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Abstract——Landmark-based morphometric methods must estimate the amounts of translation, ro-
tation, and scaling (or, nuisance) parameters to remove nonshape variation from a set of digitized
figures. Errors in estimaties of these nuisance variables will be reflected in the covariance structure
of the coordinates, such as the residuals from a superimposition, or any linear combination of the
coordinates, such as the partial warp and standard uniform scores. A simulation experiment was
used to compare the ability of the generalized resistant fit (GRF) and a relative warp analysis (RWA)
to estimate known covariance matrices with various correlations and variance structures. Random
covariance matrices were perturbed so as to vary the magnitude of the average correlation among
coordinates, the number of landmarks with excessive variance, and the magnitude of the excessive
variance. The covariance structure was applied to random figures with between 6 and 20 landmarks.
The results show the expected performance of GRF and RWA across a broad spectrum of conditions.
The performance of both GRF and RWA depended most strongly on the number of landmarks. RWA
performance decreased slightly when one or a few landmarks had excessive variance. GRF perfor-
mance peaked when ~25% of the landmarks had excessive variance. In general, both RWA and GRF
performed better at estimating the direction of the first principal axis of the covariance matrix than
the structure of the entire covariance matrix. RWA tended to outperform GRF when >~75% of the
coordinates had excessive variance. When <75% of the coordinates had excessive variance, the rela-
tive performance of RWA and GRF depended on the magnitude of the excessive variance; when the
landmarks with excessive variance had standard deviations (6) =4 minimum, GRF regularly out-
performed RWA. [Covariance structure; partial warps; principal components analysis; relative warps

analysis; resistant fit; shape; simulation; superimposition.]

Landmark-based geometric morphomet-
rics have been increasingly exploited dur-
ing the past decade to explore systematic,
developmental, ecological, or pathological
differences among individuals or popula-
tions. To compare shape among digitized
configurations of landmarks, or figures, one
must estimate and remove from the data
variation attributable to the arbitrary po-
sition, orientation, and size of the figures.
Two frequently used classes of methods
that remove nonshape variation from a set
of figures are superimposition analysis and
thin-plate spline (TPS) decomposition anal-
ysis (Rohlf and Bookstein, 1990; Bookstein,
1991; Marcus et al., 1993, 1996). Within su-
perimposition analysis itself, several differ-
ent methods have been proposed, including
the two-point registration (Bookstein, 1986),
generalized least-squares (Procrustes) super-
imposition (Sneath, 1967, Rohlf and Slice,
1990), and various resistant-fit superimpo-
sitions (Siegel and Benson, 1982; Rohlf and
Slice, 1990; Dryden and Walker, 1999).

Given the availability of different meth-
ods, biologists presumably have to choose
among methods to analyze their data. But

over the past few years, many morphome-
tricians have reached a consensus that statis-
tics should not be performed on resistant-fit
residuals but on the generalized Procrustes
residuals (residuals from the generalized
least-squares [GLS] superimposition) or on
some linear combination of these residu-
als, such as partial warp scores (Bookstein,
1996a; Rohlf, 1996). This is because a fig-
ure superimposed by GLS corresponds to
a point in Kendall’s shape space, a curved
space containing all possible shapes with
p landmarks in k dimensions. By this def-
inition of shape, then, the residuals from
superimpositions other than GLS contain
nonshape (translation, rotation, and scale)
variation (Bookstein, 1996a).

However, least-squares superimpositions
can sometimes give a misleading visual im-
age of how a pair of figures differ from each
other (Siegel and Benson, 1982; Rohlf and
Slice, 1990), especially when most of the
shape differences between a pair of figures
are limited to a small subset of landmarks.
The poor estimation of the least-squares su-
perimposition reaches its extreme when all
of the shape variation occurs at a single
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FIGURE 1. Example of the Pinocchio effect. Outlines of (a) juvenile (top) and initial phase (bottom) Gomphosus

varius, scaled to the same standard length, suggest that most of the shape change during growth occurs at the
snout. The (b) resistant-fit superimposition supports this hypothesis but the (c) least-squares and (d) TPS suggest
substantial postanal shape change (contraction). The TPS is displayed as a field of strain crosses. The major and
minor axes of each cross indicate the major and minor axes of deformation of the equivalent grid cell. Solid lines
indicate directions of extension and dashed lines indicate directions of contraction.

