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Morphometrics today is leaving behind its status as handmaiden of specific application fields
in order to assume a more principled role that fuses geometry, statistics, computer science,
and biomathematics in one uniquely sturdy interdisciplinary praxis. As we proceed along this
journey, the methodological foundations of our field are necessarily in flux. The most chal-
lenging contemporary applications, those in which the processes of inference are the least like
generic data analyses, now concentrate in evolution and development, the biological-biomedical
sciences that study “crystallized history.” The corresponding academic disciplines include pe-
diatrics, anthropology, pathology, teratology, and the like: disciplines sharing a fundamental
interest in emergent clusters or trends combined with a nearly total absence of any quantitative
predictive theories. In such domains, valid scientific explanations are conditioned on histori-
cally contingent processes (cf. S.J. Gould, Wonderful Life) that incorporate a tremendous den-
sity of cascading, complex accident. Only after modeling the accidents can one be liberated
to study the constraints that organize these contingencies. Regression models are always false
here, where the only valid laws are Darwinian descent with modification or else adaptation to
chaotic boundary conditions. True experiments are impossible here—we cannot go back to re-
run either growth or evolution—and the role of morphometrics in these sciences is necessarily
descriptive rather than inferential. To put this all in a bumper sticker: “All morphometrics is
exploratory,” or, using a more familiar trope, “In evolutionary and developmental biology, N

always equals 1.” Our praxis is a tool for the generation, not the confirmation, of hypotheses
that will hardly ever be predictively validated; ordinarily, in fact, they will never be revisited at
all.

A logic of statistical inference designed for controlled experiments applies to this far more open
domain only with considerable distortion and difficulty. The null hypothesis can no longer be
the statistician’s usual device of identity, absence of difference. Incessant change is ubiquitous
throughout biology; it is the background against which all of our theories are foregrounded. A
null hypothesis needs to be not the (wholly implausible) absence of change but its inscrutability
or patternlessness. (Compare E.T. Jaynes, Probability Theory: the Logic of Science, on the
role of the normal distribution as describing our ignorance, not Nature’s behavior regarding any
data set outside of statistical mechanics.) In one dimension, null models that are relevant to
morphometric praxis can take the form of random walks, processes of constant change that are
nevertheless explanatorily meaningless in any single instance. Against a hypothesis of random
walk, a finding of zero change is in fact a form of explanation (canalization, conservation of
character state). One morphometric task is to erect the analogue of this null model, the absence
of explicable mean shift, for deformation data. That is the topic of this brief note.

Discussions of this sort do not arise naturally from the usual formalisms in Kendall shape space
such as our celebrated Mardia–Dryden isotropic distribution. In no data set I have ever seen do
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simulated draws from this distribution correspond to the real biological data. Figure 1 shows a
portion of one classic morphometric teaching example, the DeQuardo–Bookstein schizophre-
nia data set (13 landmarks from midsagittal MRI on a sample of 14 schizophrenics and 14 staff
of the university psychiatry department in which they were being treated). Figure 2 shows an
isotropic Mardia–Dryden distribution on the same mean shape, scaled to the same net Procrustes
variance. The patterns of variability are clearly quite different—the isotropic model generates
far too much variability among the central landmarks. In another language, the diffusion model
underlying the Mardia–Dryden does not accommodate the organism’s (here, the brain’s) man-
agement of changes that are correlated among landmarks at close spacing. One can test for a
mean difference between two samples (lower right panel), and while this comparison is signif-
icant by permutation test on Procrustes distance, scientific meaning is not at all guaranteed by
the uncovering of that statistically significant difference. To serve any empirical purpose, one
must state what has been discovered here: that some phenomenon has been localized, its spec-
trum characterized in some biomedically meaningful sense, and a hint about a corresponding
morphogenetic mechanism generated for replication or manipulation in later studies. We need,
in short, a tool for deciding whether the signal that is visually apparent in this data set can be
argued to make any sense as biomedical science. If it cannot, there is no point in publishing the
finding, regardless of its level of significance.

The core problem, then, is that we do not yet have a language for reporting the manner in which
the (inappropriate) hypothesis of no-change has actually (and inevitably) failed: no way of
deciding which of the indefinitely many different ways of describing a particular shape process
are promising. One can approach a resolution of this antinomy by a hierarchical scheme (Figure
3) according to which (for landmarks that lie conveniently on a perfect rectangular grid) one
computes their variation first at largest scale, then at a scale smaller by a factor of

√
2, then

by another such factor, and so on. The figure shows a cascade of four of these steps down in
scale, at each of which the error variance of the corresponding conditioned diffusion process has
dropped by exactly the same scale factor. (The corresponding covariance matrix can of course
be written out explicitly, but no elegance is gained by notating it in that form.) Draws from this
shape distribution (Figure 4) seem to look “more biological.” If one of these was the finding, we
might have a chance at explaining it; that was not true of the thrashing and writhing in Figure 2.

