Ecological Monographs, 74(4), 2004, pp. 685-701
© 2004 by the Ecological Society of America

A NEW TECHNIQUE FOR MAXIMUM-LIKELIHOOD CANONICAL

GAUSSIAN ORDINATION

THomAs W. YEE?
Department of Statistics, University of Auckland, Private Bag 92019, Auckland, New Zealand, and

Department of Statistics and Applied Probability, 6 Science Drive 2, National University of Singapore, Sngapore 117546

Abstract. Canonical correspondence analysis (CCA) is probably the most popular or-
dination method in community ecology. However, it is only a heuristic approximation to
maximum-likelihood estimated canonical Gaussian ordination (CGO), which isthe “‘ideal”’
method. When proposed in the mid-1980s, CCA held two advantages over CGO: it was
computationally cheaper, and its algorithm was not complex. However, an exponential
increase in computing speed over the last two decades has meant that computation cost is
no longer such a compelling advantage. The computational complexity of CGO has always
been its major difficulty, even though it is statistically more sound and simpler to understand
than CCA.. For these reasons, no general computational framework or software has appeared
until now.

This article proposes a new class of statistical regression models called quadratic re-
duced-rank vector generalized linear models (QRR-VGLMs) for maximum-likelihood es-
timated CGO. Thisis achieved by extending arecently developed class of statistical models
caled RR-VGLMs. The extension is named QRR-VGLMs because of the addition of a
quadratic form to each linear predictor, with the consequence that bell-shaped responses
can be modeled as functions of latent environmental variables or gradients. QRR-VGLMs
have several major positive features; for example, their framework is unifying and broad,
so that canonical Gaussian ordination can potentially be performed on a wide range of data
types. The two most important special cases of CGO in ecology, multispecies presence/
absence and Poisson abundance data, are considered in this article. The methodology is
illustrated with a real data set using a software implementation written by the author in
the S statistical language. The code, called the VGAM package in R, is object-oriented and
free, and it allows QRR-VGLMs to be fitted to moderate-sized data sets conforming rea-
sonably closely to the Gaussian model.
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INTRODUCTION

Canonical correspondence analysis (CCA) is prob-
ably the most popular dimension-reducing/ordination
techniqgue among ecologists today. Proposed by ter
Braak (1986), CCA is atechnique for multivariate di-
rect gradient analysis (ter Braak and Prentice 1988)
whereby species abundances y are regressed against
optimal linear combinations of environmental variables
X in order to “‘explain” the data as much as possible.
Many biologists fit CCA models using the package
CANOCO (ter Braak and Smilauer 1998), which runs
under the Windows operating system and has a user-
friendly graphical user interface that has contributed
to its wide popularity. Unfortunately, practitioners of
CCA who are unfamiliar with the literature (e.g., ter
Braak 1986, ter Braak and Prentice 1988) are unaware
that it is only an approximate solution to canonical
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Gaussian ordination (CGO) fitted by maximum like-
lihood estimation. That is, Gaussian ordination with
linear external constraints estimated by maximizing the
likelihood function can be considered the “‘ideal”
methodology because it is statistically sound, whereas
CCA is a heuristic approximation to this. For the last
two decades, this important gap between ideal and heu-
ristics has not been bridged.

Like all statistical methods, CCA possesses both
strengths and weaknesses. One weakness is that CCA
makes assumptions relating to optima, tolerances, and
abundances that cannot simultaneously hold (ter Braak
1987b, ter Braak and Prentice 1988). Another is that
it assumes linearity of the x and the chi-square-trans-
formed y (although Makarenkov and Legendre [2002]
is an attempt to offer some flexibility over this). An-
other deficiency isthat CCA modelsrelative abundance
rather than absolute abundance. The strengths of CCA
include its low computational expense and robustness
to the four underlying assumptions (e.g., ter Braak
1987a, Palmer 1993). Johnson and Altman (1999)
showed that CCA provides areasonabl e approximation
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to CGO when species’ tolerances do not differ too
much (within afactor of three), areindependent of their
optimum environment, and species’ maximaare within
a factor of 10 from each other.

The reasons put forth at the time for using CCA
instead of CGO were mainly because of the latter’'s
computational complexity and expense. However, since
the mid-1980s when CCA was proposed, computing
power has increased exponentially so that computa-
tional expense can no longer be considered such a ma-
jor advantage over CGO. Despite the simplicity of ca-
nonical Gaussian ordination (e.g., Eqgs. 2—4), a major
reason why CGO has not been used is that no software
has been written that is easy to use and accessible.
Furthermore, no algorithm has been developed to han-
dle responses coming from, more generally, the ex-
ponential family (such as GLMs [Nelder and Wedder-
burn 1972], which handle normal, binomial, and Pois-
SON responses).

To this end, the purpose of this paper is to propose
anew class of statistical regression models called qua-
dratic reduced-rank vector generalized linear models
(QRR-VGLMs), which allow the maximum likelihood
estimation of CGO to be performed on a wide range
of statistical models and data types. QRR-VGLMs ex-
tend a class of models called RR-VGLMs by allowing
for the inclusion of a quadratic form to each linear
predictor, so that a bell-shaped response can be mod-
eled for each species. The class of RR-VGLMs was
proposed by Yee and Hastie (2003), and they enable
the potential benefits of reduced-rank regression to be
conveyed to a very wide class of models. RR-VGLMs
themselves are a variant of the class of VGLMs, which
were introduced by Yee and Wild (1996). VGLMs are
a very large class that encompasses a wide range of
multivariate response types and models including uni-
variate and multivariate distributions, categorical data
analysis, time series, survival analysis, generalized es-
timating equations, correlated binary data, bioassay
data, and nonlinear least-squares problems. VGLMsare
expounded with a biological focus in Yee and Mac-
kenzie (2002). QRR-VGLMs inherit many properties
of VGLMs; therefore they can be used to fit CGO to
a wide range of data types. With the unifying theoret-
ical framework provided by QRR-VGLMs, it is aso
simpler to write software implementing the method.
This article describes a software implementation called
VGAM and illustrates its use on some real data.

Ordinary generalized linear models (GLMs; see
McCullagh and Nelder 1989) are a special case of the
VGLM class. In an article comparing GLMswith CCA,
Guisan et al. (1999) highlight one strength that CCA
has over GLMs: for community delineation and inter-
pretation CCA isclearly more valuable becauseit deals
with the co-occurrence of species whereas GLMs are
a distinct regression. To overcome this limitation of
GLMs, they mention the idea of designing a system of
simultaneous regression equations (simultaneous
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GLMs) to integrate species co-occurrence/exclusionin-
formation. QRR-VGLMs are a direct answer to this
need: Eq. 12 links M species to a common set of latent
variables v. Actually, CCA is also a separate regres-
sion, but it then projects the fitted values onto an or-
dination diagram (typically in two dimensions) and
gives an impression of community analysis.

Notation and outline of article

In this article, the data consists of matrices Y and
X, whicharen X M and n X p, respectively. There are
M species, n sites, and p environmental variables (the
first environmental variable is an intercept term.) We
writeY = (y,, Yo - . ., ¥5)T astheresponse matrix (e.g.,
containing counts or species abundances), and X = (X4,
Xo « .., Xp)T IS the matrix of environmental variables
at each site. Elementwise, Y = [(y;)] and X = [(x)],
and i will index sites, j will index species, and k will
index environmental variables. We write x; = (X4, . - -,
Xip)Tand X = (X, . .., X,)7, where x; = 1isan intercept
term, i.e., the first column of X is a vector of ones, 1.
All logarithms are to base e. We let |x — Y| be the
Euclidean distance between two vectors x and vy, i.e.,
V(X — y)"(x — y). Intercept terms need special care,
therefore we use the vector x_,; to denote the vector
X; with the first element removed, and B_,, denotes a
matrix B with the first row deleted.

While QRR-VGLMs belong to a much larger family
of statistical models, we only present the simplest types
of QRR-VGLMs (those based on the GLM class) in
this article, for brevity. Recall for GLMs that

g(w) =m =x'B  Var(Y) =¢V(w) (D

where n. = E(Y), g isthe known link function, n isthe
linear predictor, ¢ is the dispersion parameter which
may be known or unknown, and V is the known var-
iance function.