landmark, which may be called the Pinocchio
effect. For example, during growth of the
bird wrasse, Gomphosus sp., the snout greatly
elongates but the postrostral body shape
changes very little. The repeated-medians
resistant fit (Siegel and Benson, 1982) cor-

rectly locates most of the shape difference
between a juvenile and initial phase bird
wrasse at the snout, whereas a least-squares
superimposition spreads this difference at
the snout across many of the other land-
marks (Fig. 1). Note that a TPS deformation
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suggests the same shape difference as that
implied by the least-squares superimposi-
tion (Fig. 1).

Despite its apparent usefulness at locat-
ing shape differences, resistant-fit superim-
positions have been largely ignored with the
acceptance of Kendall’s shape space and its
relationship to GLS and TPS decomposition
(Bookstein, 1996a). Bookstein (1996a) stated
that, at best, resistant-fit residuals should be
used only to suggest how figures differ and
should never be used in any statistical analy-
sis, such as those of Walker (1993, 1996, 1997).

Several statistical methods, however, such
as principal components analysis (PCA),
are nothing more than sophisticated, ex-
ploratory methods to summarize patterns of
shape variation that are too difficult to rec-
ognize from superimposed figures or a se-
ries of TPSs. If a least-squares superimposi-
tion can mistakenly identify the location of
shape difference between a pair of figures,
then a PCA of GLS residuals can potentially
resultin poor estimates of the principal direc-
tions of shape variation. This might occur, for
example, if one landmark had much greater
variation than other landmarks. Because the
combination of partial warp scores (Rohlf,
1993) and standard-formula uniform scores
(Bookstein, 1996b) are simply the GLS resid-
uals recombined into fewer variables (Rohlf,
1999), a PCA of the partial warp/uniform
scores, or relative warp analysis (RWA), not
only should be equivalent to a PCA of the
GLS residuals but also should give equally
misleading results under certain patterns of
variation.

PCA results from superimposition and
TPS decomposition methods have been com-
pared with real data sets (Walker, 1996), but
their performance with simulated data sets
has not been evaluated. The major advan-
tage of simulated data sets is that patterns
of differences among figures are known in
advance. In this paper, I use a simulation
experiment to compare the efficacy of differ-
ent geometric morphometric methods to re-
construct known patterns of shape variation
within a sample of figures.

The general method followed in the simu-
lation was to construct a set of figures with a
known covariance matrix, compute a model
covariance matrix from the residual varia-
tion estimated by a method, and quantita-
tively compare the pattern of covariances
between the model and known covariance

matrices. The efficacy of geometric morpho-
metric methods to estimate a known covari-
ance matrix was explored for two different
methods: RWA and the repeated-medians
generalized resistant fit (GRF) (Rohlf and
Slice, 1990). The effects of four different vari-
ables on the efficacy of the methods were also
explored: number of landmarks, magnitude
of the standardized covariance (correlation)
within the covariance matrix, the number of
coordinates with excessive variance relative
to the variance of other coordinates, and the
magnitude of the excessive variance.

METHODS
Construction of the Samples

For each simulation, N figures with p land-
marks in k dimensions were constructed
from random orthogonal matrices with spec-
ified eigenvalues. For all simulations, N and
k were held constant at 100 and 2, respec-
tively. p, or landmark count (LC), varied be-
tween 6 and 20 in intervals of 2.

A pk X pk random, orthogonal matrix, E,
was computed (Heiberger, 1978; Tanner and
Thisted, 1982).

To control the average correlation,
within the random covariance matrix, the pk
positive eigenvalues, diagonal elements of L,
were used to construct an initial covariance
matrix, S,

S = ELE! (1)

The general magnitude of the correlation
structure of the known covariance matrix
was controlled by varying L, with the jth di-
agonal element (eigenvalue) equal to

=

I = (29 +2)77 + N(O, %) ?)
where g, or correlation level (CL), varied
between 0 and 1. Thus, the first part of the
right-hand side varied from 1, 1/2, 1/4,
1/8...at q =0to 1, 1/4, 1/16, 1/64...at
g = 1. Ten uniformly spaced values of CL
were simulated.

