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PUTTING THINGS IN ORDER: THE ADVANTAGES OF DETRENDED
CORRESPONDENCE ANALYSIS

A common methodological problem in ecology is how to determine the primary
underlying gradients of compositional change, given a data matrix of species’
importances. A related problem is how to match those underlying compositional
gradients to known factors, typically environment or time. What makes these
tasks difficult is that species generally do not have simple, linear response func-
tions. Ecologists long ago observed that species are generally distributed with
unimodal, often approximately Gaussian, distributions of abundance along under-
lying environmental gradients (see, e.g., Shelford 1913; Gleason 1926; see also
Whittaker 1967). In response, ecologists have devised or borrowed from other
fields a number of numerical techniques designed to extract underlying composi-
tional gradients, given the assumption of unimodal species response curves.
Currently, the method most widely used in ecology is detrended correspondence
analysis (DCA; see Hill 1979; Hill and Gauch 1980; ter Braak and Prentice 1988).

In a recent article, Wartenberg et al. (1987), hereafter WFR, tried to ‘‘dissuade
potential users from considering DCA’’ (pers. comm.). Although we agree with
many of their arguments, we are concerned that their article may cause potential
users to reject the method despite its utility for solving the general class of
problems described above. Here we provide prospective users with a more
balanced perspective on the advantages and disadvantages of DCA.

DCA is not a statistically elegant technique. Readers familiar with the applica-
tion of multivariate methods to ecological data will recognize, in the arguments of
WEFR, echoes of controversies that have bedeviled ecologists since the earliest
applications of quantitative methods to summarize community composition data
(Curtis and Mclntosh 1951; Goodall 1954; Bray and Curtis 1957). Generally,
practicing field ecologists have favored methods that most effectively reveal
relationships between community composition and environmental factors,
whereas more numerically oriented ecologists have preferred approaches that are
more elegant. These controversies have included disputes over the merits of
principal-components analysis (PCA) versus Bray-Curtis polar ordination, sample
dissimilarity measures that are true metrics versus those that are not but that seem
to work better, and Bray-Curtis ordination with orthogonalized axes versus the
traditional method (Beals 1973, 1984; Orloci 1978; Gauch 1982).

As WEFR explained, DCA is a modification of correspondence analysis (CA)
developed to overcome two conspicuous faults. The first modification, from
which the technique obtains its name, is detrending, which attempts to remove the
‘‘arch effect,”” in which the second and subsequent axes appear as polynomial
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functions of the first axis (Hill 1974; ter Braak and Prentice 1988) and thus obscure
the underlying gradient structure. The second modification is rescaling of the axes
so as to (1) provide consistent, readily interpretable units of length and (2) remove
distortion, particularly compression, near the ends of the axes. It is against these
modifications that WFR leveled their criticisms.

DETRENDING: A CRITICAL STEP IN INTERPRETING HIGHER DIMENSIONS

WFR explicitly stated that they were addressing only the case of one-
dimensional gradients. We do not defend detrending data known to contain only
one underlying axis, since we see no advantage in even recognizing a second axis
in such cases. However, because WFR argued strongly against DCA with the
intent of discouraging all potential users and because the real value of DCA is in
the analysis of multidimensional gradients, we present the case for applying DCA
to multidimensional gradients or to gradients of unknown dimensionality.

If we assume a one-dimensional Gaussian model for species response curves,
then a two-dimensional ordination using principal-components analysis (PCA)
typically shows a curve with a peak on the second axis near the middle of the first
axis. This curve has been called the ‘“horseshoe’’ or ‘‘circumflex.’”” PCA arranges
stands in terms of linear combinations of species abundances. The result is that, if
a gradient is sufficiently long for samples from near the middle to have little in
common with samples from near the ends, the ordination will be curved such that
the distance between the ends roughly equals the distance from the ends to the
middle (horseshoe-shaped). When such a curve is projected onto a single dimen-
sion, the ends are involuted and the order along the underlying single-dimensional
compositional gradient is scrambled. Thus, when using PCA, one must present
the ordination in two or more dimensions in order to be able to trace the original
one-dimensional gradient.

CA differs from PCA in that, at least for the first axis, it approximates the
maximum-likelihood solution for fitting unimodal rather than monotonic response
functions for species distributions (ter Braak and Prentice 1988). That is, CAis a
close approximation to a nonlinear ordination method where Gaussian species
response curves are simultaneously fitted for all species (ter Braak 1985).

