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Abstract —Morphometric data from longitudinal growth studies with multiple measurements
made in several growth stages on the same specimens confront researchers with difficult statistical
problems because traits are correlated both within and across stages. Here, we introduce a statis-
tical model especially designed to deal with this complexity. The common principal component
(CPC) model for dependent random vectors is based on the assumption that the same pattern
underlies both variation within stages and covariation across stages. Thus, a single transformation,
when applied to all stages, renders the resulting CPCs uncorrelated not only within but also
across stages. Because of these simplifying assumptions, the CPC model greatly reduces the num-
ber of parameters to be estimated; it is thus an efficient tool for data reduction. This model is
demonstrated using growth of the water strider Limnoporus canaliculatus. The CPCs can be inter-
preted as patterns of “size” variation and contrasts between parts that are common to all stages,
although there are minor deviations from the model. The “size¢” CPC accounts for most variation
in all instars and is therefore an effective measure of overall growth. Moreover, the CPC model
clarifies the link between static and ontogenetic variation by including both levels in a joint anal-
ysis and can be used to study morphological integration and constraints on the evolution of
ontogenies. [Allometry; common principal components; Gerridae; growth; longitudinal data; mul-

tivariate morphometrics; size.]

In recent years, there has been renewed
interest in the extent to which ontogeny
acts as a mechanism influencing patterns
of evolutionary change in morphological
traits (e.g.,, Gould, 1977; McKinney and
McNamara, 1991; Hall, 1992). Some stud-
ies have focused on the outcome of these
processes by comparing multivariate pat-
terns of ontogenetic and evolutionary vari-
ation (e.g., Shea, 1985; Voss et al., 1990;
Klingenberg and Zimmermann, 1992; Voss
and Marcus, 1992), whereas others have
emphasized microevolutionary processes
by studying individual variation in growth
and its genetic basis (e.g., Cheverud et al.,
1983; Kirkpatrick, 1988; Lynch, 1988; Atch-
ley and Hall, 1991; Cowley and Atchley,
1992; Bjorklund, 1993).

Numerous studies of the evolution of
ontogeny have focused on individual vari-
ation in growth curves (also called growth
trajectories), i.e., trait measurements as a
function of age or developmental stage.

Age-specific measurements can be treated
as separate variables, or continuous
growth functions can be accommodated by
interpolating between the ages at which
measurements were made (Kirkpatrick,
1988; Kirkpatrick and Lofsvold, 1989; Kirk-
patrick et al., 1990; Bjorklund, 1993). Usu-
ally, the analyses focus on covariances or
correlations among measurements made at
several ontogenetic stages but consider
only one trait at a time, thereby ignoring
correlations among traits (e.g., Cheverud et
al, 1983; Leamy and Cheverud, 1984;
Lynch, 1988; Kirkpatrick et al., 1990; Bjork-
lund, 1993). Cheverud et al. (1983) char-
acterized relationships among variables by
first computing the eigenvectors of among-
stage covariance matrices for each trait
separately and then comparing them using
vector correlations. Bjérklund (1993) used
an analogous procedure within the frame-
work for continuous growth. A more for-
mal approach, however, would simulta-
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neously include all measurements and
stages into the analysis. Yet even for mod-
erate numbers of stages and traits, the full
statistical model, with no constraints im-
posed, would contain a very large number
of parameters to be estimated and thus
would render the application to real data
sets difficult, which is probably why such
a study has not been attempted. Neverthe-
less, a simultaneous analysis of the onto-
genies of several traits is feasible if one
makes some simplifying assumptions, as
suggested by the similarity among pat-
terns of ontogenetic variation found in dif-
ferent traits (Cheverud et al., 1983; Bjork-
lund, 1993).

Another approach to understanding the
connections between ontogeny and evolu-
tion focuses on the static variation among
individuals at a particular stage, which is
the raw material upon which natural selec-
tion can act. This variation is the product
of variation in the developmental processes
that generated the structures under study
and can therefore be used to investigate
these processes (Cheverud, 1982; Zelditch,
1987; Cowley and Atchley, 1990; Atchley et
al., 1992) and their regulation (Tanner,
1963; Atchley, 1984; Riska et al., 1984). Sev-
eral studies comparing patterns of static
variation across ontogenetic stages have
found that a single ““size’”” component dom-
inated the variation within each stage
(Cuzin-Roudy, 1975; Zelditch, 1988; Klin-
genberg and Zimmermann, 1992). None of
these studies, however, considered the cor-
relations of measurements among stages,
either because they were based on cross-
sectional data, with a different sample
taken independently for each stage, or be-
cause the statistical methods were unable
to deal with such correlations.