Canonical Gaussian ordination

One of the simplest and important example of CGO
is Poisson data with M species. The rank-1 model (i.e.,
one latent environmental variable v = ¢™x) for species
j is the Poisson regression

log () =m) j=1....M @
where p; = E(Y)) is the mean abundance, and

NV = B T BV T BeV? 3

B 1(v - u)\?
= 2( t ) 4
is the linear predictor. Egs. 2—4 are GLMs in the latent
variable v.

The justification for the squared term v2 is provided
by a large literature dealing with unimodal response
curves to environmental variables. This spans much of
ecological theory, e.g., the ideas of Shelford, Igoshina,
Ellenberg, Hesse, Gause, etc. (see, e.g., Gauch and
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Whittaker 1972b, Gauch 1982, Austin 1985, ter Braak
and Prentice 1988). The v? accommodates symmetric
bell-shaped curves on the original Y scale.

Eq. 4 is similar to that of the normal or Gaussian
distribution, hence the adjective ‘‘ Gaussian™ is used.
In the second formulation (Eqg. 4), u, is often called
species j's optimum and t; (>0) its tolerance. This rep-
resentation is often used instead of Eqg. 3 because of
the ecological interpretations that can be ascribed to
the parameters. The tolerance measures how wide the
response curveis, i.e., how much deviation the species
can tolerate from its optimal environment so that t; is
large for stenoecous species and small for eurycous
ones. It is a measure of niche width. The parameter u,
is the value of the gradient (in the ecological rather
than the mathematical sense) in which w,(v) is a max-
imum; therefore it is the optimal environment for spe-
cies j. Since p;(u) = e, the parameter o is directly
related to the prevalence/abundance of the species at
its optimum. We call ,;(u;) the maximum of species j.

The coefficient B(;; in EqQ. 3 is important because a
negative value implies the response curve is unimodal
about the optimum u,. If B3 = 0, then the curve is
sigmoid, and if B(;; > O, then the curveis' u” shaped.
Interesting submodel s of the above based on ecological
theoriesincludetesting Hy;: m; = . .. = m (all species’
response surfaces are equal), Hg: t; = -+ - = t, (al
species’ tolerances are equal), and Hyg: U; = - - - = Uy
(all species’ optimaare equal). All these are considered
more generally in Smplification hypotheses.

Another simple example of CGO is with the pres-
ence/absence data of M species at a site. Then Eq. 2
becomes

logit p;(v) = m;(v) , M (5)

the so-called ** Gaussian logit model’” for speciesj (ter
Braak and Looman 1986) applied to the hypothetical
environmental gradient v. Here, the logit link function
is used, but other link functions include the probit and
complementary log-log links; VGAM easily allowsthe
user to choose among these.

i=1,...

VECTOR GENERALIZED LINEAR MODELS

VGLMs, which are described in detail in Yee and
Hastie (2003), involve a set of M linear predictors m;:

(%) = BIX = BuXe T+ o+ BpXo
i=1..., M )

The VGLM class encompasses all known GLMs (Eq.
1), and are deliberately general so that it includes as
many distributions and models as possible. We attempt
to be limited only by the assumption that the regression
coefficients enter through a set of linear predictors. Eq.
6 can be written as follows:
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n =) = H 0= o + [Byl™X 1
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HP X
=mo+Qg 0 @

ESI—l)MX(—l)iE
where g = (B, - - - » By " iS avector of intercepts,
and B = (BB2 - -+ Bw) isp X M.

Most VGLMs have a log-likelihood function ¢ =
0, 6(ny, ..., Mu), O at least a log-quasilikelihood
function (McCullagh and Nelder 1989). Maximum
likelihood estimation is performed by iteratively re-
weighted least squares (IRLS; see, e.g., Green 1984)
using either Newton-Raphson or Fisher scoring.

With multispecies Poisson data, Poisson regression
fits within the VGLM framework (Eg. 6) because

n; = log w = (10g iy, - - ., 109 i)™ (8)

Here, Y has a Poisson distribution with mean w; =
E(Y;), and is the mean of the ith row of Y. Thus log
wi = m; = B™x; allows M simultaneous Poisson regres-
sions on the environmental variables x;—one for each
species.

In a similar manner, multispecies binary data fits
within the VGLM framework by letting Y; = 1 or 0
for presence and absence, respectively, of species | at
site i. Then instead of Eq. 8, one simply has

W, = logit p; = {log[pi /(1 — wil, - - .,

loglpin/(1 — )]} - 9

The two important topics of constraints on the func-
tions and the scaling parameter for VGLMs are briefly
summarized in Appendix B.

REDUCED-RANK VGLMS

Motivation for the class of reduced-rank VGLMs
(RR-VGLMs) can be obtained from the observation
that, for various VGLM models, the matrix of regres-
sion coefficients B_,, in Eq. 7 may be very large for
the data at hand. For example, for M = 5 species and
p = 9 environmental variables, there are at least 40
regression coefficients. Consequently, it is clearly ad-
vantageous to reduce the number of parameters. Re-
duced-rank regression can achieve this by constraining
By to be of a lower rank, i.e., B_,, can be replaced
by the approximation

B_y = CAT (10)

where C = (CyyCpp) - - Cr) is(P — 1) X R A = (a3
raR) = (@ - ay)TisM X R, and R (=min(M, p
— 1)) is the rank (A and C are both of full-column
rank). Eq. 10 shows that B_,, is approximated by the
(outer) product of two *‘thin”’ R-column matrices, and
when applied to the VGLM class, this givesrise to the
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class of RR-VGLMs. A more parsimonious model re-
sults if R < p — 1 because the resulting number of
parameters is often much less than the full model (the
differenceis(M — R)(p — 1 — R)).

Thereduced-rank ideais also important for anumber
of reasons:

1) The concept is readily interpretable because
[CyXc - - - ClrXpl T [= C'Xy = v, say] can be
interpreted as a vector of latent variables or hypothet-
ical environmental variables—linear combinations of
the original predictor variables that give more explan-
atory power. They often can be thought of as a proxy
for some underlying variable behind the mechanism of
the process generating the data. In plant ecology, the
idea is an important one, for example, in direct and
indirect gradient analysis (see, e.g., ter Braak and Pren-
tice 1988). Therole of C can be considered as choosing
the **best” regressors from alinear combination of the
original regressors, and A as regression coefficients of
these new regressors.

2) The reduced-rank approximation provides a ve-
hicle for a low-dimensional view of the data via an
ordination diagram.

3) It allows for flexible generalizations based on
smoothing.

4) Reduced-rank regression/redundancy analysis
(RDA; ter Braak and Prentice 1988, ter Braak and L oo-
man 1994) for quantitative linear data can be replaced
by RR-VGLMs for binary data and counts. Features
such as biplots are available for RR-VGLMs.

Embedding the reduced-rank constraint within a
large class of models such asVGLMshasthe additional
advantage that many models become just special cases,
and software is more easily written and used.

Partial RR-VGLMs

More flexibility is gained by partitioning x into (x],
x3)T, and B = (BIBJ)T accordingly. Yee and Hastie
(2003) propose the class of partial RR-VGLMs, which
is given by

n = B]x, + AC™X, = BIx; + Av (12)

where B, is of full rank (or rather, is subject to known
constraint matrices) and B, = CAT™. Partial RR-VGLMs
are RR-VGLMs but with the reduced-rank component
only applied to a subset of the regressors. We let p; =
dim(x;).

Eq. 11 can be interpreted as a reduced-rank regres-
sion of x, after adjusting for covariatesin x,. It follows
the same idea as partial CCA (ter Braak 1988), where
the effects of aset of covariables x, have been partialed
out to allow the relationship between a set of response
variables and a set of variables of interest to be seen.
Eq. 11 restricts a species’ response to be alinear func-
tion of v, i.e., sigmoid, but in this paper we extend Eq.
11 to give the class of quadratic (partial) RR-VGLMs.
This enables (partial) CGO to be performed. For QRR-
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VGLMs, x, often contains the intercept term only and
X, are the “‘real”’ environmental variables.

QuAaDRATIC RR-VGLMS

Quadratic (partial) RR-VGLMs extend Eq. 11 by
adding quadratic terms in v to give

»'DvQ
0 O
n = BIx; + Av + EJ B
@»"'DyvO

oW — u) T3 v —u) D
10 )

=0 — —

: (12)
v — uy) Ty(v — uy)o

where D; are R X R symmetric matrices, and « is some
vector depending on x,, u;, and the tolerance matrices
T;. The definition (Eq. 12) is also more general than
the **partial canonical Gaussian ordination” model (ter
Braak 1988) because, for example, the tolerance ma-
trices can differ. The justification for adding the qua-
dratic formsin Eq. 12 is to accommodate the unimodal
response tenet mentioned above.

