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Abstract

A novel method for vertebral fracture quantification from X-ray images is presented. Using pairwise conditional shape models trained
on a set of healthy spines, the most likely normal vertebra shapes are estimated conditional on the shapes of all other vertebrae in the
image. The difference between the true shape and the reconstructed normal shape is subsequently used as a measure of abnormality. In
contrast with the current (semi-)quantitative grading strategies this method takes the full shape into account, it develops a patient-specific
reference by combining population-based information on biological variation in vertebral shape and vertebra interrelations, and it pro-
vides a continuous measure of deformity.

The method is demonstrated on 282 lateral spine radiographs with in total 93 fractures. Vertebral fracture detection is shown to be in
good agreement with semi-quantitative scoring by experienced radiologists and is superior to the performance of shape models alone.

© 2007 Elsevier B.V. All rights reserved.
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1. Introduction

Osteoporosis is a common skeletal disorder character-
ized by a decrease in bone mass, leading to bone fragility
and an increased risk of fractures. It is a major public
health problem; one out of two women and one out of
eight men over the age of 50 is expected to have an oste-
oporosis-related fracture in the remainder of their lives
(Sambrook and Cooper, 2006). Any bone can be affected
but the fractures typically occur in the hip, spine, and
wrist. Of these, hip fractures are the most serious in terms
of morbidity and mortality. Vertebral fractures can be
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asymptomatic, but can also have serious consequences
including severe acute and chronic back pain, back defor-
mity, and increased mortality (Nevitt et al., 1998; Center
et al., 1999). Furthermore, vertebral fractures are the
most common osteoporotic fracture, they occur in youn-
ger patients, and their presence is known to be a good
indicator for the risk of future spine and hip fractures
(Melton et al., 1999; Ismail et al., 1999). This makes the
presence of vertebral fractures an important factor in clin-
ical decision making and the primary endpoint in many
clinical trials to assess osteoporosis incidence and monitor
its progression.

Vertebral fractures are conventionally detected and
graded on lateral X-rays by experienced radiologists using
a semi-quantitative grading scheme proposed by Genant
et al. (1993). Six points are placed on the corners and
in the middle of the vertebra endplates, defining the ante-
rior, middle and posterior heights. The fracture grade is
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then derived from these three height measures or from
the ratios between the heights, in connection with subjec-
tive judgement of the radiological evidence by experi-
enced radiologists. This method was shown to have a
good intra-observer agreement but may be difficult to
apply and to standardize between different centers. As
an alternative, fully quantitative methods have been used
that rely completely on the three height measures, possi-
bly in comparison with population-based measurements
and/or normalized for inter-patient variability by com-
parison with measurements taken from a neighboring or
reference vertebra (see for instance Eastell et al., 1991;
Melton et al., 1993; McCloskey et al., 1993; Grados
et al., 2001; Lunt et al., 2002; Ferrar et al., 2005). These
methods do not require a trained radiologist and may be
easier to standardize between centers but are unable to
capture subtle shape differences and suffer from variabil-
ity in point placement. Studies have shown that a large
number of fractures goes undiagnosed with current
semi-quantitative and quantitative methods (Delmas
et al., 2005; Schwartz and Steinberg, 2005). More precise
and objective measures of vertebral deformity are there-
fore needed.

One shortcoming of the conventional methods to
assess vertebral fractures is that the sparse representation
of six points is unable to capture subtle shape changes.
Smyth et al. (1999) used point distribution models
(Cootes et al., 1995) to represent the full vertebral con-
tour and observed a slight, but significant improvement
in fracture detection with respect to conventional height
measurements.

We propose to model not only the shape variation over
a population for individual vertebrae, but to also model
the interrelations between vertebrae in the same subject.
This additional prior information allows adjustment of
the models to individual patients so as to further distin-
guish normal biological shape variation from osteoporo-
sis-related deformation. We wuse point distribution
models to model variations in shape of individual verte-
brae and conditional point distribution models to recon-
struct the most likely shape of a vertebra given the
known shape of another vertebra in the image. If both
these models are built from a training set of normal,
healthy spines this provides an estimate of what the verte-
bra shape would have been if it were normal. Pairwise
predictions of normal shape are performed for all possible
pairs of vertebra shapes in the image and the reliability of
each of the shape reconstructions is estimated. Subse-
quently, all individual estimates are combined into one
single, optimal estimate for each vertebra through a
weighted summation. The difference between the final
reconstruction and the true, segmented shape provides a
measure of abnormality and thus of fracture severity.
The proposed procedure of fracture quantification is illus-
trated in Fig. 1.