Here, we introduce a new statistical
model (Neuenschwander, 1991; Flury and
Neuenschwander, 1995a), which we use to
analyze variation in multiple measure-
ments at several ontogenetic stages. The
model specifically uses the information
contained in longitudinal data, with mea-
surements at all stages for each individual,
and it explicitly considers covariation
among traits as well as across stages. As

an extension of the common principal
component (CPC) model for independent
groups (Airoldi and Flury, 1988; Flury,
1988), the model assumes that CPCs are
uncorrelated within each group and be-
tween groups, e.g., the first CPC in one on-
togenetic stage is correlated only with the
first CPC of other stages. This assumption
was derived from observations in earlier
studies of the commonalities among traits
or stages, and our example of growth in
the water strider Limnoporus canaliculatus
demonstrates that it can be realistic. Be-
cause CPCs are uncorrelated within and
between stages, the model effectively di-
vides a very complex analysis into several
simpler ones. Furthermore, it sheds light
on the connection between morphometric
variability and growth variation and sug-
gests a coherent framework to study them
jointly.

STATISTICAL MODELS

Principal component (PC) analysis
(PCA) and its recent extensions are fre-
quently used in morphometric applica-
tions, especially in multivariate allometry
(Jolicoeur, 1963; Pimentel, 1979; Airoldi
and Flury, 1988; Marcus, 1990; Klingen-
berg, 1996). In most of these applications,
the data have a relatively simple structure
and consist of measurements made either
on a single group of specimens or on spec-
imens from several separate groups (e.g.,
species, sexes, ecomorphs, or geographical
variants). Longitudinal growth data, how-
ever, have a more complex structure be-
cause the same individuals are measured
for each growth stage, and the stages
therefore cannot be treated as independent
groups. This interdependence requires
substantial adjustments of the statistical
models used to analyze such data. Because
multivariate studies of multiple groups
and longitudinal studies are based on rath-
er complex data, the need to summarize
these data using simplified models is es-
pecially urgent. In this section, we briefly
review one-group PCA and models of
CPCs for independent groups before we
introduce patterned covariance matrices
for longitudinal data and a model of CPCs
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for dependent random vectors. We empha-
size the use of PC and CPC models as
tools for data reduction.

One-Group Principal Components and
Common Principal Components for
Independent Groups

PCA is a tool used to analyze variation
within a single group of specimens. In the
space spanned by the variables (e.g., in
two dimensions, the plane of a scatter
plot), PCA can be used to assess the
amount and direction of this variation. It
transforms the original variables into PCs,
a set of new variables that successively ac-
count for the largest possible part of total
variation and yet are mutually uncorrelat-
ed (Fig. la). This transformation funda-
mentally changes the covariance matrix
(Fig. 1b) and renders it into diagonal form
(Fig. 1c); because PCs are uncorrelated, all
off-diagonal elements of the covariance
matrix (covariances between pairs of PCs)
are zero, whereas the diagonal contains
the variances of the PCs, or eigenvalues
(see Appendix, PCA).

In many applications, the first few PCs
account for the largest portion of total vari-
ance. In morphometrics, it is not uncom-
mon for the first one or two PCs to take
up =95% of the variation in a much larger
number of variables. The first few PCs
therefore summarize most of the variation
in fewer dimensions, perhaps only one.
Models of this kind, including only one al-
lometric “size”” axis while regarding the
remaining variation as random scatter
around it, have been used traditionally in
morphometrics (e.g., Hopkins, 1966; Book-
stein et al., 1985; Klingenberg, 1996). This
extreme data reduction using simplified
models of within-group variation is help-
ful for comparisons between two or more
groups of specimens.

PCA has been generalized for situations
involving several groups. The CPC model
assumes that the groups all share the same
(common) PCs, but it allows the groups to
differ in the amounts of variation associ-
ated with each one (Airoldi and Flury,
1988; Flury, 1988). The scatter ellipsoids for
all groups therefore have parallel principal
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FIGURE 1. Principal component analysis of a single
group. (a) Bivariate plot with a contour ellipse repre-
senting the distribution of data points. The original
variables X; and X, are transformed into the principal
components Y; and Y, which account for maximal
and minimal variation, respectively (arrows). This
transformation corresponds to a rotation of the coor-
dinate system, in which the new coordinates are
aligned with the major and minor axes of the contour
ellipse. (b) Covariance matrix of the original variables.
Units are arbitrary. (c) Covariance matrix of the prin-
cipal components. The off-diagonal elements of the
matrix are zero. Units are arbitrary.

axes, but the lengths of corresponding axes
may vary. Under the CPC model, a single
transformation simultaneously converts
the covariance matrices of all groups to di-
agonal form (Appendix, CPCs for Inde-
pendent Groups). The CPC model has