The jth response surface in Eq. 12 is bell shaped in
the latent variables v if and only if D; is negative-
definite, i.e., if and only if T; = —%D;l is positive-
definite. The matrices D; and T, control the (ellipsoidal)
contours of the bell-shaped surface in the R-dimen-
sional latent variable space, for example, if they are
diagonal, then the axes of the ellipsoids are parallel to
thev, (r = 1, ..., R) (ordination) axes. The contours
represent points that have the same fitted value (e.g.,
abundance or probability). The fitted C are called (es-
timated) canonical coefficients, the jth column of C are
called the jth canonical coefficients (which are inter-
preted as weights), and

u =T (13)

is the optimum of species j.

One feature about fitting (partial) CGO models using
maximum likelihood estimation is that the rank-R so-
lution cannot be obtained from a higher rank solution.
This is unlike CCA, where the canonical coefficients
are the same no matter what the dimension, i.e., the
CCA solution is nested. Users of CGO need to specify
avalue of R

Smplification hypotheses

In Eq. 12, the T; are general symmetric matrices.
Consequently, the total number of parameters grows
very quickly with R. For many applications it is not
practical to have so many parameters, and some sim-
plification is strongly recommended. The following hy-
pothesis tests give some simplications, and some of
these can be handled with the constraints-on-the-func-
tions framework.

Ho: D; = O, = 1, ..., M. This states that all the
species’ responses are sigmoid and not quadratic, so
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that the QRR-VGLM becomes a RR-VGLM. This hy-
pothesis will be more likely to be accepted if there is
little environmental variability in the sample.

Hoii my = - - - = mu. Thisisavery strong hypothesis.
It states that the response surfaces of all the species
are identical.

Hp: T, = -+ = Ty. That is, all species have the
same tolerance matrix. VGAM has an argument
Equal Tol er ances for this. If true, this hypothesis
simplifies the interpretation of the ordination diagram
and decreases the computational cost of estimating the
model. Ter Braak and Prentice (1988) note that when
the tolerance of the species are allowed to differ, the
likelihood function typically contains many local max-
ima.

Hgs Uy = -+ = uy,. That is, all species have the
same optimum. Fitting this model does not appear pos-
sible using the constraints-on-the-functions frame-
work.

Hos: T; = t?lz We call this the ** spherical” assump-
tion because the tolerance with respect to each canon-
ical axis is the same. For rank R = 2, the elliptical
contours are circular. The spherical hypothesis was as-
sumed in ter Braak (1987b:113). The hypothesis Hg,
must be made in reference with a normalization, e.g.,
Eq. 14.

Hy, is particularly important to the user because, if
it is true, then the latent variable space can be rotated
so that all the T; become diagonal. The canonical axes
can then be stretched/shrunken so that all the T; become
| At this stage, the ordination diagram becomes par-
ticularly easy to interpret.

Theoretically, CGO with Poisson and binary re-
sponses can be fitted to any data set satisfying nM
greater than or equal to the number of parameters. The
benefits of having any of the above hypotheses holding
is that it reduces the number of parameters to be es-
timated. Consequently, there is a gain in speed and
there may be a greater chance of successful conver-
gence.

Ordination diagrams

A magjor by-product of CGO isan ordination diagram
(also called alatent variable plot in this article), which
is practical for ranks R = 1 and 2. They enable one to
visualize relationships among the site scores v;, the
environmental variables x,, and the optima (;. Relative
abundances can also be read off CGO diagrams.

A CGO latent variable plot for rank R = 1 isstraight-
forward: the x-axis is ¥ and the y-axis is . or 1. For
a CGO diagram for arank R = 2 model, the x-axisis
v, and the y-axis is v,. However, ideally, one would
want directions and Euclidean distances to have a nat-
ural meaning, as well as latent variables that are un-
correlated. All these ideals can be met provided an
equal-tolerances assumption (T; = T, say, for all j) is
made.
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Distances between points on an ordination diagram
must be viewed in terms of the quantity (v — u)”
Tt (v — u) in Eqg. 12. This term is like a squared
Mahalanobis distance, therefore proximities must be
viewed with respect to the contours associated with the
bell-shaped response surfaces defined by Eq. 12. This
is because, for example, the abundance or probability
of occurrence of a species decreases with distance from
its optimum. We want the Mahalanobis distance and
Euclidean distance to coincide by having T; = I

However, currently VGAM uses the normalization
Eqg. 14 during the estimation process, which leads to
site scores which are uncorrelated, but in general, the
T; will be non-diagonal. Since the elliptical contours
of the T, are needed to judge distances correctly, it is
a very good idea if a transformation can be done to
circumvent the need for contours to be displayed on
the ordination diagram. Fortunately, thisis possible by
transforming the 'f'j so that they are | . This resultsin
contours that are spherical, therefore distances between
two points naturally measure the dissimilarity between
the two points. That is, the ordination diagram becomes
a‘‘distance plot’’ —the “* distance rule,”” whereby asite
that is close to an optimum is more likely to contain
the species than a site that is far from the optimum,
holds. For example, in Fig. 2, sites 12 and 11 are the
most abundant sites of Pardosa monticola.

By default, VGAM’s functions Coef () and
I vpl ot () (for “latent variable plot’’) transform the
T, to I, if the T, are constrained to be equal and are
positive-definite. However, in order to retain the un-
correlatedness of the latent variables, the site scores
are first rotated so that the T; are diagonal and then the
T, are fully transformed into |. Consequently, Eq. 14
no longer holds, though Var(v;) remains diagonal.

Such CGO diagrams need to be scaled so that the
(circular) contours appear circular, i.e., acorrect aspect
ratio. When this is done, the circular contours can be
omitted from the plot. Also, CGO diagrams will gen-
erally result in the range of the site scores along the
second latent axis being smaller than the first canonical
axis. One explanation for thisis that the first canonical
axis will usually do better at separating out the species
so that there is more overlap between species on the
second axis. This feature can be seen in Figs. 2 and 3.

How can a rank-2 CGO diagram be constructed if
the T, are not all equal? To do this, one can use Eq.
14 and add the contours of the response surfaces in
order to supply a metric for judging distances and di-
rections. Without the contours, the ordination diagram
will be deceptive and misleading. When the T, are very
different, the interpretation is unfortunately compli-
cated.

Regardless of the normalization of the latent variable
plot, for R = 2, one has the ¥ as the canonical axes,
with the optima G; superimposed, and the rows of C
can be plotted as arrows emanating from the origin. By
projecting the arrows onto the canonical axes v,, the
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way in which each latent variable depends on each
environmental variable can be readily seen. The n in-
dividual site scores ; can also be added to the plot. It
is sometimes useful to add the convex hull of the site
scores to the rank-2 latent variable plot to give an idea
of the sampled range of environments. Any optimum
lying outside this region should be viewed with greater
uncertainty.

It can be noted that CGO diagrams have several fea-
tures not available to CCA. One is that contours of the
bell-shaped surfaces can be added to the plot. VGAM
allows the contour levels to be either relative to the
species’ maximum (e.g., 95%) or an absolute value, or
simply be a specified number of tolerance values away
from the optimum. Another feature is that optima are
not plotted unless the fitted response surface is actually
bell shaped; CCA plots them (weighted averages) re-
gardless. Finally, note that if x, has mean 0 then E(v)
= E(C™x,) = 0; this implies that if the covariates x,
have been centered, then the sample mean (centroid)
of the site scores v; over the entire data set will be
located at the origin.

Residuals

With QRR-VGLMs, there are several types of resid-
uals. Theseinclude *‘response” residualsy; — p;;, Pear-
son residuals, deviance residual s (applicable for binary
and Poisson data), and working residuals based on the
adjusted dependent vectors z; from the Newton-Raph-
son/Fisher-scoring algorithm. Residual analysis is po-
tentially very useful to check the adequacy of fitted
models and is highly recommended. In VGAM, the
generic function pl ot () is used to produce residual
plots, whereas | vpl ot () produces a latent variable
plot or ordination diagram.