For less symmetric landmark schemes, such as the thirteen of the DeQuardo data set, there is
no easy way to represent any corresponding hierarchy. We have recourse instead to a remark-
able theorem deriving from the tradition of intrinsic random fields. For an explicit statement
of the morphometric implementation, though wholly without figures, see Mardia et al. (2006);
for some of those figures, see Bookstein (2006). The fundamental solution of the partial dif-
ferential equation underlying the familiar thin-plate spline is at the same time the covariance
kernel of an intrinsic random field (a field of increments with respect to a background drift
function) for which the corresponding shape variability is self-similar across scales of obser-
vation. A powerful null hypothesis indeed: the absence of any meaningful biological signal
however seemingly nonempty the pattern, just as a random walk conveys no trend in spite of
any empirical gradients it may manifest. Figure 5 shows several realizations of a 20×20 grid of
this process, each one the two-dimensional analogue of a classic random walk in 1D. One can
easily confirm by explicit shape-coordinate manipulations that, in keeping with the theorems,
the distribution of residuals from the uniform transformation is indeed identical over multiple
scales, for instance, the single grid square, cells of two by two squares, and cells of four by
four. This formal self-similarity is strikingly counterintuitive, inasmuch as the 4 × 4 cells are
composites of sixteen 1 × 1’s, but an analogous property is a familiar characterization of one-
dimensional random walks (though there it is variance, not standard deviation, that is linear in
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From top to bottom. Fig. 1. Deformations, extrapolated by a factor of 2, in a configuration of
13 landmarks from brain MRI from the grand mean, for three doctors and three patients. Fig. 2.
Samples from the isotropic Mardia–Dryden distribution of the same Procrustes variance. Fig.
3. A hierarchical approach to self-similarity on a grid. Fig. 4. Samples from the distribution
thus schematized. Fig. 5. 20 × 20 instantiations of the formally self-similar IRF construction
recommended here. Fig. 6. Samples from the analogous distribution for the mean shape of
Figs. 1 or 2. Fig. 7. Comparison of the first “relative intrinsic warp,” relative eigenvalue of Fig.
1 vs. Fig. 6, and the mean difference between doctors and patients as published many times
previously.
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scale). The covariance matrix for this distribution can be written down (Mardia et al., 2006) by
pre- and post-multiplying the kernel matrix U(Pi − Pj) by the transformation to the increment
space complementary to drift as registered on any three fiducial landmarks. This notation is
more natural than the corresponding representations as superpositions of circular conditional
covariances via the hierarchy of Figure 3.

For the configuration of the D–B data, we can draw a sample from this distribution, Figure 6.
The variability roughly matches that of the empirical data set, Figure 1, except that there seems
not to be enough variation right in the middle of the scheme (compare the antirealistic model in
Figure 2, with far too much variability right there).

Noticing this, we might proceed with a biologically meaningful test for structure in these data
by way of a relative eigenanalysis of the observed variability (including but not limited to the
group mean difference) against this null hypothesis of “nothing explicable.” To the increment
basis, the relative eigenvalues of the observed data set of 28 cases (Figure 1) against the null
(Figure 6) are 65, 33, 28, ..., . For our scientific interpretation it is sufficient to visualize just
the first one. As Figure 7 shows, that “first relative intrinsic warp” is effectively identical to
the actual group mean difference. The effect of the schizophrenia appears at one particular
scale in this data set; it is, alas, actually an effect of the neuroleptic drug used to treat the
patients (but not, presumably, their doctors). Computationally, we have uncannily linearized the
actual phenomenon in one relative eigenvalue analysis—combining both significance-testing
and localization—by exploiting the peculiarly effective nonlinearities of the covariance kernel,
the self-similar core of the thin-plate spline.

By this device we have converted the structure of morphometric inference from a biologically
useless form of null-hypothesis testing to a powerful alternative that helps us “think like a biolo-
gist,” searching for an explanation, not just an improbability. Our best biomedical collaborators
don’t guess at the scale of a phenomenon but instead hold their minds open to any morphomet-
ric sign of a process hypothesis at any scale permitted by the data, whether microns or meters.
But the process must have a scale, or else its pattern is no better than a random walk, uncon-
formable with any principled explanation. Here, then, may be a method worthy of application
as a statistical underlayment for the really insightful scale-free hypotheses, the pre-mechanistic
hypotheses that drive progress all across the biomedical sciences concerned with historical or
biographical contingency. Such exploration is essential to the progress of their observational
component, the empiricism of biological order: the science of the most complex crystallized
contingencies we know (consider the human brain!), at whatever scale of analysis, from cells
up through whole ecological communities, and on time scales from minutes through the observ-
able aeons of organic evolution.
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