This paper is an extension of work previously published
in de Bruijne et al. (2006) and Lund et al. (2005).

2. Shape reconstruction

This section describes the methods used for reconstruct-
ing the healthy vertebra shapes. The model of individual
vertebrae, a standard PDM, is briefly described in Section
2.1. Section 2.2 presents the conditional shape model used
for modeling interrelations between vertebrae in the image.
Finally, Section 2.3 explains how the reliability of each
shape can be determined and how this can be used to com-
bine the individual reconstructions into one single estimate
per vertebra.

2.1. Point distribution models

The variations of vertebra shape over a training set of
examples of unfractured spines are modeled using the linear
point distribution models (PDM) as proposed by Cootes
et al. (1995). PDMs model the shape probability distribu-
tion as a multivariate Gaussian in a subspace of reduced
dimensionality. Shapes are defined by vectors containing
the coordinates of a set of landmark points that correspond
between different shape instances and that are typically
located on the boundaries of the objects to model. A collec-
tion of training shapes is aligned using for instance Procrus-
tes analysis (Goodall, 1991) to remove position, orientation,
and possibly size variations, and a principal component
analysis (PCA) is applied to the aligned shape vectors. To
this end, the mean shape X, the covariance matrix X, and
the eigensystem of X are computed. The eigenvectors ¢; of
2 provide the so-called modes of shape variation that
describe a joint displacement of all landmarks. The eigen-
vectors corresponding to the largest eigenvalues /; account
for the largest variation; a small number of modes usually
captures most of the variation. Each shape x in the set
can then be approximated by a linear combination of the
mean shape and these modes of variation:

Xx=X+®Db+r

where @, consists of the eigenvectors ¢ corresponding to
the ¢ largest eigenvalues, ®, = (¢|¢5|. . .|¢,), b is a vector
of model parameters that specify the contribution of each
of the modes, and r is a vector of residual shape variation
outside of the model subspace.

An example of the modes of variation of a vertebral
shape model is given in Fig. 2.

2.2. Modeling relations between shapes

The distribution P(S|S,), the probability distribution of
a shape S| given a known other shape S,, can be modeled
as the Gaussian conditional density

P(81]85) = A (1. K) (1)
with

p= o+ 2025 (S — ) (2)
K=2 22,2 (3)
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Fig. 1. Fracture quantification. From left to right: Original lateral X-ray image of a lumbar spine with one severe fracture. The pluses indicate the points
to measure the anterior, middle, and posterior heights as annotated by a radiologist. Manual contour annotation. Reconstructed unfractured shapes for
each of the vertebrae. The difference between the two shapes is a measure of vertebra abnormality.

L

Fig. 2. The first three modes of variation of the shape model of individual
shape. The black line is the mean shape, the gray lines are the mean shape
plus and minus four standard deviations of the respective modes.

where y; and p, are the mean shapes of the training sets of
Sy and S5, and covariances X;; are obtained from the com-
bined covariance matrix
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with n the number of shapes in the training set. In this
expression, u is the maximum likelihood estimate of S| gi-
ven S,, and K is the variance in the estimate.

21,25, in Eq. (2) is the matrix of regression coefficients
of (81 — 1) on (S> — wp). Usually, X5, is not invertible
owing to multi-collinearity in the landmark positions and
unreliable because of chance covariance in a training set
of limited size. Some regularization is therefore required.
One option is to replace X5, by X5, + yI, where y is a posi-
tive and typically small constant. This approach is known
as ridge regression (Hoerl and Kennard, 1970). As y tends
to infinity, the influence of the shape S, decreases in

Egs. (2) and (3), and the remaining model is the original
model for S; describing the shape variation independent
of S,. A suitable value for y can be selected for instance
using leave-one-out validation on a training set or by gen-
eralized cross validation (Golub et al., 1979).