SoME TECHNICAL DETAILS
Normalizations

The factorization Eg. 10 is not unique because ACT™
= AMM ~ICT for any nonsingular matrix M. There are
a number of possible uniqueness constraints, e.g., Yee
and Hastie (2003) use corner constraints. For QRR-
VGLMs, it is convenient to consider two normaliza-
tions. The first is to restrict C so that

Var(v) = Var(C'x,) = In (14)

This normalization means the site scores (latent vari-
ables) are uncorrelated and have unit variance. It is
always possible to use this normalization, thereforethis
is currently used by VGAM during the fitting stage.

Using Eq. 14 has several advantages. As well as
being always possible, the tolerance of each species
can also be compared to the total variation of the latent
variables, i.e., unity. Another advantage is that it is
quite numerically stable.

The following second normalization is only practical
when the tolerance matrices T; are equal and corre-
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spond to bell-shaped response surfaces, i.e., T; is pos-
itive-definite under Hy,. Then we choose M so that

T =1 j=1...,M (15)

i.e., the contours of the response surface are spherical
(circular when the rank is two). The normalization Eq.
15, which gives an ecological scale to the canonical
axes because the individual tolerances are all unity, is
similar inaim to **Hill’s scaling.” Also, Eg. 15 hasthe
important property that in arank-2 latent variable plot,
distances in the ordination diagram between optima G,
and site scores #; measure dissimilarities between these
quantities—the smaller the distance the more similar.

In general, both normalizations cannot hold simul-
taneously. When the second normalizationisapplicable
(it isto be preferred in latent variable plots), we apply
arotation followed by a scaling operation. This results
in arelaxing of the first normalization (Eq. 14) so that
Var(v) is merely diagonal. The rotation does not affect
Eq. 14 because the Var(Rv) = I for all orthogonal R.
Consequently, Eq. 14 is not unique.

Even if al the T, are not all equal, it is possible to
choose one of the species and rotate its (assumed bell-
shaped) response surface so that its elliptical contours
have either minor-axis or major-axis parallel to thefirst
ordination axis. This is equivalent to transforming T;
to be diagonal for that species. It is more convenient
to choose the minor axis rather than the major axis
because the former, corresponding to alower tolerance,
often is associated with a greater separation between
all the species. When the ordination diagram is rotated
as such, the interpretation that can be ascribed is that
the latent variables are uncorrelated, and that the two
latent variables do not interact for this species. In prac-
tice, the species best chosen for this rotation might be
a dominant species whose full environmental range is
reflected in the data set.

Note that Egs. 14 and 15 differ from the common
normalizations of CCA, viz. Hill’s scaling and biplot
scaling. Consequently, the ordination diagrams pre-
sented here cannot be compared ‘‘ exactly’’ to those of
CCA. Currently, by default, VGAM’s Coef () and
lvplot() for CGO objects choose Eq. 15 if
Equal Tol er ances = TRUE; otherwise Eq. 14 isused.

Interpretation of the estimated canonical coefficients
C should be made only when the site scores #; are
uncorrelated, cf. principal components analysis.

Inference and identification of the number
of latent variables

Up to this point, we have assumed the rank R to be
known whereas in practice it is rarely known. Its de-
termination isan important subproblem. Unfortunately,
the likelihood ratio test is not valid due to technical
reasons (see, e.g., the discussion in Anderson [1984]).
Yee and Hastie (2003) suggest the use of information
theoretic-quantities such as minimizing the AIC (Akai-
ke 1974) to determine R.
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VGAM has a methods function Coef . qrrvgl m()
that shows which of the fitted n;(v) are bell-shaped.
One ad hoc method is to increase R until many species’
response curves are no longer bell-shaped. Ideally, they
are bell shaped for R = 1 and 2. As Rincreases, it is
less likely for species’ response surfaces to be bell-
shaped, therefore it is sometimes necessary to assume
an equal-tolerances assumption T; = T. In practice, it
pays to keep R low if possible (e.g., between 1 and 3,
inclusive) because the computational cost increases
very rapidly with R. This compares with CCA, where
fits are often rank-2 because they are plotted on com-
puter screen and/or paper (although the analysis itself
is of full rank) and CANOCO as currently programmed
extracts only the first four axes.

Empirically, if ahigher-rank model isfitted to lower-
rank data (rank R, say), then only the ‘“first” R toler-
ances will be finite under Eq. 14. That is, the contours
of the ellipsoids will be elongated along the R + 1, R
+ 2, ... canonical axes. Consequently, there is much
“‘overlap”’ between the species in these higher dimen-
sions. The practical lesson from this is that, provided
the data and the statistical model agree, very wide tol-
erances relative to the site scores among all the species
can be indicative of a model with too high rank. This
is coupled with the problem that too high rank models
become difficult to fit in the first place.

EsTIMATION

Successful application of QRR-VGLMs requires a
fast computer, experimentation, patience, and at least
arudimentary understanding of how they are estimated.
Such an account is given in Appendix A because of its
higher technical level. In this section, we consider im-
portant practical issues, which are based on Appendix A.

Initial values

Canonical Gaussian ordination estimated by maxi-
mum likelihood will converge faster if good initial val-
ues are provided. As Koojiman (1977b) notes (for non-
canonical Gaussian ordination), good initial values can
be crucial, and the quality of these become more im-
portant with increasing numbers of parameters.

One idea to obtain initial estimates is by fitting the
smallest rank-R QRR-VGLM that is possible. For ex-
ample, in Poisson or binary Gaussian ordination, this
means only fitting R species. Given the C from the
initial model, this can be fed into the full QRR-VGLM
asinitial values. Practical experience with this ‘‘trick”
has shown it can dramatically decrease the total com-
puting time. A related idea is to fit a CCA model and
use the solution asinitial values for the QRR-VGLM—
note however, that software such as CANOCO return
standardized coefficients and use a different normali-
zation.

Given the solution of a rank-R QRR-VGLM, initial
values for the rank-(R + 1) model could be C%,, =
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(CR, €) where g isavector of p, random normal variates
with zero means.

In the absence of inputted initial values by the user,
VGAM currently chooses each element of C to bein-
dependent normal random variates with zero means.

It should be noted that it is a good idea for each x,
to be checked for outliers, high amounts of skew, etc.,
and appropriate action such as transformations be ap-
plied. For example, Palmer (1993) advocated using the
logarithm transformation for soil chemical data. Ide-
ally, v, = c}yx, needs to be a plausible underlying gra-
dient with bell-shaped responses for each species. If
the individual variablesin x, are **well behaved,”” then
linear combinations of such variables should also be
well behaved.

Dispersion parameters

Up until now, it has been assumed that the dispersion
parameters ¢; are known, so that QRR-VGLMs are
maximum likelihood estimates. When the &; are un-
known, they may be estimated by the method-of-mo-
ments (McCullagh and Nelder 1989), and although the
final model is no longer fully estimated by maximum
likelihood, we loosely still say that QRR-VGLMs give
maximum likelihood estimates because the ¢, are usu-
ally treated as nuisance parameters.

Approximate standard errors

Standard errors for parameter estimates are generally
available from an IRLS algorithm. For RR-VGLMs,
there are complications due to the fact that A and C
are not simultaneously estimated under a single re-
gression; however, Yee and Hastie (2003) show how
to compute the complete variance-covariance matrix
for the estimated elements of A, B;, and C by fitting
two overlapping models and then combining their es-
timated variance-covariance matrices. For QRR-
VVGLMs, one cannot use this method, and furthermore,
the second derivative matrix with respect to the ele-
ments of C appear intractable.

The following is a crude approximation. If we treat
C as known, and then produce standard errors for the
estimated elements of A, B,, and D;, then these standard
errors will be generally too small, nevertheless, they
can still be useful for approximate inference. Standard
errors for C, therefore, are currently unavailable.