The number of landmarks with exces-
sive variance was controlled by modifying
the variances (and associated covariances)
within S. First, the mean standard deviation
(square root of a diagonal element of S), @,
was computed. Second, S was transformed
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into a correlation matrix. Third, (1 — u)(p — 1)
+1 randomly chosen landmarks were as-
signed excessive variance, where 1, or Pinoc-
chio level (PL), varied between 0 and 1. Ten
uniformly spaced values of PL were simu-
lated, except when LC < 10, in which case p
values were simulated. The excessive vari-
ance was randomly partitioned among the
x and y coordinates of the landmark, §2 =
r(v®)? and SA; = (2 — r)(v®)?, where r is a uni-
form random number between 0 and 2, and
v, or variance magnitude (VM), was set to
2, 4, or 6. Fourth, the coordinates of the re-
maining landmarks were assigned the vari-
ance &#. The total root variance at a landmark
(square root of the sum of the coordinate vari-
ances) with excessive variance was, there-
fore, 2, 4, or 6 times the total root variance
of landmarks without excessive variance.
Fifth, the vector of coordinate variances was
rescaled to again have mean <. Finally, the
correlation matrix was transformed back into
a covariance matrix, given the new set of
perturbed variances. This new covariance
matrix, S, was decomposed into its eigenvec-
tors and eigenvalues by

S = ELET 3)

Note that at u = 0, all p landmarks were
given excessive variance, which, because of
the rescaling to the original &, is equiva-
lent to none of the landmarks having exces-
sive variance. As 1 increased, fewer variables
were given excessive variance; at # = 1, only
a single variable was given excessive vari-
ance. To illustrate the effect of VM, Figure 2
shows three samples of figures with the same
mean figure but with different of VM values
applied to a single landmark.

A random mean figure, ®, was constructed
from an array of pk elements picked ran-
domly from a uniform distribution with val-
ues between —20 and 20. wis a vector with
the first p elements arbitrarily assigned to the
x coordinates and the last p elements arbi-
trarily assigned to the y coordinates. A ma-
trix, Y, was constructed with pk columns of
N random normal deviates, N(0O, Tj), where
I j is the jth diagonal element of L. The N
figures with the population covariance ma-
trix, S, were computed by

X =X+ YET 4)

where X is the matrix of figures, and X is
a matrix with »in each row. The entire set
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FIGURE 2. Comparison of three samples, each with
only a single coordinate having excessive variance. The
total root VM of the landmark with excessive variance
is (a) 2%, (b) 4 X, and (c) 6 X that of the other landmarks.

of N figures was rotated so that the princi-
pal axes of » were aligned with the x and y
Cartesian axes. This last rotation was neces-
sary for computation of the standard formula
uniform scores (Bookstein, 1996b).



690

SYSTEMATIC BIOLOGY

VOL. 49

The known, or reference, covariance
matrix, S, was computed from the rotated
figures.

One hundred random covariance matri-
ces were constructed for each combination
of LC (8 values), CL (6-10 values), PL (10
values), and VM (3 values)—for a total of
222,000 random matrices. Because CL had
little effect (see below), results for all val-
ues of CL were pooled, resulting in 1,000 co-
variance matrices within each combination
of LC XPL X VM.

Estimation of Model Covariances

Model covariances were estimated from
superimposed figures and from TPS decom-
positions. For the superimposition analysis,
nuisance variables that scaled all figures to
a common size, rotated all figures to a com-
mon orientation, and translated all figures
to a common alignment were estimated by
the repeated-medians GRF (Rohlf and Slice,
1990; Slice, 1996). The figures were fit to the
mean figure, as suggested by Walker (1997),
and not the median figure, as originally im-
plemented in Rohlf and Slice (1990). After
the superimposition, the model covariance
matrix among the Coordinates,A SGre, Was
computed for comparison with S.