With detrending, the approximation to nonlinear ordination can be extended to
additional axes. If we again assume a one-dimensional Gaussian model for species
response curves, then a two-dimensional CA ordination without detrending dis-
plays the samples along a parabola-like curve (Hill 1974; Hill and Gauch 1980),
often called the ‘‘arch.’’ If the data are two-dimensional but the second underlying
dimension is less than roughly half the length of the first, then the two-dimensional
CA ordination typically appears as a band with a parabolic shape (Hill and Gauch
1980; Gauch 1982; ter Braak and Prentice 1988). Note that CA maximally sepa-
rates species by maximizing the dispersion of the species scores, which are
weighted averages of the sample scores (ter Braak 1987b). The first CA axis does
so unconditionally; the second axis does so with the constraint that it is uncor-
related with the first. A folded version of the first axis is a candidate second axis
because it is uncorrelated with the first axis, and a strong candidate because its
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dispersion is large (about the square of the first CA eigenvalue). In the absence of
a strong underlying second axis, CA shows the folded form of the first axis as a
second axis (Jongman et al. 1987). The third axis often shows a third-order
polynomial relationship with the first axis for the same reason. With perfectly
Gaussian data, the steepest portions of the second-order polynomial curves corre-
spond to ends of the first axis where local intersample distances are compressed.

The order information contained in the CA arch is already largely present in the
first CA ordination axis, as we illustrate below. Further, the polynomial relation-
ship with the first axis may mask information about additional dimensions of
variation in the original data. The detrending step in DCA is designed to remove
the information already accounted for by the first axis; thus, any additional
information can be seen more clearly and interpreted more readily.

The computer program DECORANA (currently the most popular version of DCA
and for a long time the only version) accomplishes detrending in an admittedly ad
hoc, brute-force fashion. The first axis is divided into segments, and from each
segment is removed a weighted mean of the second-axis scores (based on three
starting positions to reduce the effect of segment boundaries). As WFR and others
(e.g., Beals 1984; Pielou 1984; Minchin 1987; ter Braak and Prentice 1988) have
pointed out, this method can easily result in the inadvertent removal of ecologi-
cally important information. This ‘‘overzealous’’ approach, as Pielou (1984) called
it, is difficult to advocate as superior to alternative methods of detrending. Hill
and Gauch suggested that ‘‘one possibility for the elimination of such systematic
relations is to demand that subsequent axes are orthogonal not only to the first
axis, but also to a quadratic and a cubic on that axis’’ (1980, p. 48). Ter Braak and
Prentice (1988) provided an iterative reciprocal-averaging algorithm (implemented
in the computer program canoco; ter Braak 1987a) to obtain such DCA axes by
what they called detrending-by-polynomials, and they showed the eigenvalue
equation to which it provides the solution.

WEFR argued that the arch commonly observed in CA ordinations ‘‘is an
important and inherent property of successive-replacement data that must be
considered in any discussion or analysis of such data’’ (p. 438). In short, they
argued that detrending should be avoided because important ecological informa-
tion may be lost and, as we describe for PCA above, a two-dimensional presenta-
tion allows better reconstruction of underlying gradients. We counter that al-
though the CA arch is certainly an inherent property of the method, it is not the
same phenomenon as the related PCA horseshoe and its examination does not
help when attempting to reconstruct ordering along a one-dimensional gradient of
Gaussian species.

WER presented an interesting example to illustrate the failure of DCA, as well
as of CA, PCA, and nonmetric multidimensional scaling, to recover the underly-
ing order of samples along a known gradient containing two species with roughly
Gaussian response curves of unequal niche breadth. The use of two species with
modes clumped near the middle of the gradient makes the example unrealistic and
the application of multivariate (rather than bivariate) methods questionable. How-
ever, it does serve to illustrate the behavior of the method under extreme condi-
tions. Figure 1A shows our approximate reconstruction of their example (which



NOTES AND COMMENTS 927

0.304

° e species 1

0.25 1 \  species 2
015 i
N N

SPECIES ABUNDANCE

N\
/

0.00 4 . . , ‘ i ‘ i ‘\4
1 2 3 4 5 6 7 8 9 10
LOCATION
B
4](?,5 2”6 17 8 9 10
L5 A S | S RN S N
-50 -25 0 25 50 75 100 125
CA AXIS

74 65
11

T T T
0 25 50 75 100 125 150 175

PCA AXIS I

Fi6. 1.—A, Simulated gradient of two species with Gaussian response curves and unequal
curve width (similar to fig. 3A of Wartenberg et al. 1987). B, Correspondence-analysis (CA)
and principal-components-analysis (PCA) ordinations of the data in A.

we generated using normal probability density functions with standard deviations
of 1.5 and 2.25, separated by an interval of 1.5). The resulting CA and PCA
ordinations are shown in figure 1B. The order of samples in the ordination is
scrambled relative to the known underlying order. The reason for this scrambling
in CA is not involution created by representing a two-dimensional solution in one
dimension, as WFR would lead their readers to believe. The reason is rather, as
they pointed out later, that ‘‘CA removes the effects of abundance and looks only
at relative composition” (p. 442). To illustrate, samples from locations 1 and 7
have similar locations in the ordination because they have almost identical relative
amounts of the two species. The same is true for samples 2 and 6.

CA is designed to order modes of unimodal species and does this reasonably
well when presented with such data. The scrambling of samples along the CA
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