One can choose to model both pose and shape of the
unknown object with respect to the given object, or alter-
natively model the shape variation alone and leave out
any possible correlations between shapes and relative
position, scale, and rotation. In the first case the training
shape pairs should be aligned together on the basis of
the transformations that optimally align all predictor
shapes in the training set. In the second case, the predic-
tor and predicted shapes should be aligned indepen-
dently. This is the approach we take in this paper. An
example of the resulting conditional model is given in
Fig. 3.

——

Fig. 3. The first three modes of variation of the conditional shape model
of the lower vertebra given the known shape of the upper neighboring
vertebra. The black line is the mean shape, the gray lines are the mean
shape plus and minus four standard deviations of the respective modes.
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2.3. Combining shape estimates

The pairwise shape reconstruction results in several
shape estimates for each vertebra. Not all of these estimates
will be equally accurate. For instance the vertebral shapes
of two direct neighbors are expected to be more strongly
correlated than two vertebrae that are further apart. In a
fractured spine, the fractured vertebrae will likely produce
inaccurate estimates of normal vertebra shape, even for
their direct neighbors. We define the final shape estimate
as a weighted combination of the individual estimates,
where the weights express the degree of belief in each of
the individual estimates.

We assume that the shape of normal vertebrae as they
are observed in the image are produced by the underlying
shape model of normal shapes, resulting in a multivariate
Gaussian with variances /; in ¢ directions, plus additional
uncorrelated Gaussian noise with a variance ¢? in all direc-
tions which accounts for any residual shape differences.
The probability density for a shape S is then given by the
product of the Gaussian densities of the shape model and
the residual model:

1
p(S)0) = cscr exp {_E(MS —|—Mr)] (5)
‘2
cy = ;7 [‘4s — ii (6)
(2m) TTizy 4 =1
J S )
e e

where b; are the model parameters from the PDM, r is a
vector of residuals, and M, and M, are the squared Maha-
lanobis distances of S to the mean of the shape model and
the residual model respectively.

The probability density for each conditional shape esti-
mate can be expressed as P(S;|S>)P(S,), where P(S,) is the
probability that the given shape S, is a valid normal
(unfractured) shape, and the variance in P(S|S>) expresses
the uncertainty in the estimate of S; from the model condi-
tional on S,. The weight for the ith estimate of S; is then
given by

o — P(81|S:)P(S:)
L P(SIISHP(S)

and the individual estimates are combined as a weighted
sum.

P(S;) can be determined by substituting the predictor
shape S; for S in Eq. (5) and the mean and covariance
of the training set for the predictor shapes for the model
parameters 0, whereas for P(Si|S;) the estimated shape
for S; and the mean and covariance of the conditional
model must be substituted. Note, that the estimated
shape for S; is exactly the mean of the conditional
model, and thus in this case the residuals r; and shape
parameters b, are negligible and the estimate P(S|S))

(®)

reduces to a constant that is proportional to the inverse
of the total variance in the conditional model. This con-
stant is independent of both the predictor and the esti-
mated shape and expresses the amount of correlation
between the two shape models. In the pairwise vertebra
reconstructions, the fact that direct neighbors contain
the most useful information for reconstructing a shape
is encoded in this term.

3. Vertebral fracture quantification

Using the methods of the previous section, we propose
the following procedure for fracture quantification from
segmented spine images:

(1) Construct models of individual vertebral shape varia-
tion according to Section 2.1.

(2) Construct covariance matrices of paired vertebral
shape variation for all pairs of vertebrae in an image,
according to Eq. (4).

(3) For each pair of vertebrae in a new image:

e align the predictor shape with the model;

e perform shape regression using Eq. (1);

e determine reliability weights according to Eq. (8);
e swap roles of predictor/predicted shape.

(4) Combine all estimates for each vertebra as a weighted
sum.

(5) Align reconstruction to true shape (if pose not
included in the model).

(6) Measure shape difference.