It may seem confusing that the figures
were superimposed by using a method based
on repeated medians but the mean figure
was used as the consensus. Two different
types of distributions are important. The dis-
tribution of differences in the angle or length
of corresponding chords between a pair of
figures (the variables used to find the rota-
tion and scaling parameters) will have dis-
tinct outliers if shape differences are limited
to one or a few of the landmarks. The use
of the repeated median of this distribution
estimates an affine parameter that is robust
to these outliers. The second type of distri-
bution, that of a coordinate for a sample of
superimposed figures, is independent of the
distributions of angle and chord length dif-
ferences. That is, even if one landmark has
excessive variation, the variation around this
landmark may have a normal (gaussian) dis-
tribution. Hence, the choice of using a mean
or median consensus figure should be based
only on the shape of the distributions of
superimposed coordinates and not on the de-
cision to use least-squares or repeated me-
dians to estimate the affine parameters. Be-

cause I sampled from normal distributionsin
this simulation, I used the mean figure as the
consensus.

For the TPS decomposition, the set of prin-
cipal warps and standard-formula uniform
coefficients were computed from the mean
figure after the GLS superimposition. Prin-
cipal warps, E,,, were computed from the or-
thogonal decomposition of the bending en-
ergy matrix of the mean figure (Bookstein,
1991). The two columns of coefficients, u;
and up, which give the standard formula for
the uniform component of shape (Bookstein,
1996b), were appended to the principal
warps, resulting in a matrix with the form

E,, 0
Ew,u = u; up (5)
0 E.,

The projection of Xgrs onto E,, , results in the
matrix of partial warp and uniform scores,
W. The covariance matrix, Sy, of these scores
cannot be compared with S because the vari-
ables are in different spaces. The covariance
matrix of W in the space of the original coor-
dinates, which can be compared with S, is

Srwa = Ew,uRDRE], | (6)

where R and D, the relative warps and rela-
tive warp eigenvalues, are found in the usual
way,

S, = RDR” )

Comparisons of Covariance Structure

The similarities between § on the one
hand, and Sgrr and Sgwa on the other, were
compared in two ways. First, the overall
similarity was compared by using a ma-
trix correlation, which is simply the Pearson
product-moment correlation between the
off-diagonal elements of each matrix. The
directions of the first eigenvector of S with
the first eigenvectors of Scrr and Srwa were
compared by using a simple dot product, the
cosine of the angle between the two vectors.
The matrix correlations are denoted Rgrr and
Rrwa, and the first eigenvector correlations
are rlggrr and r1grwa.

A matrix correlation between the model
and known covariance matrix is a statistic
that measures the similarity in the shape of
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the covariance structure. A bootstrap was
used to test if the correlation was less than
expected by randomly sampling from the
known population. For each combination
from a subset of combinations of LC, PL,
and VM, a bootstrapped pseudosample was
constructed by choosing, with replacement,
N figures from the sample. The covariance
matrix was estimated by using the GRF and
RWA methods, and the matrix correlations
with two different reference covariance ma-
trices were computed: Rinown, the correla-
tion between the resampled covariance ma-

trix and the known covariance matrix, S, and
Robs, the correlation between the resampled
covariance matrix and the corresponding ob-
served covariance matrix, Sgrr or Sgwa. The
resampling was repeated 100 times and the
lower 5th percentile of the distribution of
Rinown and Reps was computed. The lower
confidence interval for Rops reflects only sam-
pling error whereas that for Rxnown reflects er-
ror in both sampling and estimation of nui-
sance parameter (or model). Because of the
small number of pseudosamples, the lower
5th percentile will be a relatively rough ap-
proximation of the true percentile.

The simulation was coded in Pascal by us-
ing Code Warrior Academic Pro Release 3
on an Apple Macintosh G3 computer. All
codeis freely available from the author upon
request.

RESULTS

Pooling across all factors, gave median ma-
trix correlations for the GRF and RWA esti-
mates of S, of 0.87 and 0.84, respectively. The
median first eigenvector correlations were
0.94 and 0.92, respectively.