EXAMPLE

In this section, VGAM is used to fit QRR-VGLMs
to a Dutch hunting spider data set (ter Braak 1986).
VGAM is based on Version 4 of the S language
(Chambers 1998) and uses the modeling ideas of
Chambers and Hastie (1993), viz. formula, data
frames, and generic functions. Two texts on S
modeling are Venables and Ripley (2002) and Dal-
gaard (2002). All timings presented here were cal-
culated using R 1.8.0 on a 2.4-GHz Pentium 4 ma-
chine running Linux. VGAM is under continual
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Hunting spider data
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Fic. 1. Output from the generic function | vpl ot () when applied to a rank-1 Poisson QRR-VGLM with unegual tol-

erances. The fitted values are joined by lines; hence the lack of smoothness in the curves. The rug plot at the bottom shows

jittered (slightly to separate ties) values of the site scoresv; =

= C%,, i = 1, ..., n. The species are: Alopacce, Alopecosa

accentuata; Alopcune, Alopecosa cuneata; Alopfabr, Alopecosa fabrilis; Arctlute Arctosa lutetiana; Arctperi, Arctosa perita;
Auloalbi, Aulonia albimana; Pardlugu, Pardosa lugubris; Pardmont, Pardosa monticola; Pardnigr, Pardosa nigriceps; Pardpull,
Pardosa pullata; Trocterr, Trochosa terricola; and Zoraspin, Zora spinimana.

development. Therefore future changes to its usage
cannot be ruled out. SoftwareimplementingVGLMs,
RR-VGLMs, and vector generalized additive models
(VGAMSs) are packaged in the VGAM package for
S-PLUS and R.2

Hunting spider data

Ter Braak (1986) applied CCA to M = 12 species
(see Fig. 1 caption) of hunting spidersin a Dutch dune
area, and a similar analysis is presented here based on
Poisson CGO via QRR-VGLMs (Egs. 8 and 12). The
data, which originally came from Van der Aart and
Smeek-Enserink (1975), consists of abundances (num-
bers trapped over a 60-wk period) and six environ-
mental variables. There were n = 28 sites. In the CCA
analysis, a square-root transformation was applied to
the abundances to reduce the effect of large values; we
defer such an analysisto later. For comparison with the
CCA analysis of ter Braak (1986), each of the six en-
vironmental variables was standardized to zero mean
and unit variance.

Suppose the data is stored in a data frame called
hspi der . A rank-1 model with unequal tolerances can
be fitted using the following:

2 (http://www.r-project.org/)

pl = cgo(chi nd( Al opacce, Al opcune, Al opfabr,

Arctlute, Arctperi, Aul oal bi,
Par dl ugu, Pardnont, Pardni gr,
Pardpul I, Trocterr, Zoraspin)

~ Wat er Con + BareSand + Fal | Twi g
+ CoveMoss + CoveHer b + Refl Lux,
fam |y = quasi poi ssonff,
dat a = hspi der,
Crowlposi tive = FALSE,
Equal Tol erances = FALSE) .

The VGAM family function quasi poi ssonf f isused
so that a dispersion parameter ¢; may be estimated for
each species. The environmental variable names cor-
respond, in order, to those in Table 1. Residual plots
of p1 (not given here) did not reveal any gross outliers.
The ordination diagram

| vpl ot (p1, 1col =1:12, IIlwd = 2,
Ity =1:12, y = TRUE,
pch = 1:12, pcol = 1:12,
las =1, main = “Hunting spi der data”)

gives Fig. 1. Most of the arguments refer to graphical
parameters such as line width, colors, etc. and are op-
tional. With a dozen species, the plot is quite cluttered,
especially with the abundances overlaid as points (dif-
ferent line and symbol for each species). The plot sug-
gests the model provides a reasonable fit to these data.
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TaBLE 1. Estimated rank-1 Poisson QRR-VGLMs applied to the standardized hunting spider data.
C (count data) C (square-root count data)

Variable Unequal Equal Unegqual Equal CCAl CCA2
Water content —-0.119 —0.150, —0.356 —0.215 —0.127, —0.224 —-0.51 -0.41
Bare sand 0.261 0.234, 0.554 0.227 0.244, 0.432 0.33 -0.10
Fallen twigs —0.306 —0.387, —0.918 —0.302 —0.421, —0.745 -0.14 0.37
Cover moss 0.107 0.134, 0.318 0.204 0.192, 0.339 0.05 -0.27
Cover herbs -0.172 —0.128, —0.304 —0.089 —0.064, —0.113 -0.28 -0.15
Light refl. 0.406 0.297, 0.703 0.253 0.219, 0.388 0.27 —-0.03
Deviance 1176.00 1585.11 167.22 252.29

Notes: ““Unequal’” and ““equal’ refer to the tolerances. For the equal-tolerances column, the LHS estimate corresponds to
the normalization Eq. 14, whereas the RHS estimate corresponds to T; = |,. The unequal-tolerances columns correspond to
Eq. 14. The first two canonical coefficients of CCA (ter Braak 1986) are included (CCA1 and CCA2) for ‘‘comparison.”
The log-transformed environmental variables are water content (percentage of soil dry mass), bare sand (percent cover of
bare sand), fallen twigs (percent cover of fallen leaves and twigs), cover moss (percent cover of the moss layer), cover herbs
(percent cover of the herb layer), and light refl. (reflection of the soil surface with cloudless sky).

Coefficients and other useful quantities can be ob-
tained using the generic function Coef () , for example,
typing Coef (pl) produces

C matrix:
v

WaterCon  —0.119

BareSand 0.261

FallTwig —0.306

CoveMoss 0.107

CoveHerb  —0.172

ReflLux 0.406

Optimum Maximum Tolerance

Alopacce 0.854 19.29 0.508
Alopcune —0.169 18.38 0.431
Alopfabr 1.445 13.03 0.532
Arctlute -0.327 6.17 0.241
Arctperi 1.993 14.59 0.430
Auloalbi —0.298 19.24 0.365
Pardlugu NA NA NaN
Pardmont 0.363 48.60 0.481
Pardnigr —0.270 87.90 0.269
Pardpull -0.213 110.39 0.303
Trocterr —0.347 102.29 0.474
Zoraspin —0.377 27.25 0.360.

It appears that all the environmental variables are
important for the latent variable, and that the strongest
weighting is for light reflection. In Table 1, the first
canonical coefficients of CCA ‘‘agree” with the QRR-
VGLM coefficients in that the signs match.

The output reveals that all species except Pardosa
lugubris had a fitted quadratic that was bell shaped. In
general, the estimated response curve of a species has
a higher chance of being bell shaped the larger the

environmental range of the sample data. At their op-
timal environment, Pardosa pullata and Trochosa ter-
ricola are the most abundant species. The location of
the optima, when overlaid on Fig. 1, show seven spe-
cies with their estimated optimum 0, clustered between
—0.4 and —0.1 on the latent variable v scale.

The estimates of the dispersion parameters were:

Alopacce Alopcune Alopfabr Arctlute Arctperi
2.802 7.526 2136 1139 0.848

Pardmont Pardnigr
12.358 5575

Pardpull Trocterr Zoraspin
5394 14480 3.115

Auloalbi Pardlugu
5.730 8.849.

Not surprisingly, there is a tendency for species to ex-
hibit overdispersion relative to a Poisson distribution.
If one was willing to assume that each species dis-
persion parameter was equal (not realistic here), then
the estimate of this common value would be $ = 4.47
for the unequal -tol erances model—a significant amount
of overdispersion.

To test whether the species have equal tolerances,
the above analysis was repeated but with the argument
Equal Tol erances = TRUE. This gave a deviance of
1585.11 whereas deviance was 1176.00 for the un-
equal-tolerance model. Then a likelihood ratio test
gives P value P[x3, > 409.11/4.46] =~ 0, which gives
extremely strong evidence against Hy,: t2 = - - - = t2,.
Thisis not surprising, since the species’ tolerances dif-
fer by afactor of 2. The tolerance for Pardosa lugubris
is undefined because its response curve is not bell-
shaped, and with so little data from this species, it is
not surprising that itsfitted curveis‘ U’ -shaped. Table
1 also gives the estimated C from the equal-tolerances
model, and these appear to be a little different from
the unequal-tolerances model.

Using a number of different sequences of random
initial C values, estimation typically took between 20 s
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and 80 s (median, 30 s) to converge for the unequal-
tolerances model. The equal -tolerances model typically
took between 10 s and 30 s.

Note that, if afew species are not bell shaped, fitting
amodel with equal tolerances may force all species to
become bell shaped because the common tolerance
pools information from all species to give an overall
estimate. For these data, t = 0. 422 under normalization
(Eq. 14).

Practical experience with this data showed that con-
vergence to the global maximum likelihood solution
was generally the case for the unequal-tol erances mod-
el. With the equal-tolerance model, convergence to its
global solution was less likely.