Various measures can be used to express the difference
between the true shape and the reconstructed shape as a
measure of vertebral deformity. In the experiments in this
paper we investigate the following four measures:

(1) The average landmark-to-landmark distance, mea-
sured between corresponding landmarks on the two
shapes.

(2) The average landmark-to-contour difference, mea-
sured by the differences from each landmark on
the true shape to its closest point on the
reconstruction.

(3) The latter measured only for the landmarks of the
true shape that lie inside the reconstruction.

(4) The approximation error when the vector of differ-
ences between the two shapes is approximated by
its projection on a PCA subspace derived from
the differences between observed shapes and their
reconstructions in a training set of normal spines.
Since the PCA model is constructed from normal
(unfractured) shapes, the deviation from the mea-
sured shape difference to the nearest plausible differ-
ence according to the model can be seen as a
measure of abnormality. To ensure that the model
describes only plausible, normal shape differences,
projected differences are constrained to lie within
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a Mahalanobis distance of k from the mean, as is
normally done in for instance Active Shape Models
(Cootes et al., 1995):

" b, M<k o
_{b%, M >k ®)

with b the PC coefficients and M the Mahalanobis dis-

tance to the mean difference vector, M = />, i—’ The
approximation error is then measured as the sum of
squares of residuals between the measured difference
vector and its approximation.

4. Experiments
4.1. Data

Our database consists of 282 lateral, lumbar spine
radiographs of 205 post-menopausal women selected from
a cohort of Danish women that was followed for assess-
ment of osteoporosis and atherosclerosis in the Prospec-
tive Epidemiological Risk Factors (PERF) study (Bagger
et al., 2006). The images had been selected from the larger
cohort as a subset having relatively many vertebral frac-
tures and covering the complete spectrum of degree of
calcification of the abdominal aorta. All X-rays were
taken between 1990 and 2005 in several different centers
in Denmark. To standardize the images to some extent,
the focus-film distance was kept at approximately 1.2 m
for all examinations and the central beam was directed
to L2 when examining the lumbar spine. The patients
were asked to hold their breath for the time of acquiring
the radiograph. Only X-ray studies that covered the entire
lumbar spine in one image were used. The resulting data-
set is diverse, ranging from normal spines to spines with
several severe fractures. The original radiographs have
been scanned at a resolution of either 300 or 570 dpi
and the lumbar vertebrae L1-L4 were annotated and
graded by one of three experienced radiologists. The frac-
ture score assigned by the radiologist is used as the
ground truth in this study.

The outlines of the vertebrae were drawn manually and
the corner points and mid-points of the vertebral endplates
were indicated. Fractures were identified and graded
according to the (Genant et al., 1993) method of semi-
quantitative visual assessment in severity mild, moderate,
or severe. According to the guidelines fractures are indi-
cated as mild if one of the three heights is between 20%
and 25% smaller than the maximum of the heights, moder-
ate if the difference is between 25%, and 40% and severe if
the difference is larger than 40%. A total of 93 fractures (23
mild; 52 moderate; 18 severe) was identified in 80 spines;
202 of the spines were unfractured.

A set of leave-one-out experiments is performed in
which both the individual shape models and the pairwise
conditional models are trained on all available unfractured
vertebra shapes except those of the patient under study.

4.2. Parameter settings

A total of 52 landmarks is placed along the upper, ante-
rior, and lower boundary of each vertebra, interpolated
equidistantly between the four vertebral corners. The cor-
ners are defined as the points on the contour closest to
the corner points that were used for standard six-point
morphometry. Separate models are constructed for L1-
L4. Shapes are aligned individually so that only interrela-
tions of shape and not pose are included in the model.
Since vertebra size is expected to correlate with important
shape information on fracture type and severity, Procrustes
alignment is done using translation and rotation without
scaling (Dryden and Mardia, 1998).

The number of modes ¢ (Eq. (60)) is selected so that 95%
of the variance is kept in the model. For each pairwise
regression model the best regularization parameter 7 is cho-
sen out of 30 candidate values regularly sampled from 0.5
to 10, using leave-one-subject-out validation on the train-
ing set of unfractured vertebrae. The residual variance o,
(Eq. (7)) is estimated from the reconstruction results on
the training set using these values of 7.