CL proved an effective method for control-
ling the magnitude of the average absolute
correlation, », within the known covariance
matrix S, (@=0.417 + 0.013g, R?> = 0.52).
Pooling across LC, PL, and VM, Rgrwa in-
creased (P < 0.001), whereas Rggrr decreased
with (P < 0.001). Nevertheless, o explained
very little of the variance (RWA, R2 =0.0008;
GRE R? = 0.002); accordingly all subsequent
analyses are based on the data pooled across
CL.

LC had a strong but distinctly nonlin-
ear effect on matrix correlations. Pooling
across CL, PL, and VM, Rrwa and Rggr in-
creased with LC, although the rate of in-
crease decreased with p. Quadratic regres-

sions for both the RWA and GRF models had
significant linear and quadratic components
(all P < 0.0001). The regression coefficients
were remarkably similar between the RWA
and GRF models, a pattern that masked the
differences between the two methods that
were due to the effects of PL and VM (see
below).

PL and VM had significant effects on
matrix correlations after pooling results
for all values of LC and CL. Rgwa in-
creased with PL at the lowest VM but de-
creased with PL at the two higher settings
of VM (20min:slope = 0.004, P < 0.0001,
R? = 0.008; 40min:slope = —0.0014, P <
0.0001, R? = 0.0007; 6Gmin: slope = —0.0068,
P < 0.0001, R?> =0.016). In contrast, Rcrr
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FIGURE 3. Ability of GRF and RWA to reconstruct
the known covariance matrix. The height of the surface
is the median of the 1,000 matrix correlations between
the model covariance matrix and the known covariance
matrix for each combination of LC X PL. The total root
VM of the landmarks with excessive variance, relative
to that of the other coordinates, is 2 X for the surfaces in
the top panel, 4 X for those in the middle panel, and 6 X
for those in the bottom panel.
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increased with PL for each value of VM
(20min: slope = 0.0076, P < 0.0001, R*> =
0.026; 40min:slope = 0.016, P < 0.0001, R?
= 0.12; 60min:slope = 0.02, P < 0.0001, R?
= 0.19). Note that PL had a much stronger
effect on Rgrr than Rrwa.

The simultaneous effects of PL and LC on
the median matrix correlation, for each com-
bination of VM X MODEL, are illustrated
with contour plots (Fig. 3). With VM set at
20min, Rrwa and Rggr increased sharply with
LC but changed little with PL. At all combi-
nations of PL and LC, the median Rrwa was
greater than the median Rggr.

At 4omin, PL had much more influence on
matrix correlations than at 26w, especially
for Rgrr. Rgrr increased to a peak around
PL = 0.75. At PL >~0.4, Rgwa decreased
slightly with increasing PL. RWA performed
better than GRF at values of PL >~0.25 but
worse than GRF at values >~0.25.

The patterns of Rgrr and Rrwa observed
at 6omin are simply an exaggeration of those
at 40min. In general, however, Rgrr was sub-
stantially greater than Rgwa when PL was
>~0.4. Even at very low LC (p < 10), Rgrr
was >0.8 for samples in which most of the
shape differences were confined to a few
landmarks.

GRF and RWA performance were directly
compared throughout the PL X LC space by
using the percentage of trials in which Rggrr
was greater than Rrwa (Fig. 4). When VM
was 20min, GRF fared poorly relative to RWA
everywhere in the space. At 40, and 66m;n,
GREF performed better than RWA over much
of the space. At these high VM values,
RWA performed better than GRF (>50% of
the time) only when excessive variance was
given to >75% of the landmarks.