Square root of the count data

The analysis described in the last section is domi-
nated by the abundant species. For a closer comparison
with ter Braak (1986), we repeated the analysis with
the square root of these data. Doing this can result in
adistribution that can never be exactly Poisson but can
nevertheless be closer to a Poisson distribution than
the original data.

The estimated regression coefficients are given in
Table 1. It can be seen that the signs of the canonical
coefficients C match in both cases; thisis a comforting
property. The latent variable plot (not given) is quite
similar to Fig. 1, and is arguably superior in that the
residual plots are better and a small number of species
no longer dominate the analysis. The estimated dispersion
parameters for the unequal variances model are:

Alopacce Alopcune Alopfabr Arctlute Arctperi
0.523 0711 0771 0279 0115

Pardmont Pardnigr Pardpull Trocterr Zoraspin
0.970 0599 0.654 0564 0.549

Auloabi Pardlugu
0.836 1.319

which indicate most species are now under-dispersed
relative to a Poisson dispersion. This seems to suggest
the square-root transformation istoo severe, and raising
the counts to an intermediate power such as 3/4 might
be better.

Rank-2 model

An equal-tolerances rank-2 model was fitted to 10
species, resulting in a fit with a deviance of 856.5.
Compared to the rank-1 model, it was necessary to
assume equal tolerances to get any useful results (it is
usually difficult for individual speciesto be bell shaped
in two dimensions; pooling their tolerances can sta-
bilize the results.) Additionally, it appeared necessary
to omit two species from the analysis because of nu-
merical reasons.

THOMAS W. YEE

Ecological Monographs
Vol. 74, No. 4

The code

r2 = cgo(chi nd( Al opacce, Al opcune, Al opfabr,
Arctlute, Arctperi, Aul oal bi,
Par dnont, Pardni gr, Pardpul |,
Trocterr)
~ Wat er Con + BareSand + Fal | Twi g
+ CoveMoss + CoveHerb + Refl Lux,

fam |y = quasi poi ssonff,

dat a = hspi der,

Rank = 2,

Equal Tol erances = TRUE.

Crowlposi tive = c(FALSE, FALSE))

typically took between 35 and 60 s to compute. Then
Cris

WaterCon BareSand FallTwig CoveMoss

Ivi -0.284 0.807 —0.86677 0.277

Iv2 —-0574 0.180 0.00410 —0.849
CoveHerb ReflLux

lvi -0271 0.4822

Iv2 0.392 —0.0249

which uses T, = I scaling, and is similar to the rank-
1 results. The second latent variable can be interpreted
as a contrast between CoveHer b and the two variables
Vater Con and CoveMpss. Compared to the CCA
model of ter Braak (1986),the first column of C largely
agrees but the second column differs somewhat (see
Table 1) especially in the variable CoveHer b.
The code

clr =(2:(10+1))[—-7] # Omt yell owcol or
adj =c(-0.1, -0.1, -0.1, 1.1, 1.1, 1.1,
-0.1, -0.1, 0.1, 1.1)
lvplot(r2,label = TRUE, xlim=c(—-2.7,5.1),
el lipse = FALSE, C= TRUE,
Cadj =c(1.1. -0.1, 1.2, 1.1, 1.1,
-0.1),
adj, las =1, chull = TRUE,
=*“+", pcol =clr, sites = TRUE)

adj
pch

produces Fig. 2. Both ordination axes are plotted on a
common scale. The arrows display C and show how
much the environmental variables make up the two
latent variables—Dby projecting them onto the canonical
axes. Ellipsoid contours at 95% of the maximum values
are plotted later to avoid clutter. The plot here preserves
the rank-1 feature (Fig. 1) that there is a cluster of
species optima along the first ordination axis.

There are many other interesting features of the plot.
The distribution of the site scores v, are spread over
an elliptical region (delineated by the convex hull) and
contrasts sharply with CCA where the site scores fall
on the path of an arch—no doubt a spurious artifact.
Additionally, the ““order’” and the length of the arrows
representing the canonical coefficients C differ be-
tween CGO and CCA substantially. To compare Fig. 2
and the CCA biplot (Fig. 1 of ter Braak 1986) more
rigorously, a Procrustes analysis would be suitable.
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Fic. 2. CGO diagram for the hunting spider data (using 'T'l = lg). The dashed line is a convex hull of the labeled site
scores (i for ;). The** +" symbols denote the position of the species’ optima, and the arrows denote the canonical coefficients
C. Species abbreviations are in the Fig. 1 legend; abbreviations for environmental variables are defined in Table 1.

agrams. Let A/ be the absolute abundance of species

Fig. 2 is quite cluttered, so
at site i. Then, because

I vplot(r2, label = TRUE, xlim=c(—-2.8, 5.0),

las =1, chull = TRUE, A = expla — 1”v_ U2
adj = adj, ecol =clr, ! o2t !
p§h= +", pch =clr, we have
sites = TRUE)

was used to produce Fig. 3. As an example of inter- A—“ = exp(a;, — a;,)

preting CGO diagrams, the latent variable plot suggests
sites 3, 4, and 5 have similar abundances of Alopecosa
cuneata, but sites 3 and 4 are expected to have more
Pardosa monticola than site 5. The latent variable plot
does not imply that site 5 has the same absolute abun-
dance of Trochosa terricola and Alopecosa cuneata
because the contours are relative to each species’ max-
imum.

Relative abundances of one species at two sites can
be readily read off from the CGO plots. For example,
let Ay and A,; be the absolute abundance of Pardosa
monticola for sites 9 and 23, respectively. Then, be-
cause T = I,, we have Ay = eXp(ctpaamon — 2IVe —
Uparcmond?) @0 Az = €XP(@tpuiron — 2V — Upsamondl?):
where the Euclidean distances are measured in latent
variable units. In Figs. 2 and 3, it can be seen that
|Li)9 N OF%\rdmont” ~1and Hi}ZS - lj%n:lmont” ~ 2; therefore
A Ay =~ exp{3(22 — 1?)} = 4.5. That is, site 9 is
expected to have ~4.5 times more counts of Pardosa
monticola than site 23. In fact, the actual ratio is 26/6
=~ 4.3. In general, if site i, is ¢ times further from a
species optimum u than site i, (c > 1), then

A, [vi, — ulP®, ,
== (e - ).
A exp{ (@ -1
In the same vein, relative abundances of two species
at one site can be readily read off from the CGO di-

1
X eXp{E(HVi = Uyl = flv; — uj1|2)}-

When the maxima of the two speciesj, and j, are equal
(i.e., oj; = o), then the first exponential can be ig-
nored. To give a few specific examples, we note that,
from the output from the rank-1 model, the maxima of
the following pairs of species are very similar: Alo-
pecosa accentuata and Alopecosa cuneata; Alopecosa
fabrilis and Arctosa perita; Pardosa pullata and Tro-
chosa terricola. Now [[55 = Uarapeill = P26 = Unroptapall
~ 1 so site 26 is expected to have approximately the
same Arctosa perita and Alopecosa fabrilis counts. An-
other example is site 6:

Hi}e - l’:ITrcmerr” ~1
Hi}G - l’-]Trocterr” ~1
Vs — OPardpuII” ~ 15

Therefore site 6 is expected to have approximately
exp{3(1.52 — 1)} = 2 times more Trochosa terricola
counts than Pardosa pullata counts. In fact, the actual
ratio is 63/24 ~ 2.6.

Note that when T = |,, the absolute abundance of a
species at alocation that is a distance k away (in latent
variable units) from the species’ optimum is exp(—3ks)
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Fic. 3. Fig. 2 with contours included and arrows representing C omitted. The circular contours denote 95% of each
species’ maximum (these are called relative contours). Species abbreviations are defined in the Fig. 1 legend.

multiplied by the species’ maximum. For example,
P — Oqocenll = 1 implies the absolute abundance of
Trochosaterricola at site 6 has been reduced by afactor
of 1 — e V2= 40%. Site 12 is approximately a distance
two away from O+.«er therefore the absolute abundance
of Trochosa terricola at site 12 is expected to be
~102.29 X exp(—322) ~ 13.8. The actual count is 13.

Note that optima lying outside the convex hull of
site scores are subject to more statistical error and
therefore must be viewed with less confidence. In Fig.
2, Arctosa perita and Pardosa nigriceps are two such
species.