4.3. Results

Some examples of reconstructions obtained are given in
Fig. 4. Most of the normal shapes are reconstructed accu-
rately. The second row in Fig. 4 contains two fractures,
which results in two of the three estimates being consis-
tently smaller than the true shape. However, the model is
able to detect that those shapes are less likely and the
weighted estimate for the normal vertebrae is still close to
the correct shape.

The average shapes and reconstructions of all of the
unfractured vertebrae and all fractured vertebrae are
shown in Fig. 5. The normal shapes are reconstructed very
well, whereas the fractures on average reveal a large differ-
ence with the reconstructed normal shape. The average dis-
tances between the true shape and reconstructed healthy
shape is 1.2 mm (average landmark-to-landmark distance
1.2+ 0.5; average landmark-to-contour distance 0.8 +
0.4, square root of mean squared (RMS) landmark-to-
landmark distance 1.4 +0.6) for unfractured vertebrae
and 3.5 mm for fractures (average landmark-to-landmark
distance 3.5 4+ 1.4; average landmark-to-contour distance
2.8 £1.3, RMS landmark-to-landmark distance 3.8 &
1.5). The distances are slightly larger for L1 and L4 that
have only one direct neighbor: L1 1.21 +0.60; L2
1.134+0.47; L3 1.18 + 0.49; L4 1.43 + 0.56 (average land-
mark-to-landmark distances). The reconstruction accuracy
of healthy L1 vertebra is not significantly lower than that
of L2 (p = 0.08 in a ¢-test) and L3 (p = 0.45), but the differ-
ence with L4 is significant (p < 0.001).

To further analyze the differences between the
reconstructed shapes and the true shapes, a PCA was per-
formed on the difference vectors. The resulting modes of
variation, for normal and fractured vertebra, are shown
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Fig. 4. Each row shows the vertebrae L1-L4 of the same image; the true shape (black line), three pairwise reconstructions (gray dashed lines), and the
combined reconstruction (black line with pluses). The top row depicts a normal spine; row 2 contains 2 fractures (vertebra 3 and 4); row 3 was graded as all

normals but vertebra 1 had a large shape difference in our method.

.
~ ~
~—— ~

Fig. 5. The average shapes (gray lines) and their average reconstructions
(black, dashed lines) for all unfractured shapes (left) and all fractures
(right).

in Figs. 6 and 7. It can be seen that the variation in differ-
ences between the reconstruction and the true shape is
much smaller for the unfractured cases. The PCA model
of fractures shows clear examples of typical osteoporotic
wedge, concave, and crush deformities as well as severe
osteophytes. Although much less severe than in the frac-
tures, the first mode of variation for the unfractured shapes
does seem to indicate a compression deformation with
respect to the reference shape similar to that of the first
mode in the fractured shapes. The other modes of variation
of normal vertebra shape with respect to the reconstructed
reference seem to be related to tilting of the vertebra
(mainly mode 2) and the formation of osteophytes (modes
2-4).

To investigate the added value of patient-specific shape
modeling compared to modeling shape variation of the
complete population, the performance in fracture recogni-
tion of the proposed method is compared with that of a
model of vertebral shape alone, without the model of shape
interrelations. Note, that the optimal reconstruction of
unfractured shape according to the single shape model
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Fig. 6. Modes of variation of the differences between reconstructed
normal shapes (black, dashed lines) and the true shapes (solid, gray lines)
of all unfractured vertebrae. The four rows depict the first four modes of
variation, ordered by decreasing variance. Left column: Mean difference
minus four standard deviations of the mode of variation; Middle column:
Mean difference (mean reconstructed shape and mean true shape); Right
column: Mean difference plus four standard deviations of the mode of
variation.
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Fig. 7. Modes of variation of the differences between reconstructed
normal shapes (black, dashed lines) and the true shapes (solid, gray lines)
of all fractured vertebrae. The four rows depict the first four modes of
variation, ordered by decreasing variance. Left column: Mean difference
minus four standard deviations of the mode of variation; Middle column:
Mean difference (mean reconstructed shape and mean true shape); Right
column: Mean difference plus four standard deviations of the mode of
variation.