The simultaneous effects of PL and LC
on the median first eigenvector correlation

Pinocchio Level

0

6 8 101214161820

6 8101214161820

sk
c = 4Gmin

Pinocchio Level

O6 8 101214161820

6 8 101214161820
Landmarks

FIGURE 5. Ability of GRF and RWA to estimate the
direction of the principal axis of variation. The height
of the surface is the median of the 1,000 first eigenvector
correlations between the model vector and the known
vector for each combination of LC X PL. The total root
VM of the landmarks with excessive variance, relative
to that of the other coordinates, is 2 X for the surfaces in
the top panel, 4 X for those in the middle panel, and 6 X
for those in the bottom panel.

show patterns similar to the effects on the ma-
trix correlation (Fig. 5). In general, however,
the first eigenvector correlations, r1grr and
rlrwa, Were greater than the corresponding

6 8101214161820

Landmarks

FIGURE4. Direct comparison of GRF and RWA across the PL X LC parameter space. The height of the surface

is the percentage of times, in 1,000 cases, that Rgrr > Rrwa.
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and the known major axis of variation. The height of the surface is the lower 5th percentile of the 1,000 matrix
correlations (a) or first eigenvector correlations (b) between the model covariance matrix and the known covariance
matrix for each combination of LC X PL. The total root VM of the landmarks with excessive variance, relative to
that of the other coordinates, is 2 X for the surfaces in the top panel, 4 X for those in the middle panel, and 6 X for

those in the bottom panel.

Rgrr and Rrwa. Additionally, although PL
had a small effect on Rrwa, especially at high
VM, the magnitude of r1rwa was largely in-
dependent of PL and VM.

The lower 5th percentiles of the Rgrr,
Rrwa, 7lgrr, and rlgwa distributions, as a
function of PL and LC, are very similar to
the patterns for the medians (Fig. 6). These
percentiles show that both GRF and RWA
can frequently result in very poor estimates
(<0.5) of the known covariance matrix when
LC =<8. GRF and RWA estimates of the
known major axis of variation are, in gen-
eral, much better than estimates of the known
covariance matrix. Indeed, when excessive

variance of at least 4omin Occurs at fewer than
25% of the landmarks, GRF estimates of the
first eigenvector are >0.8 > 95% of the time,
even when only six to eight landmarks were
measured.

The lower 5th percentile of the matrix cor-
relation between the pseudosample covari-
ance matrix and the observed covariance ma-
trix, Rs,obs, Was generally >0.95 regardless
of LC (Fig. 7). In contrast, the lower 5th
percentile of the matrix correlation between
the pseudosample covariance matrix and the
known covariance matrix, Rs known, Was sub-
stantially <0.95 and strongly dependent on
LC.
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FIGURE 7. Comparison of error in the estimation of
the covariance structure that is due to sampling and er-
ror that is due to the combination of nusiance parameter
estimation and sampling. Rsinown is the lower 5th per-
centile of the distribution of matrix correlations between
a pseudosample and the known covariance matrix; it re-
flects both sampling and model error. Rs o is the lower
5th percentile of the distribution of matrix correlations
between a pseudosample and the observed covariance
matrix; it reflects only sampling error.

DI1SCUSSION

Two features of this simulation need em-
phasizing. First, samples of figures with re-
alistic patterns of intercoordinate covariance
were modeled. This is in contrast to a more
simple model with a uniform, independent,
circular distribution around each landmark
(resulting in population correlations of zero
among coordinates). Second, the shape of
the simulated figures and the magnitude of
correlationamong coordinates were random,
which makes the results as general as possi-
ble. It would be of interest, but beyond the
scope of this paper, to explore the cases in
which RWA and GREF fared poorly, although
this might reveal patterns for predicting rel-
ative performance.

The simulation provided three important
results. First, it indicated in which parts
of the LC XPL X VM space one can ex-
press confidence or caution about inter-
preting patterns of covariation in landmark
data.

Second, it showed a strong influence of the
number of landmarks, p, on the efficacy of
RWA and GRF to reconstruct known covari-
ance matrices (see Slice, 1993, for a similar LC
effect in a different context). When figures
were measured with only a few landmarks
(6-10), both RWA and GRF performed rela-

tively poorly, although GRF performed well
if there was a strong Pinocchio effect. The in-
fluence of the number of landmarks on RWA
and GRF performance decreased with p; at
>~16-18 landmarks, performance increased
very little with increasing p.

