient 2; (C) Gradient 3; (D) No gradient. 



Producing multiple (5) groups of stimulated 
data sets was feasible with 25-species gradients, 
providing replicated assessments of the bootstrap 
SRV. Agreement with SRV from repeated sam- 
piing was good for axes associated with the first 
gradient (Fig. 6A) and moderate for the other 
axes (Fig. 6B-D). Generally at most one axis 
would be retained from analyses of only 10 
stands. With only 25 species, recovery of a stable 
third axis was erratic. Spurious fourth axes would 
be discarded under a 0.5 rule in all but 2 cases. 
Again, there was a hint of downward bias in the 
bootstrap estimate. It was lower for correspond- 
ing axes in 56 of 80 comparisons, but without 
many more independent simulations the dif- 
ference could not be distinguished from chance 
variation. With additional simulation work a bias 
correction might be developed, but the bias from 
bootstrapping appeared smaller than the bias 
from needed corrections for rotational instabili- 
ties. In any case, our suggested criteria for axis 
retention refer to bootstrap SRV estimates. 

SR V for field data 

These criteria were then applied to bootstrap SRV 
estimates for DCA axes from our example field 

Table 3. Variability in species ordering from DCA axes, after 
orthogonal Procrustes rotation, on each of 3 field data sets. 
Coefficients (SRV) are variances in ranks, averaged across 
species frequent enough to be present in all 100 bootstrap 
samples, and divided by the expected variance of a set of n 
random ranks. 

Data set Axis I Axis II Axis III Axis IV 

Duke Forest Hardwood 0.234 0.341 0.862 0.776 
Herb-layer data 
192 spp. 

Duke Forest Hardwood 0.123 0.302 0.610 0.737 
Tree data 46 spp. 

Black Mountains 
Herb-layer data 0.090 0.153 0.627 0.551 
237 spp. 

163 

data sets. Despite fairly high correlations with 
reference axes, the third and fourth axes in these 
data were not particularly robust to sampling 
variation (see Table 3). DCA of each field data set 
produced 2 axes with low SRV. The Black 
Mountains data produced more stable estimates 
of species order on the first two gradients than the 
Duke Forest data. The occasional instability in 
DCA identified by Oksanen (1988) apparently 
did not occur frequently enough to markedly 
increase variation among recovered solutions in 
the Black Mountains data, despite 2 primary 
gradients of nearly equal length and frequent 
reversals in their order of appearance. 

Ordination evaluation 

An important potential application for boots- 
trapped ordination is in evaluation and com- 
parison of ordination methods (Knox 1987). Ordi- 
nation methods should reliably and conserva- 
tively reveal vegetation structure without major 
distortion (Gauch et al. 1981). The ability to use 
a bootstrap to estimate sampling effects for stand 
and species scores and estimate recovery of axis 
ordering from either real or simulated data, would 
complement the usual evaluations based on inter- 
pretations of field data and recovery of simulated 
structure in simulated data. Unlike random parti- 
tions of the data set (e.g., Wilson 1981), 
bootstrapping measures performance in samples 
of a size comparable to the original data set and 
a large number of replicate analyses contribute to 
the performance estimate. Unlike simulated data, 
no assumptions about the shape of plant distribu- 
tions on gradients (see Gauch & Whittaker 1972, 
1976; Austin 1985,1987; Minchin 1987a, b) are 
required. 

The results presented above suggest that in 
samples of 100 to 150 standard 0.1 ha forest plots 
the third and fourth DCA axes may be unstable 
and include spurious information. Other ordi- 
nation methods might stably recover more dimen- 
sions from this type of data set. 
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Conclusions 

The bootstrap provides a means of characterizing 
the major kinds of sampling variability affecting 
indirect gradient analysis. In DCA ordination, 
overall directional instabilities in the axes are 
prominent. The usual DCA procedure for axis 
scaling causes another level of spurious instability 
because axis origins are set by stands with extreme 
values. These effects have to be removed before 
variation in axis scores can be measured in a 
meaningful way. 

Measures of ranks agreement and scaled rank 
variance (SRV) based on species rank show sub- 
stantial differences in stability among the first 4 
DCA axes. Third and fourth axes from field data 
were highly unstable. Even if the gradients repre- 
sented on these axes are in some senses 'real', 
these data sets do not provide robust estimates of 
their effects. In contrast, relative orderings of 
stands and species on first axes were quite reliably 
estimated in all 3 field data sets. 

Bootstrap SRV coefficients could be used to 
develop more precise guidelines for axis inter- 
pretation, so as to help avoid fruitless attempts to 
explain noise variation. Until additional results 
are available and we have more experience with 
SRV in ordination, we suggest that interpreted 
axes have less than half (0.5) the variance of 
random ranks and, more stringently, first axes 
have less than a third the variance of random 
ranks. Researchers drawing contrasts between 
gradients in different environments or at different 
scales could also use bootstrapped ordination to 
focus attention on robust properties of the sample 
data and away from potential sampling artifacts. 
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