The above analysis was tried on the square root of
the abundance data but the estimated T was not posi-
tive-definite. Evidently, it appears that a square root
transformation is too severe. Using a power of 0.75
worked (but with site 22 deleted because it is an in-

fluential point), and the resulting canonical coefficients
are

WaterCon BareSand FallTwig CoveMoss

lvli —0.376 0.601 —0.870 0.131

lv2 —0.356 0.165 0.024 —0.531
CoveHerb ReflLux

lvi -0.317 0.420

lv2 0.697 —-0.191

and the latent variable plot is given in Fig. 4. One
can see that is roughly similar to Fig. 3. As with the
raw counts, compared to the CCA model of ter Braak
(1986), the C here is roughly similar except the sec-
ond canonical coefficient’'s CoveHer b is substan-
tially different. When compared to CCA (see Fig. 1
of ter Braak 1986), Fig. 4 shows a few similarities,

+Pardnigr
1.5 +Auloalbi
Arctiute pordoulh -~ 2
Ic ”tes __+Pardpult - -~~~ AN
o~ 1.0 e
w -7 ~
= .z 7
8 Pt 13 n_CoveHerb R
§ 05— ¢ 8- Trocterr+ +AIo*pfg!Jf
g 1{57 ) BareSand *Alopacce 27 2 N
w 00+ Y Fa%TWIg /,26
- K . ReflLux 23 .-
\ WaterCon {pardmont 10,,-°"
—0.5 \ CoveMoss JPPtas 24
q\g 11 -
-1.0 AP . 9" - +Arctperi
T T T T T T T
-2 -1 0 1 2 3 4

Latent variable 1

Fic. 4. The same type of analysis as shown in Fig. 2, but applied to transformed abundance datay?™ instead of the raw
counts y,;. Site 22 has been omitted from the ordination. Species abbreviations are in the Fig. 1 legend; abbreviations for

environmental variables are defined in Table 1.
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Fic. 5. Ordination diagram for the hunting
spider (presence/absence) data. Some selected
curves are labeled at the position of their op-
timas and maxima. This latent variable plot is
comparable to Figs. 2—4 because equal toler-
ances have been assumed; therefore the toler-
ances have been scaled to unity. Species abbre-
viations are in the Fig. 1 legend.
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but there are many differences. An obvious one is
that the optima of Pardosa nigriceps and Arctosa
perita differ greatly—but these optima lie outside
the convex hull, therefore are subject to greater un-
certainty.

Presence/absence data

For purely illustrative purposes of a canonical
Gaussian logit ordination, the hunting spider species
data were converted to presence/absence and a rank-
1 model was fitted. QRR-VGLMs with binary re-
sponses are more prone to numerical instability if
the fitted probabilities become very small during it-
erations. This is because the IRLS algorithm be-
comes unstable for the inner minimization problem
described in Appendix A. The numerical problems
are often due to species with small tolerances, and
a possible method of circumventing this problem is
to assume that all the species have common toler-
ances, i.e., acommon D; (an assumption that is made
by CCA). Another way numerical problems can oc-
cur is, for example, for a rank-1 model, if the data
are sorted with respect to the latent variable and the
resulting response vector is a sequence of absences
followed by a sequence of presences followed by a
sequence absences (i.e., y = (07, 17, 0")7); then a
Gaussian model will result in estimates that go to
infinity. Numerical problems such as these occur
with ordinary logistic regression (see e.g., Rous-
seeuw and Christmann 2003). For this reason, fitting
QRR-VGLMs with binary responses generally re-
quires n large and n> M, e.g., n > 100 for M = 2.

For the hunting spiders data, there are only 28
sites, which would be far too few for QRR-VGLMs
to work in general. It was therefore not surprising
that numerical difficulties were encountered with an
unequal tolerances assumption. With an equal tol-
erances assumption, it was necessary to omit species
1 and 5 from the analysis:

attach(hspi der)
ybi n=0+(cbi nd( Al opacce, Al opcune, Al opf abr,
Arctlute, Arctperi, Aul oal bi,
Par dl ugu, Par dnont, Pardni gr,
Pardpul |, Trocterr, Zor aspi n)
>0) # Matrixof O'sand1's
detach( )
bl = cgo(ybin[, —c(1,5)] ~ Watercon
+ BareSand + Fal | Twi g + CoveMoss
+ CoveHerb + Refl Lux,
fam | y=quasi bi nom al ff (nv=TRUE) ,
dat a = hspi der,
Equal Tol erances = TRUE,
Crowlpositive = FALSE)
| vpl ot (b1, type = “predictors”, Ilwd = 2,
las =1, ylab="“logit p”,
ylim=c(—-20, 11), 1col = 1:10)
cl = Coef (bl);
cts =c(“Trocterr”, “Pardnmont”, “Al opfabr”,
“Arctlute”)
text (cl@ptinmunil, cts],
logit(cl@mximunicts]) + 1.0, cts)

Estimation typically took between 10 and 30 s, and a
deviance of 154.6 was obtained. The latent variable
plot for the above model isgivenin Fig. 5. It is plotted
on the m (logit) scale, therefore the fitted curves are
quadratics. For this, f = 0.36 is the estimated tolerance
under Eq. 14, and

WaterCon BareSand FallTwig CoveMoss

v -0.127 0.185 —0.498 0.228
CoveHerb ReflLux
v —0.031 0.15

is CT; these coefficients agree with the rank-1 unequal
tolerances Poisson model with respect to their signs.
In some applications, given abundance data, canon-
ical Gaussian logit ordination will work better than a
Poisson CGO, especially if the abundances are not
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TABLE 2. Statistics pertaining to estimated C matrices from
simulated rank-1 Poisson unequal-tolerances QRR-VGLMs
fitted to the hunting spider data.

Variable  C (original model) Mean SD
Water content —0.119 —0.116 0.017
Bare sand 0.261 0.261 0.008
Fallen twigs —0.306 —-0.308 0.018
Cover moss 0.107 0.107 0.011
Cover herbs -0.172 -0.174 0.013
Light refl 0.406 0.406 0.015

Notes: The sample mean and standard deviation are based
on 100 simulations. See Table 1 notes for definitions of var-
iables.

Poisson distributed. However, if the abundances are
Poisson distributed, conversion to presence/absence
will result in aloss of information and therefore give
inferior inferences. In general, Poisson CGO is pre-
ferred over canonical Gaussian logit ordination because
it is less prone to numerical problems and does not
require n to be as large.

A simulation experiment

When fitting a statistical model to real data, often
we have no idea how much to believe our model be-
cause the *‘truth” is unknown. Furthermore, if there
are alternative solutions, it is often not easy to deter-
mine which is closer to the ““truth.” One method to
address this problem isto check the assumptions behind
the statistical model, e.g., by model diagnostics such
residual analyses. Another method is to use simulated
data setswith various propertiesin order to gauge some
idea of the likely performance of the model. In this
subsection, a small simulation study is reported to
check that the proposed methodology is reasonable in
this respect. This was done for the rank-1 unequal tol-
erances Poisson model applied to the hunting spider
data. For each site—species combination, a Poisson
abundance was randomly generated based on the es-
timated mean from the original model (Table 1). This
was performed 100 times. A QRR-VGLM was fitted
to each of these simulated data sets, and Table 2 shows
the amount of variation in the estimated C matrices. It
can be seen that the fitted models conform closely to
the *‘true’” model. Furthermore, al latent variable plots
were very similar to Fig. 1. A closer analysis of the
results showed that separate 95% confidence intervals
of each coefficient covers the corresponding coefficient
from the original model, and that the signs of the re-
gression coefficients matched those from the original
model. All these results are encouraging—it gives con-
fidence that QRR-V GLMs can be expected to fit at |east
some data sets well, provided the data and the fitted
model match. More simulation studies, with the help
of software tools such as CoenoFlex (available online)?
and COMPAS (Minchin 1987a), are needed to deter-

3 (http://labdsv.nr.usu.edu)
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mine the practical limitations and strengths of QRR-
VGLMs.

In the simulations, the distribution of execution
times, using randomly chosen starting values, had a
median of 50 s and had values ranging between 20 s
and 95 s.

DiscussioN

Gaussian response surfaces hold an important role
in ecological theory, but despite their simplefunctional
form, the capability to fit them to common forms of
biological data in a constrained ordination has only
now been achieved. This paper has sought to show that
QRR-VGLMs are asuitable vehicle for maximum-like-
lihood-estimated CGO, and with the software described
in this article, practitioners can experiment with the
methodology on their own data sets.