Third, the relative performance of RWA
and GRF was found to be highly depen-
dent on the location in the PL X VM X VM
parameter space. When the landmarks with
excessive variance had total root variance
=2 Omin, RWA generally outperformed GRF
regardless of PL. When <~75% of the land-
marks had excessive variance =4y, GRF
generally outperformed RWA. Given that the
breakdown value of the repeated medians
regression is ~50% (Siegel, 1982), it is inter-
esting that GRF outperforms a least-squares
method when >50% of the landmarks are
given excessive variance. Note also that GRF
does not perform best when excessive vari-
ance is limited to a single landmark but
instead when excessive variance occurs at
~25% of the landmarks.

The response of first eigenvector correla-
tions differed slightly from that for the ma-
trix correlations. For the RWA estimates, the
high first eigenvector correlations but low
matrix correlations when both PL and VM
were high may reflect the model’s ability to
reconstruct conspicuous patterns, resulting
from the high Pinocchio effect, at the ex-
pense of more subtle patterns. The generally
high value of the lower 5th percentile for the
GREF estimates of the first eigenvector, even
at small p and only moderate PL, indicate the
ability of this method to reconstruct the major
patterns of variation when variation among
landmarks is not uniform.

The simulation results are useful for
suggesting the appropriate morphometrics
model to use, given the number of mea-
sured landmarks and some knowledge of the
variation among coordinate variances. Al-
though one can never know the true coor-
dinate variances, a GRF should give reason-
able approximations of the relative variation
among the variances. After a GRF super-
imposition, if the coordinate standard de-
viations are largely uniform (6max =20min),
shape variation should be analyzed by using
partial warp and uniform scores. If <~75%
of the landmarks have large total root vari-
ances relative to the smallest total root vari-
ances (=4 omin), shape variation should be an-
alyzed with the residuals from a GRF or some
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FIGURES8. Performance of GRF or RWA as a function of Rgrr-rwa, the matrix correlation between GRF and RWA
estimates of the known covariance matrix. This example is for p = 14 and is pooled across CL, PL, and VM.

other resistant-fit procedure (e.g., Dryden
and Walker, 1999).

The only error in the results from this
simulation were due to misestimation of
the nuisance parameters. By randomly sam-
pling from the reference data sets, how-
ever, an estimate of expected sampling er-
ror could be computed. Application of the
bootstrap to estimate the confidence inter-
vals of PCA, regression, or canonical vari-
ates analysis (CVA) coefficients of geometric
morphometric shape variables (e.g., Walker,
1997) is not unlike the application of the boot-
strap to phylogenetic trees. That is, the boot-
strap method attempts to estimate only the
error from sampling and not the error result-
ing from a violation of the model’s methodol-
ogy (parsimony, least-squares, and so forth).
The comparisons of Rs gbs, R5 known, and the
model error illustrated in Figure 7 show that
model error overwhelms sampling error, es-
pecially when only a few landmarks are
measured. The large, combined model-and-
sampling error (Rs known) When <~14 land-
marks were measured suggests that extreme
caution should be used when interpreting
patterns of shape variation, such as princi-
pal axes or multivariate regressions, when p
is small.

Other features of the data may give hints
on the efficacy of the RWA or GRF solution.
For example, if RWA and GREF give similar
results, then one might reasonably assume
that the results of either are good estimates

of the actual pattern of shape variation. In
other words, does a high matrix correlation
between Sgrr and Sgrwa, or between Rrwa
and Rggr, indicate a close estimate of either
to §? The answer, in general, is no. Regard-
less of LC, GRF was more likely to result in
worse estimates of S as the correlation be-
tween Sgwa and Sgrr (Rrwa-Grr) increased
(Fig. 8). In contrast, Rrwa increased with
Rrwa-grr for all LC, but low values of Rrwa
(<0.8) were common even when Rrwa-GRr
approached 1.0 (Fig. 8). These results reflect
that as Sgrr and Sgrwa become more similar,
there is less of a Pinocchio effect.

The results from these analyses argue
against the blind use of RWA or of any other
analysis of partial warp and standard uni-
form scores, including multivariate regres-
sion or the interpretation of canonical vari-
ates. Instead, biologists should first explore
patterns of variation among the landmarks
of GRF superimposed figures to evaluate
whether an analysis of partial warp/uniform
scores or GRF coordinates is indicated.
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