would simply be the mean vertebral shape over the entire
population. To incorporate shape variations as derived
from the training set in the analysis a PCA is performed
on the original, aligned shape vectors as well as on the dif-
ference vectors of aligned shape and reconstruction pairs.
Both models are constructed from normal (unfractured)
vertebrae and deviation from normality can therefore be
measured as the residual after projection on the model sub-
space and constraining of the PC coefficients according to
Eq. (9). The area under the ROC curves for fracture detec-
tion using these residuals with k€ {1,2,3} are given in
Fig. 8. For a large range of model dimensionalities and
cut-off criteria for the Mahalanobis distance, the model
of differences between the reconstruction and true shape
performs well and it consistently outperforms the model
of shape alone. The classification accuracy and x-statistic
for agreement with the radiologists’ scores (Landis and
Koch, 1977) for the results with the largest area under
the ROC curve, obtained by the shape and the difference
models, are listed in Table 1.

The measured deviation from expected normal shape
allows for detection of any type of deformity. Although
this model already performs well in recognition of frac-
tures, some of the cases with a large shape difference repre-

0.98
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A shape-reconstruction k=1
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ossf i shape k=1
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Fig. 8. Comparison of fracture recognition for the proposed model of
differences between reconstruction and original shape and the individual
shape model alone. Shown is the area under the ROC curve for fracture
detection as a function of the number of modes in the model. The fracture
measure used is the sum of squared residuals after projection on the PCA
subspace with maximum Mahalanobis distance of 1 (solid lines), 2 (dash-
dotted lines), and 3 (dotted lines). The black lines denote the model of
differences between the true shapes and the reconstructed healthy shapes,
the gray lines denote the model of true shapes alone.

Table 1

Fracture recognition performance: area under the ROC curve, accuracy
(percentage of correctly classified shapes), agreement x and its 95%
confidence interval for the best performing shape and shape-reconstruc-
tion measures of Fig. 8 and for the direct distance measures between true
shape and reconstruction

ROC area Accuracy « 95 % CI of x
Shape 0.951 0.948 0.60  [0.50 0.70]
Shape-reconstruction 0.971 0.958 0.71 [0.63 0.79]
RMS Im-to-Im 0.966 0.957 0.68 [0.60 0.77]
RMS Im-to-contour 0.972 0. 965 0.75 [0.67 0.83]
RMS Im-to-contour 0.979 0.967 0.76  [0.69 0.84]

outside

sent not vertebral fractures but other deformations such as
osteophytes (bony outgrowths). To make the model more
specific to recognizing vertebral fracture and reduce the
effect of osteophytes, in the following we ignore the points
where the true shape is outside the reconstruction. We then
use the RMS distance from all points where the reconstruc-
tion is outside the true shape to their closest points on the
true shape. Fig. 9 summarizes the results of this fracture
grading in all images. The fracture recognition results are
listed in Table 1. The fracture measure was 0.9 + 0.5 mm
on average for unfractured vertebrae and 3.6 + 1.5 mm
for fractures. There is a fair correlation (0.81) between
the shape distance and the fracture severity as indicated
by the radiologists. The area under the ROC curve is
0.98; at a sensitivity of 98% the specificity is 92%. The areas
under the ROC curve for mild, moderate, and severe frac-
tures separately are 0.94, 0.99. and 1.00 respectively.

All results in Table 1 show ‘moderate’ to ‘substantial’
agreement with the expert score (Landis and Koch,
1977). The measures of landmark-to-contour distance
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Fig. 9. Left: Box and whisker plot of the average distances between reconstruction and true shapes separated into fracture grade, ranging from normal (0)
to severely fractured (3). The box has lines at the lower quartile, median, and upper quartile values. The whiskers extending from each end of the box show
the extent of the rest of the data. Data with values outside 1.5 times the interquartile range from the median are considered to be outliers and are denoted

by pluses. Right: ROC curves of vertebral fracture detection.

between the observed and reconstructed shapes perform
best and both are significantly better than the best measure
of PCA residuals of individual vertebral shape (p = 0.03
and p = 0.01).

