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1 Introduction

Cleft lip/palate (CLP) is a relatively common birth defect (about 1 per 1000) so disfiguring that
nowadays it is almost always corrected surgically as early as possible. The postnatal surgical
correction does not, however, result in a normally growing maxilla (upper jaw), but instead,
owing to scar tissue and altered mechanical function, one that grows abnormally. It is of inter-
est to determine whether that abnormality is itself homogeneous. In this paper I comment on
this question both as an example of geometric morphometricsand as an example of the kind
of question that craniofacial surgeons might propose in their role as physical anthropologists,
students of the variation of human form.

2 Data

The example involves data from digitally processed lateralX-ray films (under the standard
conditions–focus-object distance =370cm, object-film distance=30cm, magnification=8.1%) of
48 boys who have complete unilateral CLP but no other malformation, born between the years
1985−1988. All were surgically corrected in infancy by the same team ofsurgeons at the Clinic
of Plastic Surgery in Prague, Czech Republic. Primary cheiloplasty performed according to
Tennison’s method at an average age of9 month was associated with periosteoplasty (without
the nasal septum repositioning) using a5 − 7mm wide and15 − 20mm long periostal flap
obtained from the lateral maxillary segment (Velemínskáet al. 2006). All patients underwent
palatoplasty at an average age of5 years, always by method of pushback with pharyngeal flap
surgery. The corrective procedures were implemented in thepatients with persisting soft tissue
deformations like lip and nose, lip or nose (Velemínskáet al. 2007). Data are from follow-up
at two ages,10 and15 years, within the adolescent growth spurt (Fig.1).

3 Methods

22 cephalometric points (landmarks) were represented by their Procrustes shape coordinates,
and the distribution of the96 shapes was examined for outliers via Relative Warp Analysis
(RWA, Dryden and Mardia 1999) in the affine subspace and the first few eigendimensions of the
non-affine subspace of the full Procrustes shape space (Bookstein 1991). Using both subspaces,
affine and non-affine, gives us a global view to the homogeneity of the sample. The craniofacial
surgeons do not know by definition if possible inhomogeneityis affine or not-affine (local with
small or large scale) but they might be interested in both. Toseparate outliers from inliers
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Figure 1: Example of X-ray with22 landmarks (right lateral view; landmark definitions see in Velemín-
skáet al. 2006)

bagplots(bivariate boxplots) as supplied byR were used and I will describe them in the next
paragraphs.

For generalizing the median to higher-dimensional settings, a variety of different maximum
depth estimators have been introduced. They extend, for example, the halfplane location depth
of Tukey. LetX1, ..., XN be independent and identically distributed bivariate random variables,
Xn ∈ R

2, n = 1, 2, ..., N . For given observationsx = (x1, ..., xN), we writexn = (x1n, x2n),
wherexjn are RWj scores (herej = 1, 2 ). Thehalfplane location depthof an arbitrary point
θ ∈ R

2 relative tox is defined asdl (θ, x) = min∀H # {n : xn ∈ H} , n = 1, ..., N , whereH
ranges over all closed halfplanes of which the boundary linepasses throughθ. The deepest
locationis defined aŝθdl = arg max

∀θ
dl (θ, x) and often called theTukey median.

Thedepth region of depthl is defined as the setDl of pointsθj with dl (θ,x) ≥ l. Equivalently,
Dl is the intersection of all closed halfplanes that contains at leastn− l +1 observations, hence
Dl is a bounded convex polygon, andDl+1 ⊂ Dl. The boundary ofDl is a convex polygon,
which is called thecontour of depthl (lth depth contour, lth hull). Therefore, each vertex of a
depth contour is the intersection point of two lines, each passing through two observations.

The univariate boxplot is based on the ranks since the box goes from the observation with the
rank

⌊
n
4

⌋
to that with the rank

⌈
3n
4

⌉
, and the central bar of the box is drawn at the median.

A natural generalization of ranks to multivariate data is the notion of halfspace depth (Tukey
1975). Using this concept in shape analysis, we propose abivariate boxplot(bagplot) with
thebag, that contains50% of the data points, afencethat separates inliers from outliers and a
loop indicating the points outside the bag but inside the fence (Rousseeuwet al. 1999). The
loop plays the same role as the two whiskers in one dimension,so we could call this plot also
”bag-and-bolster plot” to stress the analogy with ”box-and-whisker plot”. Like the univariate
boxplot, bagplot visualizes several characteristics of the data - location, spread, correlation,
skewness and tails. The construction of bagB is as follows. Let#Dl denote the number of
points contained inDl. One first determines the valuel for which #Dl ≤

⌊
n
2

⌋
< #Dl−1 and

then interpolates linearly betweenDl andDl−1, relative toθ̂dl, to obtain the setB (the bagB is
a convex hull). The fence is obtained by inflatingB, relative toθ̂dl, by a factor3 found on the
base of simulations (Rousseeuwet al. 1999). The loop contains all points between the bag and
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the fence and its outer boundary is the convex hull of the bag and the non-outliers. The points
outside the fence are flagged as the outliers.

Above mentioned Tukey depth and depth contoures can be directly applied toRWscoresxn to
detect possible outliers (Katina 2005).

4 Results and discussion

There are no outliers apparent in the affine (uniform) subspace. In the non-affine subspaces, we
find no outliers for bending patterns at large scale but perhaps some outliers for local changes at
small scale. These latter are associated with possible ’creases’ (extrema of directional deriva-
tive, Bookstein 2000) of the corresponding thin-plate splines (Fig.2). In those cases we can use
the same spline formalism to relax the outlying form to an inlier by optimal relaxation along
the ’curve décolletage’ that weighs bending energy against Procrustes distance (Fig.3).

−1.0 0.0 0.5 1.0 1.5

−
0.

5
0.

0
0.

5
1.

0
1.

5

RW1 scores (47.853%)

R
W

2 
sc

or
es

 (
20

.6
11

%
)

Figure 2: RWscores (RW1 and RW2) with the bag and the fence of the bagplot (middle) and TPS
deformation grids of the mean shape to the estimated shapes indicated by the tips of the arrow heads in
the middle figure – in shape space for local changes with smallscale (α = −1); 10 years old patients•,
15 years old patients◦
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Figure 3: TPS deformation grids and relaxation in Procrustes shape coordinates; TPS grid of Procrustes
mean shape to the shape ’45’ with crease in the upper right corner (left); ’curve décolletage’ of shape
’45’ (mean shape◦, middle), TPS grid of Procrustes mean shape to the relaxed shape ’45’

For LASR, these maneuvers suggest a possibly novel and interesting fusion of the Procrustes-
spline toolkit with another theme, outlier detection, of the standard modern data-analytic toolkit.
They also have practical implications for craniofacial management of CLP follow-up as well as
suggestive implications for outlier detection in applied craniometrics and anthropometrics more
generally.
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