It is beneficial to summarize the advantages and dis-
advantages of the methodology presented inthisarticle.
In doing this, one must be careful to distinguish be-
tween CGO and QRR-V GLMs because the former rep-
resents the ““problem’” and the latter is one particular
‘““solution.”’

Advantages of CGO include:

1) CGOiseasy to understand and has clear statistical
assumptions. Independence of the n sites and, given
the model, M species is assumed. Strictly speaking,
thereis some violation of this assumption due to spatial
correlation, but thiswill be so with any regression tech-
nique such as linear models, GLMs, and so forth ap-
plied to these data. Dependence between species could
possibly be handled using generalized estimating equa-
tions (see e.g., Wild and Yee 1996). The distribution
and functional form (Eqg. 12) is explicitly stated.

2) CGO provides estimates for the maxima, optima,
and tolerances of species, which are highly interpret-
able. Each 0; can be classified as an optimum, a min-
imum, or a saddle point. Maxima and contours are not
available in CCA. CGO diagrams can be highly intu-
itive and informative.

3) CGO bypasses the complications, heuristics, and
statistical inefficiencies of other methods such as
weighted-averaging and detrending. Gaussian ordina-
tion is built on a firm statistical bed of theory.

4) The model is arguably more flexible than CCA.
For example, CCA makes four assumptions (including
equal tolerances, equal maxima, homogeneously dis-
tributed optima) that cannot simultaneously hold. CGO
is not required to make any of these assumptions,
though an equal tolerances assumption makes the or-
dination diagram very interpretable.

5) Residual diagnostic plots are available.

Disadvantages of canonical Gaussian ordination in-
clude:

1) Often the statistical assumptions are too strong
and unrealistic in practice. For example, a limitation
of Eq. 12 is that skewed and multimodal responses are
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not handled. Furthermore, full specification of the sta-
tistical model may not be possible.

2) CGO is sensitive to departures from the model
assumptions, as well as to outliers, sparse data, high
leverage points, multicollinearity, etc. For example,
when the x, includes highly correlated environmental
variables, the result isthat C is unstable; however, this
problem occursin other (unpenalized) regression meth-
ods.

3) The log-likelihood function often has multiple
maxima, and convergence to alocal solution can never
be ruled out.

4) Good initial values can be difficult to obtain, and
this becomes more important as the number of param-
eters increases.

5) Statistically rigorous determination of the rank R
is difficult. See the discussion of Anderson (1984).

6) CGO is numerically very intensive. However, as
CPU power continues to increase exponentially ac-
cording to Moore’s law, the size of data sets that can
be practically handled will increase consequentially.

Like every statistical methodology, QRR-VGLMs
have both strengths and weaknesses. QRR-VGLMs
have the following advantages:

1) The framework of QRR-VGLM is large, so that
it can potentially perform CGO on many data types.
For example, in theory, distributions such as the zero-
inflated Poisson and the negative binomial and data
types such as compositional data could be handled.

2) The latent variables defined by v = C™x, can ac-
commodate linear combinations of nonlinear functions
of the explanatory variables. For example (for purely
illustrative purposes),

cgo(ymatrix ~ pol y(x1, 2) +x2 + x3
+1(x20x3), . . .)

will use v, = cfy (X, X3, Xo, X3, XoX3)". IN particular, x,
can include factors and basis functions such as or-
thogonal polynomials and B-splines. In contrast to the
natural capability of the QRR-VGLM algorithm to han-
dle such extensions, the proposal of Makarenkov and
Legendre (2002) for polynomial CCA is ad hoc and
empirical.

3) In principle, any rank R can be fitted, subject to
the model being estimable. This contrastswith previous
(non-canonical) solutions that were restricted to R =
1 and R = 2 only (e.g., Gauch et al. 1974, Kooijiman
1977, Goodall and Johnson 1982, ter Braak 1985).

4) The approximate statistical significance of the el-
ements of A, B,, and D; can be tested with QRR-
VGLMs.

5) Statistical tests for certain hypotheses can be con-
ducted.

6) Overdispersion and underdispersion can be de-
tected in the data, a feature unavailable with CCA.

The major disadvantages of QRR-VGLMs include:
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1) It requires considerable amounts of memory be-
cause |RLS constructs large model matricesto perform
the least squares fits. Although direct maximization of
the log-likelihood function could avoid this problem,
this would probably introduce other difficulties.

2) Specialist software is needed. This contrasts with
methods such as CCA, which can, in theory, be fitted
using a number of algorithms. Additionally, the overall
algorithm is sophisticated so that any implementation
would be a major undertaking.

3) Convergence problems may occur. The algorithm
is susceptible to numerical problems such as underflow
and overflow, and this is aggravated with dirty data.

4) Greater skill and knowledge is required to use
QRR-VGLMs successfully. The user needs to know
elements of statistical computing and numerical anal-
ysis for a complete understanding of QRR-VGLMs.

5) ““Exact’’ standard errors for all estimated param-
eters is currently not possible. This may well be im-
proved in the future. The use of the bootstrap or sim-
ulation to provide standard errorsis currently not prac-
tical, as it may be too computationally demanding—it
would require fitting multiple QRR-VGLM models.
Permutation testing (ter Braak and Smilauer 1998) is
also a possihility.

Overall, it is recommended that QRR-VGLMs be
applied to clean (no outliers, multicollinearity, or in-
fluential observations; the variables are not heavily
skewed; etc.) data sets of moderate size that conform
reasonably closely to the Gaussian model, and that
CCA be applied to large and/or noisy/dirty data sets
dueto itslower computational expense and robustness.
To give a rough idea of the practicability, with the
computer configuration described above, rank-1 un-
equal tolerance QRR-VGLMs have been fitted to ar-
tificial data sets of size n = 500 sites, M = 5 species,
and p = 5 covariates, with median execution time of
around 70 s. This takes about the same timeasan =
60, M = 10, and p = 10 configuration. Rank-2 equal
tolerance QRR-VGLMs have been fitted to size n =
100, M = 10, and p = 5 data setswith median execution
time of around 130 s. The computational cost increases
very rapidly in both M and R.

There is considerable room for more work. First,
methods of relaxing the strong model assumptions
need to be developed. It may be possible to develop
methods similar to QRR-VGLMs which give a sim-
ilar answer for far less computation. Second, al-
though R is relatively fast, improvements in speed
would result if all the numerically intensive parts
were written in a compiled language such as C or
FORTRAN. (However, this may not be necessary be-
cause R may become a compiled language.) Third,
there is need for more experience with QRR-VGLMs
to be gained, e.g., simulation studies on its robust-
ness and sensitivity to departures from the model.
This could be along the lines of Minchin (1987a) and
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Palmer (1993) who used COMPAS Minchin (1987b)
to generate species abundances (see al so Johnson and
Altman 1999). Fourth, compositional data has not
been considered in this article. For this, its relation-
ship with the stereotype model (Anderson 1984) and
RR-VGLMswill hopefully be given elsewhere. More
importantly, the relationships between latent vari-
able plots with QRR-VGLMs and biplots of RR-
VGLMsand CCA isdeferred to elsewhere. Fifth, this
paper has been motivated by ecological theory to
follow a model-driven approach by fitting Eq. 12;
however, oneimportant extension isto allow smooth-
ing to determine the species response to v, rather than
fitting the a priori quadratic functional form. This
data-driven approach is motivated by the observation
that thereis substantial evidence for speciesrespons-
es being more complex than the Gaussian response,
e.g., recent work by Bio et al. (1998) and Ejrnaes
(2000). Such a data-driven approach would auto-
matically allow the user to visualize each species’
response as a smooth data-driven function of v,, cf.
generalized additive models (Yee and Mitchell 1991)
relative to GLMs. The need for checking the ade-
quacy of the model by visual means has been dem-
onstrated recently by Johnson and Altman (1999),
who, for the rank-1 Poisson CCA model, proposed
(LOWESS) smoothing y;; vs. v;, in order to see wheth-
er a bell-shaped curve was justified.
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APPENDIX A
Estimation of quadratic reduced-rank vector generalized linear models (QRR-VGLMs) is explained in ESA’s Electronic

Data Archive: Ecological Archives M074-016-A1.

APPENDIX B
A discussion of constraints-on-the-functions and the scaling parameter is presented in ESA’'s Electronic Data Archive:

Ecological Archives M074-016-A2.