5. Discussion

We have proposed a method for reconstructing an
expected shape and its allowed variation on the basis of a
combination of pairwise predictions from the known
shapes of neighboring objects. We have shown only its
application in quantifying vertebral shape deformity, but
the basic methods are more widely applicable and could
be useful for instance in multi-object segmentation.

Overall, the proposed method is able to distinguish frac-
tured vertebrae from normals and there is a fair correlation
between the shape distance and the fracture severity as
indicated by the radiologists. However, Fig. 9 reveals that
the class of normal vertebrae contains a relatively large
number of outliers that have a larger difference between
the reconstruction and the true shape. One of these outliers
is shown in the third row of Fig. 4. The leftmost vertebra
may be a very mild ‘fracture’ that falls outside the capture
range of the standard semi-quantitative morphometry and
that the shape reconstruction, more sensitive to subtle
changes, can already identify. Visual inspection of the data
set revealed that many of the unfractured vertebrae that
had a large shape distance exhibit this type of deformation.

To maximize the amount of training data for each
model, the models used in this study were trained on all
vertebrae available except those that were identified as frac-
tures, where semi-quantitative fracture grading by one
radiologist was used as the gold standard. It is well known
that the other vertebrae in spines with at least one fracture
are more likely to be deformed as well and that radiologists
often disagree whether a vertebra is fractured or not, which
means that the shapes used for training will inevitably

include a small number of ambiguous cases and borderline
fractures. This may also explain why the first mode of var-
iation in Fig. 6 shows a variation (although very small) that
is similar to the first mode of variation of the fractures in
Fig. 7. This incorporation of mild disease in the model will
have an effect mainly on the deformity measures that are
derived from the residuals after projection on PCA models
of normal vertebrae, for both the models of individual ver-
tebral shapes and the models of differences between
observed and reconstructed shapes. The direct distance
between observed shape and maximum likelihood recon-
struction, without taking the range of observed normal
variations into account, is less likely to be affected as long
as at least one of the vertebrae in the image is not
deformed. However, it is still desirable to ensure that the
models describe only normal, healthy shape variations
and the models should preferably be trained on a separate
set of healthy spines of which it is known that no fractures
develop in the next years. Borderline cases should be left
out, and a consensus fracture score of several radiologists
is preferred. As an alternative, robust regression methods
that reduce the effect of outlier shapes in the model could
be useful (Rousseeuw and Leroy, 1987).

Apart from robust regression techniques, a large variety
of multivariate regression methods is available and could
be used instead of the ridge regression employed in this
work. An obvious alternative to our approach of combin-
ing independent pairwise estimates would be to estimate
the normal vertebra shape based on all other shapes in
the image simultaneously, which would have the advantage
that any correlations between the predictor shapes can be
exploited. We have chosen for the pairwise approach as it
allows for explicit weighting by reliability of the estimator
shapes—which is especially useful in fractured spines—and
natural optimization of regularization parameters per ver-
tebra. In addition, the pairwise estimation suffers less from
problems of multi-collinearity and the limited size of the
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training set because a lower-dimensional model is esti-
mated, and can without adaptation still be performed in
low quality images in which annotations for one or several
of the vertebrae may be missing.

In this work, the focus has been on producing accurate,
patient specific models of normal shape variation, and
shape differences between reconstructions and true shapes
are summarized into one average distance measuring the
deviation from normality. This enables detection of defor-
mities and specification of the degree of abnormality, but
not the type. In addition, any variation that may be normal
but is not present or very rare in the training set will be
indicated as abnormal. In our experiments this was the case
with some vertebrae with severe osteophytes. We have
shown that, to some extent, false positive fracture detec-
tions owing to osteophyte deformity can be countered by
ignoring the points where the true shape protrudes outside
its expected normal shape. Another option could be to
increase the number of osteophytes in the training set of
normal shapes, or weigh them stronger, to allow the model
to better adhere to these special cases. A more elegant alter-
native would be to produce sufficiently large training sets of
all deformities of interest, for instance osteophytes and
wedge, biconcave, and crush compression fractures. The
shape difference vectors—or a low-dimensional representa-
tion of them—can then be used to train a supervised clas-
sification scheme to discriminate between normal shapes
and all types of deformities. Such explicit models of defor-
mity could also be incorporated in the step of combining
different shape estimates, such that the estimate of uncer-
tainty is not based only on the distance to known normal
shapes but also on the distance to known deformities. Pre-
liminary results on supervised vertebral fracture classifica-
tion are presented in de Bruijne et al. (2007).

The proposed method relies on full vertebra outlines, for
which we in this paper used manual annotations by radiol-
ogists. This manual annotation procedure is of course time
consuming and might hamper large-scale use of these
methods. Several authors have previously proposed meth-
ods for automatic and semi-automatic spine segmentation
from X-ray or dual X-ray absorptiometry (DXA) images
with the aim of automating vertebral morphometry (Smyth
et al., 1999; Zamora et al., 2003; de Bruijne and Nielsen,
2004; Roberts et al., 2005; Iglesias and de Bruijne, 2007).
Although all these approaches work less good on fractured
than on normal vertebrae, results are promising and it
seems that at least semi-automatic segmentation would be
feasible.

In the presented setup, the expected normal shape of
vertebrae is derived from neighboring vertebrae. Several
studies indicate that the relative positioning of vertebral
bodies plays an important role in fracture risk (Sornay-
Rendu et al., 2006; Pettersen et al., 2007). It may therefore
be of interest to estimate the deviations from expected posi-
tion and orientation as well. This can easily be achieved by
adding the pose parameters to the shape vectors or by per-
forming the Procrustes alignment that is done prior to

model construction on the pair of predictor and predicted
shapes rather than on both shapes individually, as
explained in Section 2.2.

We have so far applied the methods to the lumbar part
of the spine only, whereas many fractures occur in the
lower or mid-thoracic region as well. We expect to obtain
similar results if the thoracic and also the cervical part of
the spine are included in the analysis—or perhaps even bet-
ter, since there would be more shapes to base each recon-
struction on. In our experiments, reconstruction accuracy
for the vertebrae that had only one direct neighbor anno-
tated, L1 and L4, was slightly lower. It is therefore desir-
able to include at least the two direct neighbors of a
vertebra to assess in the analysis.

Finally, one obvious limitation of this work is that only
information from one projection is used to assess the shape
of a three-dimensional object. Volumetric imaging such as
MRI may be more sensitive in detecting mild fractures
(Tomomitsu et al., 2005). Variations in patient positioning
and X-ray geometry may cause differences in the observed
vertebral shape in the X-ray image. Differences in apparent
size on the X-rays owing to a change in spine-to-film dis-
tance will be accounted for by the patient specific condi-
tional models, but differences in projected shape can
occur as a result of rotation of the vertebral body with
respect to the image plane or as a result of the divergent
X-ray beam. Some of the shape variations shown in
Fig. 6 may be caused by a tilting of the vertebra with
respect to the other shapes in the image rather than a true
variation in three-dimensional shape. Although these vari-
ations are present in the normal training set and are there-
fore recognized as normal variations and not deformity, it
may be desirable to model such variations in the projected
shape explicitly. This would be especially relevant in
patients with scoliosis (lateral curving of the spine). In such
cases, an additional anterior—posterior radiograph could be
helpful in assessing the amount of scoliosis and thus the
expected tilt. However, although not perfect, single projec-
tion lateral X-rays are still the method of choice for assess-
ment of vertebral fractures and are widely used for this
purpose.

6. Conclusions

We propose a shape model based approach to vertebral
fracture quantification in which an observed vertebral
shape is compared to its reconstructed normal shape as
can be estimated from its neighbors along with a model
of normal variation. The patient-specific model of differ-
ences between the reconstruction and true shape obtains
excellent fracture recognition rates (accuracy 96.7%) and
it consistently outperforms a model of shape alone.

Compared to the current standard of (semi-)quantitative
morphometry which is based on three height measurements
per vertebra, this method provides a richer description of
deformation and may be able to detect more subtle shape
changes while maintaining specificity. This could lead to
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earlier diagnosis in individual patients and reduce the num-
ber of participants and follow-up time required in clinical
trials assessing the efficacy of drug candidates.
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